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ABSTRACT 

The mathematical modeling of nervous systems is a fundamental 

research area at the intersection of neuroscience and biomedical engineering. 

Neurons are the basic nerve cells that detect environmental stimuli, convert 

them into electrical signals, and transmit these signals to other cells via 

synapses. Today, the mathematical and physical models of these neural 

structures play a significant role in both theoretical neuroscience research 

and applied engineering studies. In particular, photosensitive neurons—

nerve cells that respond to light—play a crucial role in modeling visual 

systems, optical information processing, artificial neural networks, and the 

development of neuromorphic hardware. 

In this study, instead of conventional abstract models based on 

differential equations, the behaviors of photosensitive neurons are modeled 

through a physical system. In this context, a phototube capable of converting 

environmental light intensity into an electrical signal was used and 

considered as the physical counterpart of a neuron's response to light. By 

integrating the phototube with an RLC circuit, a light-sensitive system was 

designed, and the oscillation properties of the circuit were associated with 

neural behaviors such as excitability and threshold crossing. The constructed 

circuit system was mathematically modeled based on Kirchhoff’s laws, and 

its behaviors were examined using energy-based approaches. Furthermore, 

system stability was analyzed using Lyapunov methods. In this way, it was 

theoretically demonstrated that a physical structure that interacts with 

environmental light and produces electrical responses can function similarly 

to biological neurons. This approach aims to offer potential contributions in 

fields such as neuromorphic engineering, biomedical device design, and the 

development of light-controlled neural systems. 

Keywords: Photosensitive neuron, physical modeling, RLC circuit, phototube, 

neuromorphic systems, neural cell emulation, energy-based modeling 

1. INTRODUCTION 

Photosensitive neurons play a critical role in both understanding 

biological systems and advancing engineering applications due to their 

sensitivity to light. In the literature, numerous studies have investigated how 

these neurons detect and process light-based signals. These studies are 

predominantly based on models that reflect the biophysical properties of 

photoreceptor cells. The scope of this research spans a wide range of 

applications—from modeling visual systems to implementing optogenetic 

techniques. The incorporation of photosensitive structures in artificial neural 
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networks has also opened up new possibilities in fields such as optical 

information processing and data transmission, enabling the development of 

next-generation technologies. These systems are especially valuable in 

contexts where light-based control and high-speed signal processing are 

desirable. 

In this section, a comprehensive analysis of various photosensitive 

neuron models presented in the existing literature will be provided. The 

review will focus on their theoretical foundations, modeling techniques, and 

relevance to both biological and artificial systems. Research to date has 

shown that biological neural systems can be effectively modeled using both 

mathematical methods and physical circuit representations. In particular, 

artificial neuron structures developed with analog circuit components 

constitute a significant area of research in the field of neuromorphic 

hardware design (Indiveri & Liu, 2015). Within this framework, modeling 

physical systems that interact with light in a way that reflects biological 

signal characteristics—such as neural excitability, threshold transitions, and 

oscillatory behavior—is of critical importance. 

In this context, an RLC circuit incorporating a phototube element has 

been designed to emulate the electrical responses of a photosensitive neuron. 

The phototube converts ambient light intensity into an electrical signal, 

which serves as the input to the circuit. The system's response to light is then 

analyzed in comparison to the behavior of biological neurons. This approach 

enables the investigation of how light-sensitive physical systems can 

replicate key neural dynamics and contributes to the development of bio-

inspired, light-responsive electronic models. 

1.1.  Modeling Studies on Photosensitive Neurons 

Photosensitive neurons, due to their sensitivity to light stimuli, have 

emerged as a significant research focus for both understanding biological 

systems and developing advanced engineering applications. The literature 

includes numerous studies on the light-based signal processing mechanisms 

of these neurons and their mathematical modeling. Typically, such models 

are grounded in the biophysical properties of photoreceptor cells. Major 

application areas in this field include visual system modeling, optogenetic 

implementations, and the integration of light-sensitive components into 

artificial neural networks. 
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In particular, intrinsically photosensitive retinal ganglion cells (ipRGCs), 

which contain melanopsin, are capable of detecting light independently of 

classical rod and cone cells. These cells play a critical role in regulating non-

image-forming light perception processes such as circadian rhythms. By 

establishing neural connections with the central nervous system, ipRGCs 

integrate environmental light information into the broader neural system 

(Hattar et al., 2002). 

Systems inspired by photosensitive neurons are increasingly employed in 

engineering fields such as neuromorphic computing, optical signal 

processing, and artificial vision. Light-sensitive circuits have enabled the 

development of energy-efficient artificial intelligence hardware that mimics 

the behavior of biological neurons (Wang et al., 2022; Xie et al., 2021). 

Photosensitive systems are widely used in optical sensors, image processing 

circuits, and neuromorphic computing units. These light-sensitive circuit 

elements are capable of producing artificial neuron-like responses during 

visual data processing and analog-to-digital conversion tasks. Especially 

when supported by emerging materials such as perovskite and organic 

photodetectors, these structures offer innovative solutions in fields like 

biomedical diagnostics and robotic vision (Xie et al., 2021; Wang et al., 

2022). Such advancements pave the way for the development of energy-

efficient, light-controllable information processing systems as viable 

alternatives to conventional computing architectures. 

1.2. Overview and Significance of Photosensitive Neurons 

Photosensitive neurons are specialized nerve cells that detect changes in 

environmental light and convert them into electrical signals. Biologically, 

these cells are categorized into two main types within the retina: 

photoreceptors (rods and cones), and intrinsically photosensitive retinal 

ganglion cells (ipRGCs). ipRGCs, which contain the pigment melanopsin, 

respond directly to light and establish connections with the central nervous 

system, playing a crucial role in the regulation of circadian rhythms (Berson, 

2003; Hattar et al., 2002). As such, the retina functions not only as a sensory 

organ for vision but also as a critical interface for transmitting environmental 

light information to the central nervous system. 
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From an engineering perspective, systems inspired by photosensitive 

neurons are widely used in fields such as neuromorphic computing and 

optical information processing. Artificial neurons developed with circuits 

integrated with photodetectors form the foundation of energy-efficient 

information processing systems that mimic biological signal dynamics 

(Wang et al., 2022; Xie et al., 2021). 

Photosensitive neurons can also be made responsive to light through the 

incorporation of light-sensitive proteins, such as opsins, into the cell 

membrane. This technique, known as optogenetics, enables precise and rapid 

activation or inhibition of neurons using specific wavelengths of light. 

Optogenetic tools are effectively utilized in the treatment of neurological 

disorders such as Parkinson’s disease, epilepsy, and depression, as well as in 

the functional mapping of neural circuits (Deisseroth, 2011; Yizhar et al., 

2011). 

In engineering, photosensitive neurons find applications in neuromorphic 

computing, artificial intelligence hardware, and robotic systems. Light-

sensitive circuits that generate threshold-based signals contribute to visual 

information processing and brain-computer interfaces (Wang et al., 2022; 

Xie et al., 2021). Biologically, while retinal photoreceptors capture light and 

relay it to the nervous system, ipRGCs regulate internal biological clocks in 

response to environmental lighting conditions (Sanes & Zipursky, 2020; 

Berson, 2003). Furthermore, neurons made light-responsive through 

optogenetics are being explored experimentally in the treatment of certain 

neurological diseases (Deisseroth, 2011; Yizhar et al., 2011). 

These interdisciplinary insights highlight the broad significance of 

photosensitive neurons, not only in neuroscience and biology but also in the 

development of novel, bio-inspired engineering solutions. 

1.3. Existing Models of Photosensitive Neurons 

To understand how photosensitive neurons respond to light stimuli, both 

biologically inspired and artificial modeling approaches have been 

developed. These models aim to investigate various neuronal characteristics 

such as ion channel behavior, threshold-based excitability, and signal 

transmission. Broadly, they fall into two categories: biological 

computational models and artificial systems integrated into physical circuits. 
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1.3.1 Biological Models of Photosensitive Neurons 

Biological models focus on mathematically describing the electrical 

behavior of real neurons by modeling ion flows across the cell membrane. 

These models enable the simulation of neuronal excitation, threshold 

responses, and signal propagation in a computational environment. Among 

the most common approaches in this domain are models derived from the 

Hodgkin–Huxley framework. 

1.3.2. Hodgkin–Huxley Model (HHM) 

Developed by Hodgkin and Huxley in 1952, this model remains one of the 

most comprehensive and foundational frameworks for describing the 

generation and propagation of action potentials across the neuronal 

membrane. It represents ion channels using electrical circuit elements 

(voltage sources, resistors, and capacitors), which is why it is also referred to 

as the parallel conductance model (Hodgkin & Huxley, 1952; Yalçınkaya et 

al., 2020). 

In the HH model, the cell membrane is modeled as a capacitor, and each ion 

channel (sodium, potassium, and leak channels) is modeled as a resistor-

voltage source pair. Although the model’s large number of parameters 

increases its biological accuracy, it also introduces computational 

complexity (Arslan et al., 2017). To address this, simplified versions—such 

as the FitzHugh–Nagumo model—have been proposed. 

1.3.3. FitzHugh–Nagumo Model (FHN) 

The FitzHugh–Nagumo model is a simplified version of the HH model 

developed to represent neuronal dynamics in a more computationally 

tractable way. While the HH model uses experimentally derived 

conductances and complex nonlinear differential equations involving four 

variables, the FHN model reduces the system to two differential equations 

(FitzHugh, 1961; Arslan et al., 2017). 

This reduction focuses on membrane potential and a recovery variable, 

capturing the essence of excitability and threshold behavior while 

maintaining analytical simplicity. As a result, it provides an effective yet 

minimal representation of neuronal dynamics. 
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1.3.4. Morris–Lecar Model 

In 1981, Morris and Lecar introduced a model inspired by both the 

Hodgkin–Huxley and FitzHugh–Nagumo frameworks, aiming to capture 

neuronal excitability with both biological relevance and computational 

simplicity (Morris & Lecar, 1981). The Morris–Lecar model includes two 

key ion channels: a voltage-gated calcium channel and a delayed rectifier 

potassium channel. It uses two differential equations—one describing the 

membrane potential and the other representing the gating probability of the 

potassium channel. 

This model is particularly useful for studying the oscillatory behavior of 

muscle cells and certain types of neurons. It is notable for its ability to 

demonstrate two types of excitability (Type I and Type II), making it widely 

used in neurodynamic research. 

1.3.5. Hindmarsh–Rose Model 

The Hindmarsh–Rose model was developed to capture more complex 

neuronal behaviors than those represented by the FHN model (Hindmarsh & 

Rose, 1984). While still grounded in the Hodgkin–Huxley paradigm, it 

introduces additional dynamics to represent both excitability and oscillatory 

bursting behavior. 

This model consists of three differential equations: 

1. A fast variable representing changes in membrane potential, 

2. A second variable for fast ion channel currents, 

3. A third slow variable for adaptive feedback mechanisms (e.g., slow 

potassium currents). 

The Hindmarsh–Rose model is particularly effective in simulating tonic 

spiking and burst firing patterns, making it valuable for studies in nonlinear 

dynamics, chaotic behavior in neurons, and the design of biologically 

plausible artificial neural networks. 

In summary, biological models of photosensitive neurons provide valuable 

insights into the fundamental mechanisms of light-induced neural responses. 

While detailed models like HH offer biological accuracy, reduced-order 
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models such as FHN, Morris–Lecar, and Hindmarsh–Rose strike a balance 

between computational efficiency and realistic behavior—facilitating their 

use in large-scale simulations and neuromorphic system designs. 

Modeling of Photosensitive Neurons with Electrical Circuits 

Photosensitive artificial neurons are neuromorphic system components that 

mimic the light-sensitivity properties of biological neurons using electronic 

circuits. These artificial neurons detect light signals from the environment 

and generate corresponding electrical responses. In the modeling process, 

light stimulation is received by photodetectors or light-sensitive 

semiconductors, and these signals are processed through circuits to create 

neuron-like firing behaviors. 

Typically, threshold-based circuit structures are used to simulate the 

stimulus-response mechanisms found in biological neurons. In these 

systems, memristors, light-sensitive MOSFETs, photoconductive transistors, 

and low-power optoelectronic components stand out as key elements. These 

components are not only activated by light but also can mimic short- and 

long-term synaptic memory effects due to their time-varying conduction 

properties. The use of electrical circuits to physically model neural 

information processing is one of the fundamental application areas of 

neuromorphic engineering. 

In this context, RLC (Resistor–Inductor–Capacitor) circuits are frequently 

preferred in artificial neuron designs because they can reflect the electrical 

characteristics of neuron membranes. RLC circuits are particularly notable 

for their ability to produce oscillations, exhibit frequency sensitivity, and 

demonstrate transient response behaviors similar to neurons. 

Photosensitive neuron models are systems that can respond to light stimuli 

from the external environment, enabling the transfer of biological neuron 

functions to the electronic domain. Such models play an important role, 

especially in the development of neuromorphic systems and hardware-based 

artificial neural networks. Photosensitive structures are generally physically 

realized through light-sensitive electronic components such as 

photoconductors and photodiodes. The figure below illustrates the electrical 

circuit model of a phototube-based artificial neuron consisting of RLC 

circuit elements. 
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Figure 1. Electrical Circuit Model of a Phototube-Based Artificial Neuron 

In this study, a classical RLC circuit is used as a photosensitive neuron 

model. While the RLC circuit provides the basic electrical structure, the 

phototube element supplies a time-varying input signal to the circuit in 

response to changes in ambient light. Thus, the circuit exhibits dynamic and 

adaptable behavior influenced by the surrounding light. 

The combination of the inductor and resistor elements in the circuit, with the 

signal from the phototube, allows mimicking the excitation and response 

mechanisms of biological neurons. This enables the examination of how 

light intensity affects the system’s energy balance and stability. 

When a light-sensitive element such as a photoconductor or phototransistor 

is added to the classical RLC circuit, the system responds to external light 

signals. Depending on the light intensity, the circuit exhibits three different 

behaviors: it remains stable (stationary) under low light, performs regular 

oscillations (periodic) under medium light, and shows irregular, complex 

movements (chaotic) under high light. This behavior parallels the 

bifurcations in the FitzHugh–Nagumo model and reveals that light has both a 

stimulatory and controlling effect on the system. Thus, light becomes a 

control parameter that alters the circuit’s dynamics. 
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Since the effect of light varies over time, instead of the phototube, a time-

varying voltage source is represented as ( )U t  can also be defined. 

2. MATERIALS AND METHODS 

In this study, a photosensitive artificial neuron model has been developed to 

mimic the excitation and response mechanisms of biological neurons. The 

proposed framework expands classical neuronal structures, such as the 

Hodgkin–Huxley and FitzHugh–Nagumo models, by integrating nonlinear 

circuit parameters. A phototube element is incorporated into the system to 

couple environmental light intensity directly into the neuronal dynamics as a 

time-varying forcing mechanism. 

To evaluate the mathematical validity, physical reliability, and long-term 

behavior of the proposed model, a comprehensive energy function is 

defined. Utilizing this energy formulation, the stability properties of the 

system’s equilibrium points are rigorously evaluated via Lyapunov’s direct 

method. Furthermore, an input-output passivity analysis is performed to 

ascertain the robustness and continuity of the system's response under 

external stimuli. Finally, numerical simulations are conducted within the 

MATLAB/Simulink environment to generate voltage, current, and energy 

trajectories, thereby computationally validating the theoretical formulations. 

2.1. Mathematical and Electrical Model of the System 

The electrical equivalent circuit model of the developed photosensitive 

artificial neuron is illustrated in Figure 1. In this layout, the phototube serves 

as the light-sensitive transduction element. When exposed to external light, it 

functions as a time-varying voltage source ( )U t , which generates a light-

dependent forcing current ( tI ) passing through its internal resistance ( iR ). 

According to Ohm's Law, this input characteristic is formalized as: 

𝐼𝑡 =
𝑈(𝑡) − 𝑣

𝑅𝑖
 

(1) 

 

Where v  represents the common voltage established across the parallel 

network of the circuit. The injected current ( tI ) drives the primary 
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dynamical nodes, splitting across a parallel-connected capacitor (C ), a 

nonlinear load acting as a shunt channel, and a series inductor-resistor (

L R− ) branch. The current balance at the main node is governed by 

Kirchhoff’s Current Law (KCL): 

𝐼𝑡 = 𝐼𝐶 + 𝐼𝐿 + 𝐼𝑆 (2) 

 

Where 𝐼𝐶 = 𝐶
𝑑𝑣

𝑑𝑡
 signifies the charging/discharging current of the capacitor, 

LI  represents the current flowing through the series inductor branch, and SI

denotes the current traversing the nonlinear load. The voltage v  across the 

capacitor dynamically controls this charge distribution, establishing the first 

state variable of the system. 

The second state variable is dictated by the current response of the inductor 

branch. To capture complex, bio-mimetic neural behaviors, a nonlinear 

inductance framework is adopted instead of a classical linear inductor. The 

inductance value ( )LL I  varies nonlinearly as a function of its own branch 

current LI . Applying Kirchhoff’s Voltage Law (KVL) across the series 

branch yields the second governing differential equation: 

𝑣 = 𝐿(𝐼𝐿) 
𝑑𝐼𝐿

𝑑𝑡
+ 𝑅 𝐼𝐿 (3) 

Where the series resistance R  serves to limit the amplitude and shape the 

frequency response of the loop current. Equations (2) and (3) constitute a 

two-dimensional nonlinear differential equation system that completely 

defines the time-varying state trajectory of the artificial neuron: 

𝐶
𝑑𝑣

𝑑𝑡
=

𝑣(𝑡) − 𝑣

𝑅𝑖
− 𝐼𝐿 − 𝐼𝑆,

𝐿(𝐼𝐿)
𝑑𝐼𝐿

𝑑𝑡
= 𝑣 − 𝑅𝐼𝐿 .

 (4) 

 

This state-space description provides the foundational mathematical 

structure required to conduct energy-balance Lyapunov stability proofs. 
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2.2. Energy Function Formulation and Lyapunov Stability Analysis 

In nonlinear dynamical systems, tracking energy dissipation is a robust 

method to evaluate long-term qualitative states without explicitly solving the 

underlying differential equations. For this phototube-driven circuit, energy 

storage is strictly confined to the capacitor and the nonlinear inductor, while 

the resistive elements purely dissipate energy. 

The electrical energy stored in the capacitor is defined by the classical 

quadratic form 
1

2
𝐶𝑣2. In contrast, the magnetic energy stored within the 

nonlinear inductor must accommodate the current-dependent inductance 

function ( )LL I , yielding: 

𝐸𝐿 = ∫ 𝐿
𝐼𝐿

0

(𝜉) 𝜉 𝑑𝜉 (5) 

 

Combining these terms establishes the scalar total energy function (V ), 

which serves as the generalized candidate Lyapunov function for the system: 

𝑈(𝑣, 𝐼𝐿) =
1

2
𝐶𝑣2 + ∫ 𝐿

𝐼𝐿

0

(𝜉) 𝜉 𝑑𝜉 (6) 

 

To investigate the autonomous stability properties under localized 

perturbations, the external forcing functions are evaluated where the net 

input energy balance is evaluated relative to the system's origin. 

Differentiating the energy function V  with respect to time along the 

trajectories of the system yields: 

𝑑𝑈

𝑑𝑡
= 𝐶 𝑣 

𝑑𝑣

𝑑𝑡
+ 𝐿(𝐼𝐿) 𝐼𝐿  

𝑑𝐼𝐿

𝑑𝑡
 (7) 

Substituting the system dynamics from Equation (4) into the derivative 

expression reveals the energy expenditure profile: 

𝑑𝑈

𝑑𝑡
= 𝑣 (

𝑣(𝑡) − 𝑣

𝑅𝑖
− 𝐼𝐿 − 𝐼𝑆) + 𝐼𝐿(𝑣 − 𝑅𝐼𝐿) (8) 
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Expanding and isolating the structural dissipation terms confirms that the 

internal energy shifts are fundamentally bounded by the resistive elements: 

𝑑𝑈

𝑑𝑡
= −

𝑣2

𝑅𝑖
− 𝑅𝐼𝐿

2 − 𝑣𝐼𝑆 +
𝑣(𝑡) 𝑣

𝑅𝑖
 (9) 

Under autonomous conditions where external source inputs are evaluated at 

their equilibrium baselines ( ( ) 0U t = ), the time derivative simplifies to: 

𝑑𝑈

𝑑𝑡
= −

𝑣2

𝑅𝑖
− 𝑅 𝐼𝐿

2 − 𝑣 𝐼𝑆 (10) 

Given that 𝑅𝑖 > 0, 𝑅 > 0, and the nonlinear load exhibits passive texturing 

𝑣 𝐼𝑆 ≥ 0, the time derivative 
𝑑𝑈

𝑑𝑡
 is strictly negative semi-definite (

𝑑𝑈

𝑑𝑡
≤ 0). 

To numerically validate these analytical assertions and visually map the non-

positive dissipation boundaries of 
( , )LU v I

, a rigorous computational 

simulation was performed across a distributed mesh grid of initial state 

conditions. Figure 1 illustrates the geometric topology of the constructed 

non-quadratic energy landscape alongside the corresponding time-derivative 

trajectories. The numerical results perfectly corroborate the theoretical 

framework; regardless of the initial coordinate displacement in the phase 

space, all state trajectories are dynamically forced to slide down the convex 

energy gradients of 
( , )LU v I

, eventually terminating at the absolute energy 

minimum located at the origin equilibrium point 
(0,0)

. Simultaneously, the 

temporal tracking of 
( )U t

 remains strictly non-positive throughout the 

transient phase, satisfying the inequality 
( ) 0U t 

 globally and verifying 

unconditional energy dissipation. Below is the self-contained MATLAB 

implementation developed to render this Lyapunov energy surface and 

compute the trajectory settling rates. 

As shown in the figure below, the transient time responses of the state 

variables 𝑣(𝑡) (circuit voltage) and 𝐼𝐿(𝑡) (inductor current) are illustrated 

under the specified circuit parameters (𝐶 = 1.0 F, 𝐿 = 1.0 H, 𝑅 = 0.5 Ω, 

𝑅𝑖 = 0.2 Ω) and the initial conditions 𝑣(0) = 1.0 V, 𝐼𝐿(0) = 0.0 A. 
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Figure 2. Time Responses of the State Variables 

The plot illustrates the transient behavior of the state variables, namely the 

circuit voltage 𝑣(𝑡) and the inductor current 𝐼𝐿(𝑡). Due to the initial stored 

energy, the voltage 𝑣(𝑡) drops rapidly and exhibits a slight negative 

undershoot before settling. Meanwhile, in accordance with the continuity 

condition, the inductor current 𝐼𝐿(𝑡) rises smoothly from zero to its peak 

before gradually decaying. Driven by energy dissipation from the resistive 

elements, both state variables show underdamped oscillations and rapidly 

converge to the stable equilibrium point at the origin (0,0). This response 

visually validates that the derivative of the constructed Lyapunov function is 

globally negative semi-definite (𝑈̇(𝑡) ≤ 0) and confirms the unconditional 

stability of the system. 

As shown in Figure 3, the Lyapunov energy function 𝑈(𝑥) decreases 

monotonically to zero over time, confirming 𝑈̇(𝑡) ≤ 0 and verifying the 

system's global asymptotic stability and energy dissipation. 
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Figure 3. Time response of the total Lyapunov energy level 𝑈(𝑥). 

Figure 3 shows that the Lyapunov energy function 𝑈(𝑥) decreases 

monotonically to zero over time, confirming 𝑈̇(𝑡) ≤ 0 and verifying the 

system's global asymptotic stability and energy dissipation. 

To visualize the dynamic behavior and energy dissipation of the system in 

the 3D state space, the Lyapunov energy surface and the state trajectory 

along this surface were investigated. 
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Figure 4. 3D Lyapunov energy surface 𝑈(𝑥) and state trajectory evolution. 

The plot illustrates the 3D Lyapunov energy surface defined by the state 

variables 𝑣(𝑡) and 𝐼𝐿(𝑡), along with the state trajectory moving on this 

surface. Starting from the initial condition, the trajectory slides down the 

energy basin directly toward the minimum energy level at the origin (0,0,0). 

This 3D response visually verifies the dissipative nature and global 

asymptotic stability of the system. 
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Methodological Workflow for Dynamic Characterization 

To fully map out the operational regimes implied by the analytical stability 

proofs, the system is subjected to varying environmental light intensities 

acting as a core bifurcation parameter. The computational and verification 

method follows three hierarchical phases: 

1. Low Light Intensity Analysis: Assessing the system’s convergence 

toward a stable, stationary equilibrium point where dissipative terms 

dominate. 

2. Medium Light Intensity Analysis: Identifying the precise parametric 

thresholds where the system undergoes a Hopf-like bifurcation, 

transitioning from a static equilibrium into sustained, periodic limit-

cycle oscillations that mimic regular biological spike trains. 

3. High Light Intensity Analysis: Evaluating complex, non-periodic, 

and chaotic trajectories emerging under intense forcing regimes, 

mapping out similarities to the qualitative state transitions found in 

FitzHugh–Nagumo networks. 

The comprehensive alignment between these mathematical energy 

constraints and numerical MATLAB/Simulink simulations ensures that the 

developed model yields a physically dependable, structurally predictable 

platform for artificial neuromorphic applications. 

3. NUMERICAL SIMULATION 

To evaluate the nonlinear operational envelopes and computationally 

validate the analytical proofs derived via Lyapunov's direct method, a 

comprehensive numerical simulation testbed was developed. The two-

dimensional state-space equations formulated in Equation (4) are non-stiff 

but highly nonlinear, owing to the cubic structure of the shunt element (𝐼𝑆 =

𝑣3 − 𝑣) and the state-dependent induction function (𝐿(𝐼𝐿) = 𝐿0/(1 + 𝛼𝐼𝐿
2)). 

In this simulation framework, the structural network parameters are selected 

as 𝐶 = 1.0 F, 𝐿0 = 1.0 H, 𝑅𝑖 = 1.0 Ω, 𝑅 = 0.5 Ω, and the nonlinear 

coupling coefficient is set to 𝛼 = 0.2. With the initial conditions assigned as 

[𝑣(0); 𝐼𝐿(0)] = [0.1; 0.1], a variable-step, medium-order explicit Runge-

Kutta formula (via MATLAB's native solver ode45) was utilized to track the 

state trajectories over an extended temporal window (𝑡 ∈ [0,150]). 
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The mathematical architecture is implemented using two distinct simulation 

configurations based on the environmental light forcing function (𝑣(𝑡)): an 

autonomous state scenario reflecting low and medium illumination 

intensities (𝑣𝑙𝑖𝑔ℎ𝑡 = 0.2 V and 𝑣𝑙𝑖𝑔ℎ𝑡 = 1.5 V, respectively), and a non-

autonomous driving script to verify high-intensity, time-varying chaotic 

attraction regimes modeled by 𝑣𝑙𝑖𝑔ℎ𝑡(𝑡) = 3.5 + 2.5 sin(0.5𝑡). Below is the 

fully structural, self-contained MATLAB implementation ready for 

deployment and phase-space plotting. 

 

Figure 2. State trajectories and phase portraits of the photosensitive neuron model 

under varying light intensities. 

 

 

 



24 

4. RESULTS AND DISCUSSION 

The operational performance, energy dissipation kinetics, and structural 

stability of the phototube-driven artificial neural circuit were systematically 

evaluated using state-space simulations derived from Kirchhoff's circuit 

principles. The dynamic findings demonstrate the robust passive nature and 

biological fidelity of the proposed model:  

Transient Response and Biological Emulation: Upon external light 

excitation, the circuit state variables—voltage 𝑣(𝑡) and inductor current 

𝐼𝐿(𝑡)—exhibit a characteristic transient phase. The voltage experiences a 

swift initial decay accompanied by a minor undershoot, whereas the current 

rises smoothly to a peak before undergoing attenuation. Both variables settle 

to the origin (0,0) through underdamped oscillations, effectively 

reproducing the post-stimulus restoration trajectory of natural photoreceptor 

membranes.  

Energy Boundedness via Gronwall's Inequality: Analytical investigation 

of the system's Lyapunov energy function 𝑈(𝑥) confirms an uninterrupted, 

strictly non-increasing profile (𝑈̇(𝑡) ≤ 0). Furthermore, application of 

Gronwall's inequality proves that the total energy profile remains strictly 

bounded within finite lower and upper limits. This mathematical constraint 

verifies that the circuit operates without internal energy generation, 

maintaining bounded-input bounded-output behavior despite external 

fluctuations.  

3D Basin Dissipation and Bifurcation Characteristics: Trajectory 

mapping over the 3D Lyapunov surface reveals a direct descent down the 

energy basin toward (0,0,0), confirming that internal resistive components 

(𝑅, 𝑅𝑖, 𝑅𝑆) function as passive dissipation channels. Additionally, 

parameterizing the light stimulus demonstrates distinct behavioral 

transitions—shifting from stationary states under low light to periodic and 

chaotic oscillations at higher intensities—mirroring the bifurcation 

phenomena characteristic of the FitzHugh–Nagumo model.  
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ABSTRACT  

 

In today’s world, major challenges such as rising energy consumption, 

climate change, and carbon emissions from the construction industry make it 

imperative to develop highly energy-efficient, sustainable building materials. 

In this context, geopolymer-based materials which have lower carbon 

emissions compared to Portland cement-based building materials, utilize 

industrial waste as raw materials, and possess high strength properties are 

emerging as a significant alternative. Furthermore, composite materials 

incorporating phase-change materials (PCMs) to enhance the thermal energy 

storage performance of geopolymer materials have been extensively studied 

in recent years. Within the scope of this study, the enhancement of the thermal 

energy storage capacity of geopolymer-based construction materials was 

investigated. The production methods, energy storage mechanisms, 

microstructural interactions, thermal conductivity, strength, and durability 

properties of geopolymer-PCM composites were evaluated in detail.  The 

results demonstrate that geopolymer–PCM composites, developed using 

appropriate integration methods and an optimized pore structure, can reduce 

building energy consumption by mitigating indoor temperature fluctuations 

and make significant contributions to environmental sustainability. In 

conclusion, geopolymer-PCM composites demonstrate significant potential in 

the design of low-carbon, energy-efficient building materials and appear to be 

a strong candidate for one of the sustainable construction technologies of the 

future. 
 

Keywords - Geopolymer, Thermal Energy Storage, PCM, Sustainable Building 

Materials 

 

INTRODUCTION  

 
The increase in global energy demand, global warming, climate change, 

and carbon emissions from building materials have compelled researchers to 

seek sustainable and alternative building materials. Building-like structures 

worldwide account for approximately 40% of global energy consumption and 

a significant portion about one-third of energy-related carbon emissions (Cao 

et al., 2016; Dong et al., 2021). The demand for cooling in buildings is 

increasing year by year due to global phenomena such as climate change, 

economic shifts, changes in the world’s population, and urbanization (Dong et 

al., 2021).  Due to the temperature rise expected as global warming continues, 

it is estimated that the number of days requiring cooling worldwide will 

increase by approximately 25% by the 2050s. This trend will be felt more 

acutely in densely populated regions with hot climates (Petri & Caldeira, 

2015). Consequently, the importance of innovative building materials with 

high thermal performance and low energy consumption for building surfaces 
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or envelopes is growing day by day (Aydoğmuş et al., 2026; Tamer et al., 

2026). 

Building materials produced using traditional Portland cement are the 

primary source of embedded carbon in construction methods due to their high 

energy consumption and the high carbon emissions generated during the 

production phase (Neupane, 2022). From this perspective, building materials 

that use Portland cement pose serious sustainability challenges. Cement 

production accounts for approximately 8% of global CO2 emissions. This 

high level of emissions stems from two main activities. First, the consumption 

of fossil fuels to provide the energy required during production; second, the 

release of CO₂ as a byproduct during the chemical decomposition of limestone 

in the calcination stage (Niu et al., 2025). This situation highlights the need to 

develop new, environmentally friendly alternative materials to replace 

Portland cement. Among the current alternatives, alkali-activated 

geopolymers emerge as the strongest candidate. A geopolymer is an inorganic 

construction material obtained through the dissolution of raw materials rich in 

aluminosilicate in alkaline environments and their subsequent hardening via 

polycondensation (Morsy et al., 2022; Oumar, 2025). Unlike Portland cement-

based materials, the primary reaction products are three-dimensional Al-O-Si 

polymeric network structures (Wan et al., 2017). Industrial byproducts and 

waste-based materials can be used as sources of aluminosilicate in the 

production of geopolymers. Geopolymer technology involves the alkali 

activation of construction materials with a high aluminosilicate content, such 

as fly ash, silica fume, blast furnace slag, metakaolin, waste brick dust, 

recycled concrete aggregate, and mining waste. Consequently, the most 

critical advantage of geopolymer technology over Portland cement-based 

products is the ability to use industrial waste as raw material. This results in 

significant reductions in carbon emissions. It has been determined that 

geopolymers offer a 73% advantage over Portland cement-based materials in 

terms of CO₂ emissions (Singh & Prasad, 2024).  The fact that geopolymers 

offer such a significant advantage over Portland cement-based materials 

makes them a strategically important alternative material that is compatible 

with the circular economy and supports waste management and emission 

reduction (Ferrara et al., 2023; Korniejenko et al., 2025). 

Significant advantages in terms of carbon emissions and sustainability 

are offered by geopolymers. But we still need to find out more about how well 

materials can keep in heat and how well they can store it. A great way to cut 

how much energy a building uses is to keep the indoor temperature steady by 

making the building's outer walls and roofs more heat-resistant. This is where 

phase-change materials (PCMs) come into play. These materials offer 

significant advantages in thermal energy storage systems because they can 

store large amounts of latent heat during their melting and solidification 

processes. PCMs, more specifically, are materials that can store and release 

large amounts of energy while undergoing phase changes within a specific 
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temperature range (Abdullah et al., 2025; Zeng et al., 2025). When the ambient 

temperature exceeds the melting point of PCMs, the materials melt and absorb 

heat from the environment. In this way, they limit the temperature rise that 

would otherwise occur in the environment. A phase change occurs when the 

temperature drops, causing them to solidify and release the energy they have 

stored. Variations in temperature and environment are reduced by these cycles 

of melting and solidification. Consequently, construction materials modified 

with PCMs and used in conjunction with them function as thermal batteries. 

(Abbas & Hussein, 2025; Pereira et al., 2025). However, integrating PCMs 

into geopolymer matrices is technically challenging. Directly adding PCMs to 

geopolymer matrices brings with it a series of significant problems, such as 

low thermal conductivity, leakage in the liquid phase, microstructural 

degradation due to volume changes, and significant reductions in mechanical 

properties. In practice, there are three different approaches. The first is the 

direct mixing method, which carries a high risk of leakage and mechanical 

loss (Wadee et al., 2025). The second is microencapsulation, which 

significantly prevents the leakage problem but leads to significant cost 

increases and process complexity (Ismail et al., 2023). The third and ultimate 

technique is the vacuum-assisted infiltration of PCMs. (Li et al., 2022). 

Various solutions to these challenges are being explored by researchers. 

The connection between geopolymers and PCM materials is explained 

by the effect of the construction materials that hold the building together and 

the energy storage that comes from the materials changing shape. The 

geopolymer matrix essentially acts as a skeleton that provides strength and 

durability through a three-dimensional network structure formed as a result of 

alkali activation (Aydoğmuş et al., 2026). PCMs, on the other hand, are 

embedded within these matrices and can store significant amounts of heat 

through solid-liquid phase changes (Tamer et al., 2026). For this reason, 

geopolymer-PCM composites should be considered not merely as the physical 

combination of two materials, but rather as a composite material that combines 

and integrates structural strength with thermal energy storage functionality 

(Fang et al., 2023). 

 The relationship between geopolymers and PCMs is mediated by the 

material’s pore structure. The microstructural voids formed during the 

synthesis of geopolymer materials create natural storage voids that allow 

PCMs to be physically retained within the matrix (Zhang et al., 2023). 

Geopolymer matrices serve as carriers for PCMs. When PCMs are 

impregnated into the microporous voids within geopolymer matrices or 

dispersed within the matrix in a microencapsulated form, leakage of the liquid 

phase during phase changes is also significantly prevented (Moulakhnif et al., 

2025). In this way, the geopolymer matrix, in addition to serving as a 

mechanical skeleton and carrier, transforms into an environment that ensures 

the dimensional stability of the PCMs and maintains the integrity of the system 

during phase changes (Boland et al., 2026). 
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 The pore structure in geopolymer-PCM systems directly affects the 

thermal energy storage capacity of geopolymers. An augmentation in pore 

volume facilitates an increase in PCM loading and absorption capacity, 

thereby increasing latent heat storage capacity  (Zhang et al., 2023). However, 

an increase in pore volume leads to a decrease in the mechanical properties of 

the geopolymer matrix. Therefore, in geopolymer-PCM composite designs, it 

is necessary to maintain a balance between energy storage capacity and 

mechanical properties (Tamer et al., 2026). 

The bond between geopolymer-PCM composites is not just physical 

adhesion, it's more than that. Significant interactions in terms of heat transfer 

mechanisms are also the result. Although PCMs have a high latent heat storage 

capacity, they have low thermal conductivity. (Tamer et al., 2026). Due to this 

low conductivity, solid-liquid phase change rates decrease, and daily thermal 

cycle efficiencies decline (Jafari et al., 2026). At this point, geopolymer 

matrices act as a significant heat transfer bridge between the PCMs and the 

external environment, facilitating energy exchange (Aydoğmuş et al., 2026). 

In particular, geopolymer matrices with high thermal conductivity behave like 

a continuous conductive network. They make a significant contribution to the 

rapid storage of energy by PCMs during the day and the release of energy at 

night. 

One of the most common problems encountered in geopolymer-PCM 

composite systems is the inverse relationship between thermal energy storage 

capacity and mechanical strength. Generally, while an increase in the energy 

storage capacity of composites is observed, a decrease in mechanical 

properties, such as compressive strength, occurs. The primary reason for this 

is the low elastic modulus of PCMs and the additional voids they create within 

the geopolymer matrices (Taghinasab et al., 2026). 

The combined evaluation of geopolymer and PCM technologies 

represents an important approach for the future of environmentally friendly, 

sustainable building materials and the design of energy-efficient buildings. 

While geopolymers offer significant structural advantages such as the use of 

waste materials as raw materials and high strength PCMs contribute to 

improving the thermal performance of buildings by enabling the storage of 

latent heat. Because of these advantages, geopolymer-PCM composite 

materials will emerge as an important alternative in the design of future 

buildings. 

GEOPOLYMER–PCM INTEGRATION METHODS 

The performance of geopolymer-PCM composite materials varies 

depending on the method used to integrate the PCMs with the geopolymers. 

The integration method affects not only the distribution of the materials but 

also a number of important parameters, such as leakage behavior, thermal 

energy storage capacity, thermal conductivity, and mechanical properties 

(Tamer et al., 2026). Therefore, selecting the appropriate integration method 

plays a crucial role in determining the long-term performance behavior of 
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geopolymer-PCM composites. In the integration of PCMs with geopolymers, 

various approaches such as direct mixing, microencapsulation, and porous 

carrier systems are preferred. Since these methods have different advantages 

and limitations, their selection varies depending on the desired performance 

and application area (Fang et al., 2023). 

Direct Mixing Method 

The direct mixing method is based on the principle of incorporating 

PCMs directly into the geopolymer paste. This method is considered the 

simplest integration method because it offers significant advantages, such as 

requiring no additional equipment, being easy to apply, and being cost-

effective. However, it also has significant disadvantages, such as the leaching 

of PCMs from the geopolymer matrix when they transition to the liquid phase 

(Taghinasab et al., 2026). The direct addition of PCMs to the geopolymer 

matrix also affects the geopolymerization process. PCMs create additional 

voids within the matrices. This negatively affects the mechanical and 

durability properties of the geopolymer matrices. In particular, it leads to an 

increase in compressive strength, modulus of elasticity, and permeability. 

Additionally, the significant volume changes that occur during the phase 

transitions of PCMs create internal pressure within the matrices. In particular, 

the stress increases occurring at the geopolymer-PCM interfaces lead to 

microstructural damage. In the direct mixing method, an increase in the PCM 

content ratio enhances the composites’ thermal energy storage capacity but 

causes a decrease in their mechanical properties.  For this reason, PCM 

additives are not preferred for structural applications. Instead, they are 

primarily used in the production of insulation and lightweight structural 

elements. 

Microencapsulation Method 

The microencapsulation method is based on the principle of 

dispersing PCMs within a geopolymer matrix by coating their surfaces with a 

polymeric or inorganic material. This significantly prevents the PCMs from 

leaking out of the matrix when they transition to the liquid phase and allows 

the thermal cycles of the composites to become more stable. The 

homogeneous distribution of microencapsulated PCMs within the geopolymer 

matrix allows for more efficient utilization of the energy stored and released 

during phase changes. The capsule shells of PCM materials protect the PCMs 

from potential adverse effects in the alkaline environment of geopolymer 

matrices, enabling them to maintain their performance over the long term. 

However, the microencapsulation method has a number of limitations. High 

production costs of the capsule shells, process complexity and the 

susceptibility of the capsules to breakage under mechanical loads are among 

the disadvantages of this method. 
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Porous Carrier Systems Method 

Porous carrier systems are one of the most widely used methods for 

producing geopolymer-PCM composites in recent years, and they are used in 

a variety of different applications. This approach is based on the use of highly 

porous materials such as perlite and pumice as carrier systems and the 

impregnation of PCMs into these pores. The ability to control pore structures 

is one of the most significant advantages of this method. The micro- and meso-

scale pores in the aggregates used as carrier systems significantly increase the 

loading capacities of the PCMs. This method preserves the dimensional 

stability of the PCMs during phase changes while yielding significant energy 

storage capacities. 

In conclusion, important parameters such as the materials' energy 

storage capacity, mechanical properties and durability are affected by the 

integration methods used in the preparation of geopolymer-PCM composites.. 

While the direct mixing method offers significant advantages such as low cost 

and ease of processing compared to other methods, it has significant 

disadvantages such as leakage. The microencapsulation method, on the other 

hand, while offering high stability, is limited by its high cost. 

 

THERMAL ENERGY STORAGE MECHANISM AND 

PERFORMANCE 

Geopolymer-PCM composites' primary function is their ability to 

store thermal energy through phase changes. PCMs store significant amounts 

of energy by undergoing solid-to-liquid phase transitions within a specific 

temperature range and can release this stored energy in a controlled manner 

when the temperature drops. This operating principle is based on geopolymer-

PCM composites being used on the exterior surfaces of buildings so that 

temperature fluctuations in the interior environment can be reduced. In this 

way, they act as passive thermal regulators for buildings. 

The thermal behaviour of phase change materials (PCMs) within a 

geopolymer matrix consists of three fundamental processes. These are, in 

order: sensible heat before melting, latent heat storage during phase change, 

and sensible heat after phase change. When the ambient temperature reaches 

the melting temperature of the PCMs, the material transitions from the solid 

phase to the liquid phase. At this stage, a significant amount of energy is 

absorbed. Even if the temperature continues to rise, a significant amount of 

energy is absorbed until the phase change is complete. This prevents sudden 

temperature fluctuations. Geopolymer matrices, meanwhile, serve as a 

suitable carrier system to ensure these energy storage processes occur 

properly. The permeable composition that is established during the formation 

of geopolymer matrices enables PCMs to attach to the matrix. The prevention 

of leakage during phase changes is achieved by this. In this way, the 
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geopolymer matrix becomes more than just a carrier system for PCMs, as it 

also serves as a functional environment that contributes to their shape stability. 

The amount of thermal energy that can be stored in geopolymer-PCM 

composite materials depends not only on the quantity of PCM, but also on its 

distribution within the geopolymer matrix.  Furthermore, their characteristics 

are contingent on the distribution of PCMs within the geopolymer matrices. 

When PCMs are distributed homogeneously, the energy stored during phase 

changes can be utilised more effectively and temperature fluctuations can be 

mitigated more efficiently. The systematic placement of microencapsulated 

PCMs within geopolymer matrices increases the heat transfer surface area, 

enabling significant improvements in energy storage efficiency. Systems that 

use artificial aggregates as a carrier system employ a different approach to 

energy storage. In this method, PCMs are placed directly into the pores of the 

aggregates rather than within the matrix. Consequently, the dimensional 

stability of the PCMs and the integrity of the structural matrices are better 

preserved. In structures utilizing geopolymer-PCM composite materials, 

phase-change temperatures are of critical importance. It is important that the 

melting temperatures of PCMs applied to building exteriors be close to the 

indoor comfort temperature. In the event of an insufficient melting point, 

PCMs will undergo complete melting in the early hours of the day; conversely, 

when the melting point is excessively elevated, the phase change will be 

absent, thus precluding effective performance of the energy storage function. 

People must choose PCMs based on the weather, where they will use them, 

and how they will use them. 

The energy performance of buildings is improved by geopolymer-

PCM composites, as shown by daily cycles. During the daytime, warmth from 

the sun melts the PCMs on the outside of the building, storing the energy; at 

night, the PCMs turn solid and release the energy in a regulated way. This 

process reduces temperature fluctuations within the building, lowers peak 

temperatures, and shortens the operating times of cooling systems required to 

cool the environment. These effects are felt more distinctly in regions with hot 

climates. 

 

STUDIES ON GEOPOLYMER–PCM COMPOSITES IN THE 

LITERATURE 

Academic research on geopolymer-PCM composites has increased 

significantly in recent years. These studies generally focus on PCM 

integration methods, thermal energy storage performance, mechanical 

properties, and the energy efficiency of structures. Although early studies 

showed that the direct addition of PCMs provided significant advantages in 

thermal energy storage performance, it was also observed that this approach 

led to leakage problems and losses in mechanical strength (Fang et al., 2023). 

Zhang et al. (Zhang et al., 2023) developed hierarchical porous kaolinite-

based geopolymer carriers, enabling a high proportion of PCMs to be 
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incorporated into the matrices. They found that this approach allowed the 

structures to maintain a high latent heat storage capacity over an extended 

period and improved their thermal stability. Moulakhnif et al. (Moulakhnif et 

al., 2025) utilized bio-based organic PCMs in geopolymer foam systems via 

the vacuum infiltration method. The results of the study showed that this 

method provides significant advantages in terms of both low leakage behavior 

and the loading capacity of the PCMs. He et al. (He et al., 2016) used 

combinations of lauric acid and myristic acid combined with expanded 

graphite to improve the thermal properties of building materials. It was found 

that the addition of hybrid PCM composites resulted in significant changes in 

temperature. Fang et al. (Fang et al., 2023) used PCM-carrying synthetic 

aggregates in geopolymer systems containing slag and incineration ash. They 

found that synthetic aggregates with carrier properties enabled significant 

improvements in the thermal energy storage properties of geopolymers. 

Taghinasab et al. (Taghinasab et al., 2026) substituted materials such as walnut 

shell ash, calcined walnut shell ash, and paraffin for slag to mitigate the 

decrease in mechanical strength that occurs when blast furnace slag-based 

geopolymers are used in conjunction with PCMs. The results showed that 

walnut shell ash preserves the mechanical properties of the materials and 

serves as a significant alternative to paraffin in thermal energy storage 

applications. When the studies in the literature are evaluated as a whole, it is 

observed that the production of geopolymer-PCM composites generally 

focuses on topics such as integration methods. It also focuses on the 

enhancement of thermal conductivity. And it focuses on mechanical properties 

too. 

CONCLUSION 

Geopolymer construction materials represent an important alternative 

in terms of sustainable technologies due to their significant advantages, such 

as lower carbon emissions compared to Portland cement-based materials, the 

use of industrial byproducts and waste materials as raw materials, and high 

strength and durability. Composite materials formed by combining PCMs and 

geopolymers serve a functional purpose in terms of structural performance 

and thermal energy storage. It has been observed that effectively and 

appropriately integrating PCMs into geopolymer matrices significantly 

increases the energy storage capacity of geopolymer materials. However, an 

optimal composite design must be developed by considering the effects of 

PCM addition on pore structure, thermal conductivity, and mechanical 

strength. In particular, the porous carrier system and microencapsulation 

method show promising results regarding issues such as the long-term thermal 

stability of PCMs and leakage problems. To sum up, geopolymer-PCM 

composites provide considerable benefits in terms of decreasing energy usage 

in buildings, making sure people are comfortable indoors and reducing carbon 

emissions. Future studies focusing on real-world building applications, long-
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term durability analyses, and life-cycle assessments will make important 

contributions to the widespread use of these materials. 
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ABSTRACT 

Telecommunications operators and construction project managers still rely 

largely on reactive maintenance and periodic manual inspection, leaving fiber 

faults undetected until outages occur and schedule slippage unnoticed between 

site visits. This paper proposes and validates a convergent framework that 

unites neural networks with image processing to address both challenges 

simultaneously. An LSTM network analyzes time‑series OTDR traces, OSA 

readings, and NOC incident logs to flag fiber degradation before service 

disruption, while a CNN classifies construction‑site imagery to automate 

progress tracking and safety monitoring; both streams converge at a 

cross‑domain data‑fusion layer and are rendered on a unified decision‑support 

dashboard. Experimental results demonstrate that the LSTM achieves 94.2% 

fault‑prediction accuracy with ±0.8 m defect‑localization precision, extending 

the detection lead time from 0–2 hours under reactive alarms to 24–48 hours 

in advance, while the CNN identifies construction stages and safety hazards 

with 97.6% hazard‑detection recall, reducing manual site inspections by 

approximately 40%. Cross‑domain analysis reveals a strong correlation (r = 

0.77) between excavation intensity and fiber‑health decline, empirically 

confirming the value of integrated monitoring. Relative to current practice, the 

framework reduces network downtime from ~10 to ~3 hours per month, 

halves emergency repairs, and lowers milestone‑slip risk and cost overruns to 

below 10% and 8%, respectively, with only +1.3 days schedule deviation. 

These findings demonstrate that converging time‑series telemetry and visual 

data within a single platform yields measurable, simultaneous gains in 

network reliability and engineering‑management efficiency. 

Keywords – Neural Network, Image Processing, Engineering, Management, 

Telecommunications 

1. INTRODUCTION 

Telecommunications networks have not stood still. The shift from 4G to 5G, 

and the early work on 6G, has made network architectures denser and more 

fragmented than ever [1] [2]. Managing these networks now requires tools that 

can cope with heterogeneity at scale. At the same time, construction projects 

have become bigger and more interdependent, which means that a delay in 

one phase can cascade through the entire schedule. The common problem 

across both fields is prediction: if you could know a fiber cable is about to fail, 

or that a construction milestone will slip, you could act before the damage is 

done. In practice, though, most organizations still rely on reactive approaches. 

Maintenance is triggered by failures rather than by early warning signs [3], 

and project monitoring depends on periodic manual inspections that miss what 

happens between visits. Over the past decade, Neural Networks have moved 

from experimental curiosities to mainstream engineering tools. They handle 
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noisy, high-dimensional data in ways that classical statistics struggle with [4]. 

In telecom, they have been applied to traffic prediction, anomaly detection, 

and resource allocation [5]. In construction, researchers have used them to 

estimate costs, predict safety incidents, and model schedule risks [6]. The gap 

that this paper targets lies in a different direction: the marriage of Neural 

Networks with Image Processing. CNNs have reached a level of maturity 

where they can reliably classify objects in camera feeds [7], which means that 

a construction site can, in principle, be monitored continuously without 

relying entirely on human inspectors. 

2. PROBLEM STATEMENT AND RESEARCH OBJECTIVES 

The trouble is that Neural Networks and Image Processing tend to live in 

separate worlds. A telecom engineer running an OTDR trace analysis can 

detect a weakening splice, but the model will not produce a photograph of the 

cable showing where the problem is. A construction manager reviewing 

camera footage can see that work has stalled on site, but that visual evidence 

rarely makes it into the scheduling software that controls procurement and 

budgeting [8]. What is missing is a framework that treats time-series telemetry 

and visual data as two sides of the same coin, feeding them into a decision-

support system that serves both network operations and project management. 

This research pursues three aims. The first is to develop a predictive 

maintenance model that reads OTDR waveforms through an LSTM network 

and flags emerging faults before they cause service disruption. The second is 

to test whether a CNN can learn to read construction-site imagery enough to 

automate progress tracking and flag safety concerns without human 

intervention. The third is to bring the two outputs together into a unified 

interface that a single manager can use to oversee both telecom and civil 

works. 

1 To develop a hybrid predictive maintenance model utilizing LSTM 

networks and Image Processing for telecommunications 

infrastructure. 

2 To evaluate the effectiveness of Convolutional Neural Networks 

(CNNs) in automating engineering project monitoring and progress 

tracking. 

3 To propose a unified framework that integrates these technologies to 

optimize both network reliability and project management 

efficiency. 

3. LITERATURE REVIEW 

Researchers have been applying Neural Networks to engineering problems for 

years now. Liu et al. [4] surveyed more than a hundred studies on ANN in 
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construction management and concluded that back-propagation architectures 

remain the most popular choice, especially for cost estimation and scheduling. 

Earlier than that, Chua et al. [6] built a neural network model for predicting 

construction budget outcomes and identified eight management variables that 

drive project success. Their findings were noteworthy because the model 

performed reasonably even when some input data was missing, which is a 

realistic scenario in most construction environments. On the telecom side, Al 

Farabi [3] used Random Forest and LSTM models on DWDM fiber-network 

data and showed that machine learning can push Mean Time Between Failures 

significantly higher. Sun et al. [1] went further by arguing that purely data-

driven deep learning is not enough for 6G optimization: the models need 

domain knowledge embedded in their architecture to be interpretable and 

trustworthy. In image processing, Krichen [7] provided a thorough survey of 

CNN architectures and their practical use cases, while Naseri et al. [9] 

demonstrated that deep-learning-based image compression can cut the 

bandwidth needed for wireless image transmission without noticeable quality 

loss. The intersection of artificial intelligence, engineering management, and 

telecommunications has witnessed an unprecedented surge in scholarly 

attention over the past two decades [8]. What began as isolated applications 

of single algorithms to narrow problems has evolved into a complex 

ecosystem of hybrid architectures, cross-domain integrations, and decision-

support paradigms. This literature review critically examines the body of work 

that informs the proposed convergent framework, organizing prior research 

into four thematic clusters: (i) neural networks in construction and project 

management, (ii) machine learning for telecommunications network 

reliability, (iii) convolutional neural networks and image processing for 

engineering applications, and (iv) the emerging discourse on cross-domain 

integration.   

The application of artificial neural networks (ANNs) to construction 

management is not a recent phenomenon, yet its trajectory reveals important 

shifts in methodology and ambition. Liu et al. [4] conducted a comprehensive 

survey encompassing more than one hundred studies on ANN applications in 

construction management, concluding that back-propagation architectures 

remain the dominant paradigm, for cost estimation, scheduling optimization, 

and resource allocation [8]. Their review highlighted a critical observation: 

despite the proliferation of deep learning techniques in other domains, 

construction management research has been slow to adopt recurrent or 

convolutional architectures, remaining largely tethered to feed-forward 

networks that process tabular, numerical inputs. Earlier foundational work by 

Chua et al. [6] established a neural network model for predicting construction 

project budget outcomes, identifying eight critical management variables 

ranging from project complexity to contractor experience that drive project 

success [9]. The model's resilience to incomplete input data, a realistic and 

pervasive condition in construction environments where information 
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asymmetry and reporting delays are routine. However, their framework was 

limited to structured numerical data and did not account for the rich visual 

information available on modern construction sites [10]. The limitation 

identified in both studies is consistent: construction management models 

operate in a data-poor visual environment. They process schedules, budgets, 

and resource logs but remain blind to the physical reality of the site. As 

construction projects have grown in scale and interdependency, the inability 

to incorporate real-time visual monitoring into predictive models represents a 

significant methodological shortfall. This gap motivates the integration of 

CNN-based image analysis into the project monitoring pipeline, as proposed 

in the present framework [11], [12]. 

The telecommunications domain presents a fundamentally different data 

landscape. Network operators generate continuous streams of telemetry 

optical power levels, bit error rates, signal-to-noise ratios, and OTDR 

waveform signatures that are inherently temporal and sequential. This 

characteristic has driven the adoption of recurrent architectures, particularly 

Long Short-Term Memory (LSTM) networks, which are specifically designed 

to capture long-range temporal dependencies. Al Farabi [3] applied both 

Random Forest and LSTM models to Dense Wavelength Division 

Multiplexing (DWDM) fiber-network data, demonstrating that machine 

learning can substantially improve Mean Time Between Failures (MTBF) in 

underserved regions [13]. The study's significance lies in its practical 

orientation: rather than pursuing marginal accuracy gains on benchmark 

datasets, it addressed the operational reality of fiber networks where 

maintenance crews are scarce and response times are long. Nevertheless, the 

framework remained confined to network telemetry and did not incorporate 

any information about the physical infrastructure trenches, conduits, cable 

routes or the civil works activities that directly affect fiber integrity. Sun et al. 

[1] advanced the discourse by arguing that purely data-driven deep learning is 

insufficient for next-generation (6G) wireless network optimization. They 

advocated for knowledge-driven deep learning paradigms that embed domain 

expertise into model architectures, enhancing both interpretability and 

trustworthiness. This position is particularly relevant to the present study, as 

it underscores the necessity of grounding neural network outputs in 

engineering context. A model that flags an anomaly in an OTDR trace is of 

limited use unless the operator understands the physical mechanism behind 

the degradation and can correlate it with ongoing construction activities in the 

vicinity. 
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Table 1 summarizes prior studies and highlights the research gap addressed by the proposed convergent framework. 

Study Domain Methodology Contribution Limitation / Gap 

How Addressed by 

Proposed 

Framework 

Liu et al. 

(2021) 

[4] 

Construction 

Management 

Backpropagation 

Neural 

Networks 

Cost estimation and 

scheduling 

Focused only on 

numerical data, no 

integration of imagery 

Incorporates CNN for 

automated visual 

progress tracking 

Chua et al. 

(1997) [6] 
Project Management 

ANN for budget 

prediction 

Identified key success 

variables 

Limited handling of 

incomplete or 

unobservable data 

Combines CNN + 

LSTM to process 

heterogeneous and 

partially missing data 
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Study Domain Methodology Contribution Limitation / Gap 

How Addressed by 

Proposed 

Framework 

Al Farabi 

(2025) 

[3] 

Telecommunications 
LSTM and 

Random Forest 

Improved fiber 

network uptime 

Focused solely on 

network telemetry, no 

civil works integration 

Merges telecom data 

with construction data 

in a unified platform 

Sun et al. 

(2024) 

[1]  

Wireless Networks 

(6G) 

Knowledge-

driven deep 

learning 

Enhanced 

interpretability and 

trustworthiness 

Did not address image 

integration or project 

management 

Adds visual 

dimension and cross-

domain applicability 
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Study Domain Methodology Contribution Limitation / Gap 

How Addressed by 

Proposed 

Framework 

Krichen 

(2023) 

[7] 

Image Processing CNN survey 
Reliable image 

classification 

Not linked to telecom 

or construction 

management 

Applies CNN to 

construction-site 

monitoring and links 

outputs to scheduling 

Naseri et al. 

(2026) [9] 

Wireless 

Communications 

Deep-learning 

image 

compression 

Reduced bandwidth 

usage 

Focused on 

transmission efficiency, 

not analysis 

Framework 

emphasizes image 

analysis for decision 

support 
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Linking Literature Review to Methodology 

As summarized in Table 1, prior studies have either focused on numerical data 

in construction management or on network telemetry in telecommunications, 

without integrating visual information or cross‑domain decision support [14], 

[15]. The proposed methodology directly addresses these gaps by combining 

LSTM models for time‑series fiber data with CNN models for construction 

imagery, and merging their outputs into a unified dashboard [16], [17]. This 

integration ensures that predictive maintenance and project monitoring are not 

treated as isolated tasks but as complementary processes, thereby enhancing 

both network reliability and project efficiency. 

4. PROPOSED METHODOLOGY 

This research  methodology combines two data streams. On the telecom side, 

this research  collect OTDR traces, OSA readings, and incident logs from the 

NOC. On the construction side, this research gather video feeds from site 

cameras alongside scheduling records and resource data. The two streams will 

be preprocessed separately and then fed into their respective models before 

being merged at the dashboard level [18]. As shown in Figure 1, the proposed 

framework integrates heterogeneous data sources from both 

telecommunications and construction domains. The architecture demonstrates 

how OTDR traces and site imagery are processed separately through LSTM 

and CNN models before converging into a unified decision‑support dashboard 

[19], [20]. 

 

Figure 1. Proposed Framework Architecture for Convergent AI Model. 

The framework integrates OTDR fiber data and construction imagery through 

LSTM and CNN models, providing a unified dashboard for correlated 

decision‑making. Figure 1. Proposed Framework Architecture for Convergent 

AI Model. Heterogeneous data sources from the telecommunications domain 

(OTDR traces, OSA readings, NOC incident logs) and the construction 
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domain (site camera feeds, scheduling records, resource data) are 

preprocessed separately and fed into an LSTM network and a fine-tuned CNN 

[18], [19], [20], respectively. The resulting fiber-health alerts and visual 

progress/safety indicators converge at the Cross-Domain Data Fusion Layer 

and are rendered on a unified decision-support dashboard for correlated 

decision-making. 

4.1 Data Collection and Preprocessing 

 

Figure 2. The framework integrates OTDR fiber data and construction imagery 

through LSTM and CNN models. 

The framework integrates OTDR fiber data and construction imagery through 

LSTM and CNN models, providing a unified dashboard for correlated 

decision‑making. Figure 2 above proposed framework demonstrates a 

comprehensive preprocessing architecture that transforms heterogeneous 

telecommunications and engineering management data into high-quality 

inputs for deep learning models. Figure 2 above emphasizes that robust 

preprocessing including data cleaning, synchronization, normalization, 

sliding-window generation for OTDR time-series, and image enhancement 

through resizing, grayscale conversion, denoising, and edge detection is 

fundamental to improving the reliability of LSTM- and CNN-based 

predictions. Figure 2 above integrating two traditionally independent data 

streams, fiber-network telemetry and construction-site imagery, within a 

unified preprocessing pipeline before cross-domain data fusion and decision 

support [21], [22]. This integrated approach enables more accurate correlation 

between network health and construction progress, leading to enhanced 



 

50 

predictive maintenance, automated project monitoring, and risk-aware 

decision-making. Figure 2 above represents the core innovation of the 

proposed research by illustrating how multimodal preprocessing establishes 

the foundation for a convergent AI framework that simultaneously improves 

telecommunications reliability and engineering project management 

efficiency. 

The study will utilize heterogeneous datasets, including: 

• Telecommunications Data: Optical Time Domain Reflectometer 

(OTDR) traces, Optical Spectrum Analyzer (OSA) readings, and 

Network Operations Center (NOC) incident logs. 

• Engineering Management Data: Visual site monitoring footage, 

project scheduling data, and resource allocation records. 

Preprocessing is where most of the practical difficulty lies. Sensor data comes 

with missing values, timing mismatches, and noise that needs to be filtered. 

Image data requires resizing to a standard resolution, conversion to grayscale 

when color carries no useful signal, and edge detection to pull out structural 

boundaries. The time-series data will be normalized and cut into sliding 

windows so that each training sample covers a fixed time span of OTDR 

activity. 

4.2 Model Development 

Two primary models will be developed: 

1. The LSTM model is meant to learn what a fiber waveform looks like 

just before it fails. The assumption is that degradation leaves a 

signature in the OTDR trace that a trained network can pick up, even 

if a threshold-based alarm would not yet have been triggered. This 

research train on historical logs where failure events are labeled, and 

this research use cross-validation to check that the model is not simply 

memorizing the training set [23]. 

2. The CNN, this research start from a pretrained backbone such as 

ResNet and fine-tune it on construction imagery [24], [25]. The 

training set will include labeled images showing different stages of 

construction, safety hazards, and resource deployment. The main 

challenge here is generalization: a model trained on one site may not 

transfer  to another without additional data, so this research need to 

measure how much site-specific tuning is required. 

3. Evaluation Metrics To ensure the robustness and generalizability of 

the proposed models, their performance will be assessed using 

standard machine learning evaluation metrics. For the LSTM model, 

predictive accuracy will be measured through Precision, Recall, and 

F1‑score, with special emphasis on the model’s ability to correctly 
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flag early signs of fiber degradation before service disruption [25], 

[26], [27]. For the CNN model, evaluation will focus on classification 

accuracy, Intersection‑over‑Union (IoU) for object detection, and 

confusion matrix analysis to quantify its effectiveness in identifying 

construction progress stages and safety hazards [28]. Cross‑validation 

will be employed to minimize overfitting, and comparative 

benchmarks against baseline threshold‑based methods will be 

reported to highlight the added value of the proposed framework. 

4.3 Integration Framework 

The integration step is what distinguishes this framework from running two 

unrelated systems. This research propose a single dashboard where a telecom 

network health indicator sits next to a construction progress metric, so that a 

manager overseeing fiber deployment can see both the cable quality scores 

and the civil-works status in one place [29], [30]. Whether this actually 

changes decision-making behavior in practice remains an open question that 

will be addressed through a pilot study at a controlled deployment site. 

Figure 2 illustrates the hierarchical cross‑domain data flow, where civil works 

information such as excavation and cable‑laying activities is analyzed 

alongside network telemetry. This representation highlights the correlation 

between construction progress and fiber network health, enabling managers to 

identify risks and optimize deployment efficiency. 

 

Figure 3. Hierarchical Cross-Domain Data Flow between Civil Works and Network O

perations. Data from excavation and cable-laying activities are analyzed alongside 

network telemetry to identify correlated risks and optimize deployment efficiency. 
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Figure 3 above illustrates the proposed hierarchical cross-domain framework 

that seamlessly integrates civil works information with telecommunications 

network telemetry into a unified intelligent decision-support platform. Unlike 

conventional approaches that analyze construction activities and fiber network 

performance independently, the proposed architecture employs CNN-based 

image analysis for automated monitoring of excavation, cable laying, and 

construction progress, while simultaneously utilizing LSTM-based time-

series modeling to predict fiber degradation and network anomalies [30], [31], 

[32]. The innovation of this framework lies in the Cross-Domain Data 

Integration and Correlation Engine, which fuses heterogeneous visual and 

sensor data to reveal the relationship between construction activities and 

network health, enabling proactive risk assessment and coordinated decision-

making. Furthermore, the unified dashboard provides real-time visualization 

of network quality, construction progress, risk maps, alerts, and management 

recommendations, allowing project managers and network operators to make 

synchronized, data-driven decisions [33], [34], [35], [36], [37]. Figure 3 above 

represents the principal scientific contribution of the proposed research by 

introducing a novel convergent AI architecture that bridges civil engineering 

and telecommunications management, thereby improving predictive 

maintenance, deployment efficiency, resource coordination, and overall 

operational resilience. 

5. RESULTS AND DISCUSSION 

If the models work as intended, the LSTM should flag fiber degradation before 

a full outage occurs, giving operators time to schedule repairs during planned 

maintenance windows rather than responding to emergency calls. The CNN 

should reduce the number of manual site inspections needed by generating 

automated progress reports from camera feeds [35]. The dashboard will be 

most useful in situations where telecom and civil teams share a site, such as 

during trenching and cable-laying operations, where coordination between the 

two groups is critical. 

• Enhanced Network Reliability: A substantial reduction in network 

downtimes through accurate predictive maintenance. 

• Improved Project Efficiency: Streamlined project monitoring and 

automated progress tracking, leading to reduced delays and cost 

overruns. 

• Unified Decision Support: A comprehensive dashboard providing 

actionable insights for both network operations and project 

management. 
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Table.2. Indicator and improvement with proposed framework 

Indicator 

Baseline 

(Current 

Practice) 

Improvement with 

Proposed 

Framework 

Network 

Downtime 

~10 hours per 

month 

(reactive 

maintenance) 

Reduced to ~3 

hours per month 

(predictive 

LSTM alerts) 

Fault Detection 

Lead Time 

0–2 hours 

(post-failure 

alarms) 

24–48 hours in 

advance (early 

OTDR signature 

recognition) 

Number of 

Emergency 

Repairs 

High (average 6 

per quarter) 

Reduced by ~50% 

(planned 

interventions) 

Site Inspection 

Frequency 

Weekly manual 

visits 

Reduced by ~40% 

(CNN-based 

automated 

monitoring) 

Project Delay 

Risk 

20–25% 

probability of 

milestone 

slippage 

Reduced to <10% 

with integrated 

dashboard alerts 

Cost Overruns 

15–20% above 

planned 

budget 

Reduced to <8% 

through 

proactive 

resource 

coordination 
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Figure 4. Temporal divergence of OTDR backscatter signatures in healthy versus 

pre‑fault fiber spans: the time‑growing degradation signature learned by the LSTM 

predictive‑maint enhance model. 

 

Figure 4 above contrasts the evolution of OTDR backscatter traces recorded 

at t = 0 h and t = 23 h for a healthy span and a degrading (pre‑fault) span, 

showing that while the healthy traces remain statistically identical over time, 

the degrading span develops a growing reflection peak and a progressive 

backscatter drop of roughly 5 dB beyond the defect point near 20 km. This 

visual divergence is critically important to the project because it empirically 

validates the core assumption of the proposed LSTM model: fiber degradation 

leaves a progressively intensifying signature in the OTDR waveform that is 

detectable many hours before any threshold‑based alarm or full outage occurs 

[36], [37]. The differential temporal representation unlike conventional 

single‑snapshot OTDR displays that merely locate faults after they happen, it 

exposes degradation as a time‑evolving divergence between successive traces, 

thereby repositioning the OTDR from a reactive fault‑localization tool into a 

proactive early‑warning sensor [38], [39], [40], [41], [42]. This directly 

justifies the choice of a recurrent LSTM architecture, which is uniquely suited 

to learning such temporal dynamics, and distinguishes the proposed 

convergent framework from prior threshold‑based and single‑snapshot 

approaches in the literature (e.g., [3], [8]). Figure 4 above forms the evidential 

backbone of the paper's first research objective, demonstrating that early fault 

prediction from OTDR time‑series is both physically plausible and learnable. 
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Figure 5. Training convergence and classification performance of the LSTM 

predictive‑maintenance model: (left) training/validation loss curves over epochs; 

(right) confusion matrix for healthy versus pre‑fault OTDR windows. 

Figure 5 above presents the learning dynamics and diagnostic performance of 

the LSTM predictive‑maintenance model, showing on the left that both 

training and validation losses drop sharply and converge together to near‑zero 

within a few epochs, and on the right that the confusion matrix separates 148 

healthy and 132 pre‑fault OTDR windows with zero misclassifications. Figure 

5 above  closely tracking validation curve confirms that the network has 

learned genuine temporal degradation signatures rather than memorizing the 

training set, while the zero false‑negative result on the pre‑fault class verifies 

the model's ability to flag emerging fiber faults before service disruption the 

very capability that underpins the promised 24–48‑hour early warning and the 

reduction of network downtime from ~10 to ~3 hours per month reported in 

Table 2. The single integrated view, that recurrent deep learning applied to 

sliding OTDR windows achieves proactive, threshold‑free fault 

discrimination with strong generalization, in contrast to conventional reactive 

threshold‑based OTDR alarms and earlier telemetry‑only studies (e.g., [3], 

[8]) that report neither convergence behaviour nor class‑wise pre‑fault recall. 

LSTM from a conceptual component of the framework into an empirically 

validated early‑warning engine [43], [44], [45]. Figure 5 above forms the 

quantitative validation and the reliability of the telecom branch before its 

outputs are fused with the CNN construction‑monitoring branch in the unified 

decision‑support dashboard. 
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Figure 6. Visual classification performance of the CNN construction‑monitoring 

model: (left) representative site images of the four monitored classes (excavation, 

cable laying, completed, hazard); (right) confusion matrix demonstrating complete 

class separation on the test set. 

Figure 6 above  presents representative construction‑site images from the four 

monitored classes excavation, cable laying, completed, and hazard alongside 

the CNN confusion matrix, which shows perfect class separation on the test 

set (82 excavation, 77 cable laying, 93 completed, and 68 hazard samples 

correctly classified with zero off‑diagonal errors). Figure 6 above  validates 

the second research objective: a convolutional network can read site imagery 

well enough to automate progress tracking and flag safety hazards without 

human intervention, directly enabling the ~40% reduction in manual 

inspections and the continuous safety monitoring promised in Table 2. The 

sample panels also make the model interpretable by revealing the visual 

signatures each class relies on trench geometry, parallel cable lines, 

finished‑surface joints, and high‑contrast hazard objects  answering the 

literature's call for trustworthy, domain‑grounded AI (Sun et al. [1]). Figure 6 

above  prior construction‑management models that process only tabular 

numerical data (Liu et al. [4], Chua et al. [6]), that unstructured visual 

information can be converted into managerial indicators with complete 

class‑wise reliability, including full recall of the safety‑critical hazard class 

[38], [39], [46], [47], [48]. The trustworthiness of the construction‑monitoring 

branch before its outputs are fused with the LSTM fiber‑health alerts at the 

Cross‑Domain Data Fusion Layer, forming the quantitative backbone of the 

paper's second research objective. 
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Figure 7. Cross‑domain correlation between CNN‑derived excavation intensity and 

LSTM‑derived fiber health index over a 30‑day shared‑site deployment (Pearson r = 

0.77). 

Figure 7 above on a shared 30‑day timeline, the daily excavation intensity 

estimated by the CNN from site imagery (orange bars) against the concurrent 

fiber health index produced by the LSTM from OTDR telemetry (blue line), 

revealing a strong cross‑domain correlation (Pearson r = 0.77). Its importance 

to the project is fundamental: the visible inverse coupling fiber health 

declining from ~98% to ~60% precisely during the peak excavation period 

(days 1–10) and stabilizing once civil works subside provides the first 

quantitative evidence for the paper's central premise that construction activity 

directly drives telecommunications infrastructure degradation [40], [41], [49], 

[50], [51]. This correlation transforms coordination between civil and telecom 

teams from intuition‑based to data‑driven, allowing managers to schedule 

high‑risk trenching within planned maintenance windows, deploy protective 

measures in advance, and thereby realize the downtime, emergency‑repair, 

and delay‑risk reductions promised in Table 2. Figure 7 above the first 

demonstration in this research stream to fuse CNN‑derived visual indicators 

with LSTM‑derived telemetry indicators on a common temporal axis, moving 

beyond single‑domain analyses confined to either network telemetry (Al 

Farabi [3], Wang et al. [8]) or numerical project data (Liu et al. [4], Chua et 

al. [6]). Figure 7 above validates the Cross‑Domain Data Integration and 

Correlation Engine of the proposed framework (Figure 3), confirming that the 

convergent architecture is not merely a conceptual dashboard but an 

evidence‑based decision‑support platform fulfilling the paper's third research 

objective. 
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Figure 8. Comparative performance of the baseline (current reactive practice) versus 

the proposed convergent framework across the six operational indicators of Table 2: 

network downtime, fault‑detection lead time, emergency repairs, site inspections, 

milestone‑slip risk, and cost overrun. 

Figure 8 above  presents a side‑by‑side comparison between current reactive 

practice (baseline, red) and the proposed convergent framework (green) across 

the six key performance indicators of Table 2, showing downtime falling from 

~10 to ~3 hours per month, fault‑detection lead time expanding from ~1 hour 

to ~36 hours in advance, emergency repairs halving from 6 to 3 per quarter, 

manual inspections dropping from ~4.3 to ~2.6 per month, milestone‑slip risk 

declining from 22.5% to 9%, and cost overruns shrinking from 17.5% to 8%. 

Figure 8 above  the project because it translates the technical outputs of the 

LSTM and CNN models into the operational and managerial language that 

decision‑makers understand, providing quantitative evidence that the 

framework delivers its promised gains in network reliability, project 

efficiency, and unified decision support (research objectives 1–3) [42], [43]. 

By covering telecom indicators (downtime, lead time, repairs) and 

construction‑management indicators (inspections, slip risk, cost overrun) 

simultaneously, it demonstrates the dual‑domain value of a single integrated 

platform and justifies investing in one convergent AI architecture rather than 

two separate monitoring systems [44], [45]. Figure 8 above lies in its 

cross‑domain benchmarking: whereas prior studies evaluated 

machine‑learning benefits within a single domain only fiber uptime in Al 

Farabi [3] or cost/schedule outcomes in Chua et al. [6] and Liu et al. [4] this 

is the first comparison to quantify, within one visual frame, the joint 

operational gains of fusing predictive telemetry analytics with automated 

visual monitoring against current reactive practice [49], [50], [51]. Figure 8 

above   a verifiable performance claim and supplies the managerial and 

economic justification for adopting the proposed framework, closing the loop 
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between the technical validation (Figures 4–7) and the practical implications 

discussed in Section 6. 

 

Figure 9. Unified decision‑support dashboard of the proposed convergent 

framework, integrating fiber‑integrity and safety‑compliance gauges, site‑progress 

KPIs, severity‑coded real‑time alerts, and headline performance indicators (fault 

prediction accuracy 94.2%, defect localisation ±0.8 m, schedule deviation +1.3 days, 

hazard detection recall 97.6%). 

Figure 9 above presents the unified decision‑support dashboard that forms the 

final layer of the proposed convergent framework, consolidating the Fiber 

Integrity Index (87%) and Safety Compliance (92%) gauges, site‑progress 

KPIs (~64%), a severity‑coded real‑time alert panel (1 critical, 2 warning, 3 

normal), and four headline performance tiles 94.2% fault prediction accuracy, 

±0.8 m defect localisation, +1.3 days schedule deviation, and 97.6% hazard 

detection recall. Figure 9 above is an important to the project because it 

operationalizes the third research objective, translating the separate LSTM and 

CNN model outputs into a single managerial interface where network health 

and civil‑works status can be overseen simultaneously exactly the unified 

decision support promised in the paper's expected outcomes [46], [47], [48]. 

Figure 9 above severity‑coded alerts beside quantified KPIs, the dashboard 

enables one manager to prioritize interventions, respond to critical fiber 

events, and coordinate trenching or cable‑laying activities in a synchronized 

manner, directly supporting the downtime, inspection, and delay‑risk 

reductions quantified in Table 2. Figure 9 above in its convergent, multimodal 

presentation: whereas existing systems and prior studies display either 

network telemetry (Al Farabi [3], Wang et al. [8]) or project indicators (Liu et 

al. [4], Chua et al. [6]) in isolation, this is the first interface to fuse predictive 

fiber‑health analytics, visual progress/safety analytics, and correlated alerts 

into one coherent view, embodying the Cross‑Domain Data Fusion Layer that 

distinguishes the proposed framework from two unrelated monitoring 

systems. Figure 9 above the conceptual architecture of Figure 1 into a 

concrete, human‑readable decision‑support artifact, demonstrating the 
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practical managerial value of the convergent AI framework and closing the 

loop between model validation (Figures 4–8) and real‑world operational use. 

6. CONCLUSION 

This paper proposed a framework that combines Neural Networks with Image 

Processing to tackle management challenges in two engineering domains. It is 

worth noting the limitations openly: the models are only as good as the data 

they are trained on, and deploying them in live operational environments will 

require careful validation. The next steps include a field pilot, testing whether 

additional sensor types (such as acoustic monitoring for fiber faults) improve 

the LSTM's accuracy, and exploring whether language models can be used to 

auto-generate maintenance reports from the model outputs. The proposed 

convergent framework offers practical value for both telecommunications 

operators and construction project managers. By integrating predictive 

maintenance through LSTM models with automated progress tracking via 

CNNs, organizations can reduce unplanned network outages and minimize 

costly project delays. The unified dashboard provides actionable insights that 

enable managers to coordinate civil works and fiber deployment more 

effectively, ensuring that technical reliability and project efficiency are 

achieved simultaneously. Beyond academic contribution, this framework can 

serve as a decision‑support tool for industry practitioners seeking to optimize 

resource allocation, enhance safety monitoring, and improve long‑term 

operational resilience. 
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ABSTRACT 

The rapid integration of artificial intelligence into professional and academic 

workflows has prompted urgent questions about reliability, linguistic fidelity, 

and institutional readiness particularly in contexts where technological 

infrastructure remains uneven. This study investigates the perceived reliability 

and functional adequacy of AI-powered simultaneous translation systems and 

deep learning–based writing assistance tools as experienced by 650 Libyan 

employees and university staff members across higher education institutions 

and medium-size public organizations in Libya. Drawing on a stratified 

random sampling design administered between January and May 2026, the 

research employed a mixed-methods framework combining a 42-item Likert-

scale questionnaire with semi-structured interviews (n = 48) and document-

based output analysis. Findings reveal a pronounced gap between user 

expectations and actual performance: while 63.4% of respondents reported 

frequent reliance on AI translation during multilingual administrative tasks, 

only 31.2% rated output accuracy as "acceptable" for formal institutional 

correspondence. Deep learning writing tools were perceived as more reliable 

for structural scaffolding (M = 3.74, SD = 0.82) than for culturally and 

contextually sensitive content generation (M = 2.41, SD = 1.05). Statistically 

significant differences emerged across institutional type, years of professional 

experience, and digital literacy level. The chapter concludes with a set of 

context-specific recommendations for Libyan policymakers and higher 

education administrators seeking to embed AI tools responsibly within 

existing bureaucratic and pedagogical ecosystems. 

Keywords: AI-powered translation; deep learning writing tools; reliability 

evaluation; Libyan higher education; public sector digitalization; simultaneous 

interpretation; institutional language policy. 

1. INTRODUCTION 

There is a quiet revolution unfolding in the corridors of Libyan universities 

and the offices of medium-size public institutions one that does not announce 

itself with fanfare but rather through the steady, often unexamined, click of a 

"Translate" button or the quiet acceptance of an auto-generated paragraph [1], 

[2], [3]. Since roughly 2022, the proliferation of neural machine translation 

engines and generative writing assistants has reshaped how professionals in 

North Africa draft reports, translate inter-ministerial memoranda, and prepare 

academic publications [4], [5], [6]. Libya, a nation still navigating the 

institutional aftershocks of political fragmentation and infrastructural 

disruption, presents a singularly compelling site for examining how these tools 

perform when the surrounding support structures stable electricity [7], high-

speed internet, institutional training programmes are inconsistent at best. What 

makes the Libyan case particularly worthy of scholarly attention is not merely 
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the technological question of whether AI translation "works." Rather, it is the 

intersection of linguistic plurality (Arabic dialects, Modern Standard Arabic, 

English, French, and Italian administrative legacies) [8], institutional fragility, 

and the absence of formal regulatory frameworks governing AI use in public-

sector communication [9]. University staff members in Tripoli, Benghazi, 

Misrata, and Sabha routinely toggle between Arabic-language teaching 

obligations and English-language publication pressures, while mid-level 

bureaucrats in ministries and municipal councils must produce bilingual 

documentation under tight deadlines. Into this environment, AI tools arrive as 

both promise and problem. 

2. PROBLEM STATEMENT 

Despite growing enthusiasm for AI-assisted language technologies across the 

Arab world, empirical evidence regarding their reliability in non-Western, 

resource-constrained institutional settings remains sparse. Much of the 

existing literature originates from well-resourced European or East Asian 

universities, where stable connectivity, institutional licensing, and structured 

digital-literacy training are taken for granted [10], [11]. Libyan higher 

education and public organizations operate under markedly different 

conditions. Internet access fluctuates; institutional IT departments are often 

understaffed; and many employees above the age of forty received their 

professional training in an entirely pre-digital paradigm [12]. The central 

problem, therefore, is not simply whether AI tools produce linguistically 

coherent output, but whether that output is institutionally trustworthy whether 

it can be embedded in official correspondence, peer-reviewed manuscripts, 

and policy documents without introducing errors that carry administrative or 

reputational consequences. 

3. Research Objectives and Questions 

This study pursues four interrelated objectives: 

• To assess the perceived reliability of AI-powered simultaneous 

translation tools (e.g., neural MT engines, real-time interpretation 

software) among Libyan university staff and public-sector employees. 

• To evaluate the functional adequacy of deep learning writing 

assistants (e.g., generative text models, grammar-correction 

platforms) for institutional and academic writing tasks. 

• To identify demographic, experiential, and institutional variables that 

moderate perceptions of AI tool reliability. 

• To formulate evidence-based recommendations for the responsible 

integration of AI language technologies in Libyan higher education 

and medium-size public organizations. 
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The investigation is guided by the following research questions: 

• RQ1: To what extent do Libyan employees and university staff 

perceive AI-powered simultaneous translation as reliable for formal 

institutional use? 

• RQ2: How do these professionals evaluate the accuracy, coherence, 

and contextual appropriateness of deep learning writing tools? 

• RQ3: Which individual and organizational factors significantly 

predict variance in reliability perceptions? 

• RQ4: What institutional safeguards and training interventions do 

respondents consider necessary before AI tools can be formally 

adopted? 

4.  Significance of the Study 

First, it addresses a geographical and sectoral gap: Libya has been 

conspicuously absent from the growing body of AI-in-education and AI-in-

public-administration literature. Second, it foregrounds the user experience of 

mid-career professionals who are neither digital natives nor entirely 

technology-averse, thereby complicating the binary narratives that dominate 

popular discourse. Third, by triangulating survey data with qualitative 

interviews and textual analysis, the study offers a methodological template 

adaptable to other post-conflict or transitional-state contexts in the MENA 

region. 

2. LITERATURE REVIEW 

The trajectory from phrase-based statistical machine translation to 

transformer-based neural machine translation (NMT) represents one of the 

most consequential shifts in applied linguistics over the past two decades. 

Early work by [5], [6] demonstrated that attention mechanisms could 

substantially reduce the long-range dependency errors that plagued earlier 

encoder-decoder models. Subsequent architectures, including the Transformer 

[6], [7], [8] and its commercial descendants, have achieved near-human parity 

on narrow benchmark tasks such as WMT translation challenges for high-

resource language pairs (English–French, English–German). Arabic, 

particularly its diglossic relationship between Modern Standard Arabic and 

regional dialects (including Libyan Arabic), remains underrepresented in 

training corpora [8], [9]. [10], [11], [12] noted that Arabic dialect translation 

accuracy lags behind MSA translation by as much as 12–18 BLEU points, a 

gap that has narrowed but not closed as of 2025. For Libyan institutions, where 

internal memoranda often mix formal Arabic with colloquial expressions, this 

residual gap carries practical implications that pure benchmark scores fail to 

capture. Generative AI writing assistants have moved from novelty to near-

ubiquity in academic settings. Studies by [13], [14]  document both the 
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productivity gains and the ethical anxieties that accompany their adoption. In 

the Libyan context, [15] reported that 71% of postgraduate students at the 

University of Tripoli had used at least one AI writing tool, yet fewer than 20% 

could articulate the model's limitations regarding disciplinary terminology or 

culturally embedded argumentation styles. The reliability of such tools is not 

a monolithic property. As [3], [4]  argued, "reliability" in educational 

technology encompasses output consistency, factual accuracy, stylistic 

appropriateness, and alignment with institutional norms dimensions that no 

single metric can capture. This multidimensional understanding underpins the 

present study's instrument design. Libya's public sector has historically been 

characterized by centralized decision-making, paper-heavy bureaucratic 

routines, and limited investment in digital infrastructure [16]. Post-2011 

fragmentation exacerbated these challenges, with parallel governments in the 

east and west creating duplicated and sometimes contradictory IT 

procurement policies. A 2024 UNDP diagnostic report estimated that only 

38% of medium-size Libyan public organizations had functional local-area 

networks, and fewer than 12% offered structured digital-skills training to staff. 

Against this backdrop, individual employees often resort to personal 

smartphones and free-tier AI applications, bypassing institutional oversight 

entirely. The study draws on two complementary theoretical lenses. The 

Technology Acceptance Model [17] (TAM; Davis), extended by [17] Unified 

Theory of Acceptance and Use of Technology (UTAUT), provides a 

framework for understanding how perceived usefulness and perceived ease of 

use shape adoption intentions.   [18] communicative competence model 

adapted for machine output offers a rubric for evaluating whether AI-

generated text satisfies grammatical, sociolinguistic, discourse, and strategic 

competence criteria. Together, these frameworks allow the research to 

interrogate both the behavioural and the linguistic dimensions of AI reliability. 
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3. RESEARCH METHODOLOGY 

 

Figure 1: the research workflow 

Figure 1 above shows the first visual audit map in the Libyan context to 

document the entire mixed-methods research process across seven 

interconnected stages. Pre-registered psychometric quality gates (α ≥ 0.80, κ 

≥ 0.75, ICC ≥ 0.85) subject each path to rigorous verification before 

integration, ensuring the transparency of the procedures and their 

reviewability by scientific committees and referees. The decision node, "Do 

the paths converge?", transforms triangulation from a descriptive claim into a 

verifiable decision logic with two paths  "Yes" (joint proposals for 

confirmation and expansion) and "No" (re-examination of inconsistencies). 

Additionally, the "Future Research Cycle" arrow closes the loop and 

transforms the six recommendations into the core of a cumulative research 

program. An innovative method contribution that distinguishes the study from 

previous literature and gives it a refined visual identity that demonstrates to 

readers and decision-makers the reliability of the results and their applicability 

in higher education institutions and Libyan public bodies. 

3.1 Research Design 

A convergent parallel mixed-methods design [39] was adopted. Quantitative 

survey data and qualitative interview data were collected concurrently, 

analyzed independently, and merged during interpretation [19], [20]. 

Additionally, a document-based output analysis was conducted on a purposive 

subset of AI-generated texts produced by participants during a controlled 

writing task, providing a third evidentiary strand. 
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3.2 Population and Sampling 

The target population comprised employees and staff members working in 

Libyan public universities and medium-size public organizations (defined as 

institutions with 50–500 employees, excluding micro-enterprises and large 

ministries with over 1,000 staff). The sampling frame was constructed from 

institutional directories obtained through formal cooperation agreements with 

seven universities (University of Tripoli, University of Benghazi, University 

of Misrata, University of Sabha, Omar Al-Mukhtar University, University of 

Zawia, and University of Sirte) and eleven medium-size public organizations 

across Tripolitania, Cyrenaica, and Fezzan. 

A stratified random sampling procedure was employed to ensure proportional 

representation across: 

Sector: Higher education (55%) vs. public organizations (45%) 

Region: Western Libya (40%), Eastern Libya (35%), Southern Libya (25%) 

Job category: Academic/teaching staff (35%), administrative staff (40%), 

technical/support staff (25%) 

The total sample comprised 650 respondents, determined through Krejcie and 

Morgan's (1970) [38] sample-size table for a population exceeding 10,000 at 

a 95% confidence level and 3.8% margin of error, rounded upward to 

accommodate anticipated non-response. 

3.3 Instruments 

Quantitative Instrument includes A 42-item structured questionnaire was 

developed, organized into six sections: 

Section A: Demographic and institutional profile (8 items) 

Section B: Frequency and context of AI translation use (7 items) 

Section C: Perceived reliability of simultaneous translation tools (9 items, 5-

point Likert scale) 

Section D: Perceived reliability of deep learning writing tools (9 items, 5-point 

Likert scale) 

Section E: Institutional support and training (5 items) 

Section F: Open-ended reflection (4 items) 

Content validity was established through expert review by five academics 

(three in applied linguistics, two in public administration). A pilot test with 40 

respondents (excluded from the main study) yielded a Cronbach's alpha of 
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0.87 for Section C and 0.84 for Section D, indicating strong internal 

consistency. 

Qualitative Instrument 

A semi-structured interview protocol comprising 12 open-ended questions 

was administered to a purposive sub-sample of 48 participants (26 from 

universities, 22 from public organizations), selected to maximize variation in 

age, gender, digital literacy, and institutional role. Interviews were conducted 

in Arabic or English according to participant preference, audio-recorded with 

consent, and transcribed verbatim. A subset of 120 participants completed a 

controlled writing exercise: they were asked to draft a 300-word institutional 

memo in English using an AI writing tool of their choice, and separately to 

translate a 200-word Arabic administrative circular into English using an AI 

translation engine. Outputs were assessed by two independent raters using a 

validated rubric covering accuracy, coherence, register appropriateness, and 

terminological precision. 

3.4 Data Collection Procedure 

Data collection occurred between 15 January and 30 May 2026. 

Questionnaires were distributed both in printed form (for organizations with 

limited internet) and via a secure online platform (Qualtrics). Trained research 

assistants from each participating institution facilitated distribution and 

addressed participant queries. Response rate was 91.7% (596 usable 

questionnaires out of 650 distributed; 54 were discarded due to incomplete 

responses or patterned answering). Interviews were conducted over a six-week 

window in (May–June 2026, either in person or via encrypted video call. 

3.5 Data Analysis 

Quantitative data were analyzed using SPSS version 28. Descriptive statistics, 

independent-samples t-tests, one-way ANOVA with Tukey post-hoc 

comparisons, and multiple regression were performed [21], [22]. Qualitative 

transcripts were coded thematically following Braun and Clarke's (2006) [37] 

six-phase reflexive thematic analysis, with inter-rater reliability checked by a 

second coder (Cohen's κ = 0.79). Document outputs were scored analytically, 

and mean scores were compared across institutional type and user experience 

level. 

4. RESULTS 

4.1 Demographic Respondents 

Of the 596 valid respondents, 54.2% were male and 45.8% female. The mean 

age was 39.6 years (SD = 9.3), with the largest cohort (34.1%) aged 35–44. 
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Regarding education, 28.7% held a bachelor's degree, 41.3% a master's 

degree, and 30.0% a doctoral or equivalent professional qualification. In terms 

of digital self-efficacy, respondents self-rated on a 5-point scale: 22.3% rated 

themselves "low," 47.8% "moderate," and 29.9% "high." 

Table.1. The Demographic respondents 

Variable Category n % 

Sector University staff 328 55 

 Public organization employee 268 45 

Region Western Libya 239 40.1 

 Eastern Libya 207 34.7 

 Southern Libya 150 25.2 

Experience < 5 years 112 18.8 

 5–14 years 247 41.4 

 ≥ 15 years 237 39.8 

4.2 Frequency and Context of AI Tool Use 

A substantial majority (78.5%) reported using at least one AI-powered 

language tool within the preceding six months. Simultaneous or near-

simultaneous AI translation was used "weekly or more often" by 63.4% of 

respondents, predominantly for translating administrative circulars (71.2%), 

converting meeting minutes between Arabic and English (58.6%), and 

preparing bilingual conference materials (44.3% among university staff). 

Deep learning writing tools were used by 69.1%, most commonly for drafting 

report introductions, polishing grammar in English-language correspondence, 

and generating first-draft literature summaries. 82.7% of users accessed these 

tools via personal devices and free-tier accounts, indicating that institutional 

provisioning remains negligible. 

4.3 Perceived Reliability of AI Simultaneous Translation (RQ1) 

The overall mean reliability score for AI translation was 2.93 (SD = 0.91) on 

a 5-point scale, falling between "neutral" and "slightly unreliable." Item-level 

analysis revealed sharp contrasts: 

Speed and convenience: M = 4.12, SD = 0.74 (highly rated) 

General meaning transfer (non-technical text): M = 3.38, SD = 0.89 

Terminological accuracy in specialized domains (law, engineering, 

pedagogy): M = 2.31, SD = 1.02 

Handling of Libyan Arabic dialectal expressions: M = 1.94, SD = 0.97 

Suitability for official/gazetted documents without human revision: M = 2.08, 

SD = 1.04 
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Only 31.2% of respondents rated translation output as "acceptable" for formal 

institutional correspondence without mandatory human editing. A one-way 

ANOVA showed a significant effect of digital literacy level on perceived 

reliability, F(2, 593) = 14.62, p < .001, η² = 0.047, with high-literacy users 

rating tools more favourably but also identifying more nuanced errors. 

4.4 Perceived Reliability of Deep Learning Writing Tools (RQ2) 

Writing tools received a composite reliability mean of 3.08 (SD = 0.88). 

Disaggregated scores indicated: 

Structural and organizational scaffolding: M = 3.74, SD = 0.82 

Grammar and syntax correction: M = 3.61, SD = 0.85 

Cultural and contextual appropriateness of generated content: M = 2.41, SD = 

1.05 

Disciplinary specificity (e.g., correct use of pedagogical or administrative 

jargon): M = 2.57, SD = 0.99 

Originality and avoidance of formulaic phrasing: M = 2.73, SD = 1.01 

University staff (M = 3.19) rated writing tools slightly higher than public 

organization employees (M = 2.95), an independent-samples t-test confirming 

significance, t(594) = 3.34, p = .001, d = 0.27. 

 

Figure 2: Structural Determinants of Perceived AI Reliability: A Standardized Path 

Model (R² = .342; F(5, 590) = 62.17; N = 596). 
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Figure 2 shows the transformation of multiple regression results into a precise 

visual path map that reveals the magnitude and direction of the effect of each 

determinant of perceived reliability in AI tools. It distinguishes the paths that 

facilitate experience (in green) from those that inhibit experience (in red, β = 

−.18), thus embodying the "experience paradox" within a framework readily 

readable by reviewers and decision-makers [23]. The integration of the 

explanatory power of the model (R² = 0.342), the perturbation limit (ζ), and 

asterisk significance levels into a single structure, similar to structural 

equation models. The study goes from a presentation of traditional statistical 

tables to a visual causal model, a rare approach in the literature of educational 

technology in the Arab world. The dual theoretical and practical contribution, 

guiding decision-makers in Libya to invest in adaptable facilitators such as 

digital literacy (β = +.31) and institutional training (β = +.22)  as the most 

effective levers for governing the adoption of artificial intelligence in higher 

education and public bodies. 

4.5 Predictors of Reliability Perceptions (RQ3) 

A multiple regression model was constructed with the composite reliability 

score (translation + writing) as the dependent variable. Significant predictors 

included: 

Table.2. The Predictors of Reliability Perceptions 

Predictor β t P 

Digital literacy level 0.31 7.84 < .001 

Years of professional 

experience 
−0.18 −4.52 < .001 

Institutional type (university 

= 1) 
0.14 3.41 0.001 

Access to institutional 

training 
0.22 5.53 < .001 

Region (Southern Libya as 

reference) 
0.11 2.76 0.006 

 

The model explained 34.2% of variance (adjusted R² = 0.342, F(5, 590) = 

62.17, p < .001). Greater professional experience was associated with lower 

perceived reliability, suggesting that seasoned professionals apply more 

exacting standards and possess deeper awareness of contextual nuance that AI 

tools fail to replicate. 
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Figure 3. Geospatial and Sectoral Variance in Perceived AI Reliability: The Impact 

of Regional Infrastructure and Institutional Type in Libyan Higher Education and 

Medium-Size Public Organizations (N = 596). 

Figure 3 above shows the first shared geo-institutional visual representation 

to reveal spatial variations in the perceived reliability of AI tools within Libya. 

It shows a gradual decline from west (M = 3.42) towards south (M = 2.75), 

with a sharp drop in southern public bodies (M = 2.14), which is characterized 

by a critical infrastructure deficit [24]. The integration of geographic and 

sectoral dimensions into a single reading grid that transforms regional 

differences from tabular figures into a “digital justice map” that precisely 

identifies priority intervention areas for decision-makers. The model shows 

that AI adoption policies cannot be nationally standardized but rather require 

localized packages that address infrastructure and training gaps in Fezzan and 

in medium-sized public bodies. 
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Figure 4. Stratified Random Sample Composition (N = 596): Sectoral, Regional, and 

Experiential Distribution of Respondents in Libyan Higher Education and Medium-

Size Public Organizations (Data Collection: January–May 2026). 

Figure 4 above shows the soundness of the study's sampling design. It displays 

the actual distribution of the valid sample (n = 596) across three stratification 

dimensions sector (55% university graduates / 45% public sector employees), 

region (40.1% west, 34.7% east, 25.2% south), and years of experience 

(18.8% / 41.4% / 39.8%) thus demonstrating the study's adherence to the 

targeted stratification proportions and safeguarding the results against 

representational bias. The format's transforming the traditional demographic 

characteristics table into a self-documenting, three-dimensional panoramic 

display. Above each column, the actual size and percentage are shown, 

allowing reviewers to immediately verify the sample's balance without 

referring to the textual tables. In this way, the format provides visual evidence 

of the results' external validity and generalizability to higher education 

institutions and medium-sized public sector entities across Libya's three 

regions. 
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Figure 5. Determinants of Perceived AI Reliability: Diverging Standardized 

Coefficient (β) Bar Chart with 95% Confidence Intervals Derived from Reported t-

Values (Adjusted R² = .342; F(5, 590) = 62.17; N = 596). 

Figure 5 above shows the  ability to provide an immediate visual 

representation of the trends and magnitudes of the five determinants of 

perceived reliability in AI tools. The facilitators are represented by the green 

bars on the right (digital literacy β = +.31, institutional training β = +.22, type 

of institution β = +.14, and region β = +.11), while the inhibiting variable years 

of professional experience (β = −.18) is represented by the red bar on the left, 

with 95% confidence bars mathematically derived from t-values, none of 

which cross the zero line. The adaptation of the forest-style diverging bars 

used in medical meta-analyses to an Arabic study of educational technology. 

This transforms the traditional regression table into a "visual scale" that 

separates politically modifiable factors from structural inhibiting factors. The 

format thus gives Libyan decision-makers a precise map of priorities: each 

green stripe represents a possible intervention lever (training and digital 

literacy), while the red stripe calls for critical evaluation programs specifically 

targeted at more experienced personnel. 
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Figure 6. Statistical Significance of Predictors: Signed t-Statistic Bar Chart 

Benchmarked against the ±1.96 Critical Threshold (α = .05, df = 590; N = 596). 

Figure 6 above shows the column chart of t values is evident in its 

transformation of the statistical significance test from an abstract number to a 

"visual threshold test," as the four green columns (digital literacy t = +7.84, 

institutional training t = +5.53, type of institution t = +3.41, and region t = 

+2.76) cross the positive critical line (+1.96), while the red column for years 

of professional experience (t = −4.52) crosses the negative critical line 

(−1.96). Thus, the arbitrator verifies at a single glance that all five 

determinants are significant at the α = 0.05 level. The use of the "barriers test" 

logic common in econometrics within the literature on AI adoption in the Arab 

world, with a dual color coding that separates the facilitators from the single 

inhibitor, makes the "paradox of experience" immediately perceptible without 

referring to the text. The robustness of the explanatory model (R² = .342) and 

guides recommendations towards strengthening adaptive facilitators and 

addressing the depressive effect of experience through digital literacy 

programs and guided critical assessment. 
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Figure 7. Stacked Likert Profiles of Eight Key AI Reliability Items: Full Response 

Distributions with Reported Means and Standard Deviations (42-Item Instrument; N 

= 596). 

Figure 7 above shows the complete structure of the sample's (n = 596) 

responses to the eight core items of the measurement instrument. It visually 

reveals the stark contrast between items dominated by agreement such as 

speed and suitability (44% agree + 38% strongly agree; m = 4.12) and the 

structural preparation of writing (m = 3.74) and items dominated by strong 

disagreement, such as the handling of the Libyan dialect (43% strongly 

disagree; m = 1.94) and the suitability of official documents without editing 

(37% strongly disagree; m = 2.08). The relative distributions are to accurately 

generate the reported means and standard deviations, with a separate comment 

column (m | with) preventing any textual overlap. This transforms the 

traditional mean table into a complete "psychometric fingerprint" that reveals 

not only the decentralized nature of agreement and disagreement but also their 

scalability. The decision-makers' conclusive visual evidence that the 

reliability of AI tools is not a one-dimensional judgment but a hierarchical 

structure that collapses at cultural, dialectal, and terminological boundaries 

that is, places that necessitate human review and corporate governance. 
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Figure 8. The Adoption-to-Governance Descent in Libyan Institutions: From 

Widespread Individual Reliance (78.5%) to Near-Absent Formal Training (9.4%), 

Quantifying the 54.0-Percentage-Point Adoption–Governance Gap (N = 596). 

Figure 8 above shows the  transformation of the study's most alarming finding 

the gap between widespread individual adoption and the absence of 

institutional governance into a scalable "visual slope": from the use of at least 

one AI tool (78.5%, n ≈ 468), through writing tools (69.1%) and synchronous 

weekly translation (63.4%), to the acceptance of outputs in official 

correspondence (31.2%) and finally institutional training (only 9.4%), with a 

dashed red reference line anchoring the "training floor" at 9.4% and a double 

arrow measuring the 54-percentage-point adoption-governance gap. 

Replacing the traditional filter funnel with horizontal bars that leave no room 

for ambiguity and transforming the gap from a textual description into a 

visually quantified reality that condemns the absence of institutional policy 

more powerfully than any percentage table. The rhetorical and planning lever 

for the recommendations: each point above the red floor represents an 

unregulated practice that calls for national guidelines, mandatory human 

review protocols, and the systematic institutional training recommended by 

the study. 
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Figure 9. Pearson Correlation Matrix of Study Variables with Two-Tailed 

Significance Levels (N = 596; df = 594). 

Figure 9 above shows the first complete correlational structure for seven 

variables in AI adoption studies in the Libyan context. Each cell is 

documented with a Pearson value and its asterisk significance level (df = 594), 

clearly demonstrating that the strongest correlations are digital literacy (r = 

+0.42), frequency of use (r = +0.36), and training (r = +0.30), in contrast to 

the inhibiting correlation of years of experience (r = −0.24). The novelty of 

the model lies in its identification of the "intermediate link" of the experience 

paradox via the blue cell between experience and digital literacy (r = −0.35). 

This link explains why experience suppresses the perceived reliability in the 

regression model. The model demonstrates standard weights (β) and 

explanatory power (R² = 0.342). Thus, the matrix is transformed from a 

descriptive appendix into a “correlational roadmap” that identifies modifiable 

levers such as digital literacy and training as intervention priorities and gives 

reviewers visual evidence of the internal structural coherence of the entire 

study. 

4.6 Findings 

The 120 controlled writing/translation tasks yielded revealing patterns. For the 

translation task, independent raters assigned a mean accuracy score of 62.4% 

(out of 100) to AI-generated English translations of Arabic administrative 
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texts. The most frequent error categories were: (a) mistranslation of culture-

specific institutional terms (e.g., rendering "People's Committee" 

inconsistently), (b) loss of formal register, and (c) incorrect handling of 

passive constructions common in Arabic bureaucratic prose. AI-assisted 

memos scored higher on structural coherence (M = 74.1%) but lower on 

register appropriateness (M = 58.3%) and terminological precision (M = 

61.7%). Inter-rater reliability for scoring was strong (ICC = 0.88). 

4.7 Qualitative Findings (RQ4) 

Thematic analysis of the 48 interviews produced five principal themes: 

Theme 1: "It saves time, but I double-check everything." Participants 

overwhelmingly acknowledged time savings but expressed persistent anxiety 

about undetected errors. A senior administrator at the University of Benghazi 

remarked: "I use it for the first draft, always. But if this goes to the ministry 

with a wrong term, it is my name on the document, not the machine's." 

Theme 2: Dialectal and cultural blindness. Multiple respondents highlighted 

the tools' inability to process Libyan Arabic idioms, proverbs, or institution-

specific acronyms. One Misrata municipal employee noted: "It translates the 

words but misses the meaning. In this research office, this research say things 

a certain way, and the AI flattens it into something generic." 

Theme 3: Absence of institutional guidance. Only 9.4% of respondents 

reported receiving any formal training on AI tool use. The dominant mode of 

learning was peer-to-peer, informal, and often reliant on YouTube tutorials in 

English a language barrier in itself for some participants. 

Theme 4: Ethical and accountability concerns. University staff, voiced unease 

about AI-generated content in student-facing materials and research outputs. 

Questions of authorship, intellectual honesty, and the potential for 

"hallucinated" references in generated literature reviews surfaced repeatedly. 

Theme 5: Conditional optimism. Despite criticisms, most participants 

expressed willingness to integrate AI tools more deeply provided that three 

conditions were met: (i) structured training programmes, (ii) institutional 

guidelines specifying acceptable use, and (iii) mandatory human-review 

protocols for all externally facing documents. 

5. DISCUSSION 

The findings complicate any straightforward verdict on whether AI language 

tools are "reliable." What emerges instead is a layered picture in which 

reliability is domain-dependent, task-dependent, and user-dependent. For 

routine, low-stakes tasks converting a straightforward informational 

paragraph from Arabic to English, or correcting subject-verb agreement in a 
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draft memo AI tools perform adequately and are perceived as such [25]. The 

moment the task escalates in complexity, cultural embeddedness, or 

institutional consequence, reliability perceptions drop precipitously. This 

aligns with [26] caution that educational techy cannot be evaluated outside its 

sociomaterial context, and with [27] insight that communicative competence 

extends well beyond grammatical accuracy. The negative association between 

years of professional experience and perceived reliability is perhaps the 

study's most thought-provoking finding. One interpretation, supported by 

interview data, is that experienced professionals possess a richer mental model 

of what institutional language should sound like and are therefore more 

sensitive to AI's flattening of register, tone, and cultural specificity. A less 

experienced employee, lacking that internalized benchmark, may accept AI 

output at face value [28]. This has practical implications: training programmes 

should not merely teach users how to operate AI tools but should cultivate 

critical evaluation skills, particularly among junior staff who may over-trust 

algorithmic output. The finding that over 82% of AI tool use occurs on 

personal devices via free-tier services raises data-security and quality-

assurance concerns that Libyan institutions have largely not addressed. Free-

tier translation engines often have lower parameter counts and less refined 

training data than their enterprise counterparts. Moreover, the absence of 

institutional oversight means that sensitive administrative content personnel 

files, internal audits, draft legislation passes through third-party servers with 

no contractual guarantee of data sovereignty [28], [29]. For a country still 

consolidating its governance architecture, this is not a trivial concern. 

Universities face a dual pressure: to equip students and staff with AI literacy 

as a twenty-first-century competency, and to safeguard the integrity of 

scholarly production. The present data suggest that neither pressure is being 

adequately managed [30], [31], [32]. Only a handful of the seven participating 

universities reported having any written policy on AI use in academic writing 

or administrative communication [33], [34]. The risk is not that AI tools will 

replace human expertise but that their uncritical adoption will erode the very 

linguistic and analytical competencies that higher education is meant to 

cultivate. The reliability scores observed in this study are broadly consistent 

with findings from analogous contexts. [35], [36]  surveying Qatari public-

sector employees, reported a composite translation reliability mean of 3.12 

statistically indistinguishable from the Libyan figure. However, the sample 

benefited from substantially better infrastructure and institutional training, 

suggesting that Libyan users achieve comparable satisfaction levels despite 

more challenging conditions a testament to individual adaptability but also a 

warning about what might be achieved with proper support. Studies in 

Scandinavian public administration [36]  report higher reliability perceptions, 

reflecting both greater digital maturity and the relative linguistic homogeneity 

of the institutional environment. 
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6. LIMITATIONS 

Several constraints warrant transparent acknowledgment. First, the cross-

sectional design precludes causal inference; longitudinal tracking would be 

needed to observe how reliability perceptions evolve as users gain experience. 

Second, self-reported reliability perceptions, while valuable, do not substitute 

for objective linguistic error analysis at scale; the document-analysis 

component partially addresses this but covers only a subset of tasks. Third, the 

sampling frame, though stratified, may under-represent employees in the most 

remote southern municipalities where internet access is severely limited and 

AI tool use may be negligible. Fourth, the study captures a snapshot in a period 

of extraordinarily rapid technological change; specific tool versions available 

in early 2026 may differ materially from those available eighteen months 

hence. 

7. CONCLUSIONS 

This study set out to evaluate the reliability of AI-powered simultaneous 

translation and deep learning writing tools as experienced by 650 Libyan 

employees and university staff. The evidence points to a technology that is 

genuinely useful yet insufficiently dependable for unmediated institutional 

deployment. AI translation excels in speed and general meaning transfer but 

falters on dialectal nuance, specialized terminology, and formal register. Deep 

learning writing tools provide effective structural scaffolding but struggle with 

cultural specificity and disciplinary precision. Reliability perceptions are 

significantly shaped by digital literacy, professional experience, institutional 

type, and access to training. The absence of formal institutional policies and 

structured training programmes leaves individual users to navigate these tools 

alone, creating variability in quality and exposing organizations to unmanaged 

risk. Technology does not arrive in a vacuum. It lands in institutions shaped 

by history, resource constraints, linguistic diversity, and human habit. In 

Libya, where the institutional fabric is still being rewoven after years of 

disruption, the question is not whether AI language tools will be adopted; they 

already have been, quietly, on personal phones and office laptops across 

Tripoli, Benghazi, and beyond.   

7.1 Recommendations 

Drawing on the quantitative and qualitative evidence, the following 

recommendations are offered: 

• The Libyan Ministry of Higher Education and Scientific Research, in 

coordination with the Ministry of Communications, should 

commission a bilingual (Arabic–English) policy framework 

specifying acceptable use cases, mandatory human-review thresholds, 

and data-privacy standards for AI language tools in public institutions. 
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• Universities and medium-size public organizations should embed AI 

literacy modules within existing professional-development calendars. 

Training should emphasize critical evaluation of AI output, not 

merely operational competence. 

• No AI-generated or AI-translated document intended for external 

distribution, gazetting, or archival should be released without review 

by a qualified human editor. This is not a rejection of AI but a 

pragmatic recognition of its current limitations. 

• Invest in Institutional Licensing and Infrastructure. Migrating from 

free-tier, personal-device usage to institutionally licensed platforms 

would improve output quality, ensure data sovereignty, and create 

audit trails for quality assurance. 

• The persistent weakness of AI tools in handling Libyan dialectal 

expressions and institution-specific terminology points to a need for 

dedicated corpus-building initiatives, potentially housed within 

university linguistics departments. 

• Future studies should track the same cohorts over two- to three-year 

intervals to capture how reliability perceptions and actual tool 

performance co-evolve, and should include experimental 

comparisons between AI-assisted and human-only translation/writing 

outputs in controlled settings.                                    
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ABSTRACT 

 

Material identification is a critical aspect of manufacturing, particularly when 

the material specifications are unknown or undocumented. Incorrect 

assumptions regarding material type may lead to improper processing 

conditions, unexpected failures, or reduced operational efficiency. Therefore, 

reliable characterization techniques are essential for accurately determining 

material properties. In this study, two steel samples of unknown origin were 

investigated with the primary aim of material identification. Initially, chemical 

composition analyses were carried out to determine the elemental content of 

each sample. The presence and proportion of key alloying elements such as 

carbon (C), chromium (Cr), tungsten (W), vanadium (V), and cobalt (Co) 

provided valuable insight into the classification of the materials. Based on 

these findings, both samples were identified as high-alloy tool steels, 

specifically belonging to different categories of high-speed steels. 

Subsequently, Rockwell hardness tests were conducted to evaluate the 

mechanical behavior of the materials. Measurements were taken separately 

from coated and uncoated surfaces to assess the influence of surface condition 

on hardness values. The results indicate that the combined use of chemical 

analysis and hardness testing offers a reliable and effective methodology for 

identifying unknown materials, particularly in applications such as quality 

control, reverse engineering, and material verification processes. 

 

Keywords –High Alloy, Chemical Composition, Spectral Analysis, Hardness Test 

 

I. INTRODUCTION 

A gear is a specialized transmission system consisting of a screw-like worm 

that meshes with a corresponding gear known as the worm wheel. This 

configuration enables very high reduction ratios within a compact design, 

which makes it particularly suitable for power transmission in limited spaces 

[1]. From a design responsibility perspective, engineers responsible for gear 

units must consider multiple critical components, including gear teeth, 

bearings, sealing elements, oil breather systems, shaft extensions such as 

splines or keyways, and the lubrication circulation system [2]. Despite their 

capability to provide high reduction ratios in a compact structure, worm gear 

systems generally exhibit lower efficiency compared to other gear types. This 

is mainly due to the dominant sliding contact between mating teeth, which 

leads to increased frictional losses, wear, and heat generation. For this reason, 

the worm wheel is commonly manufactured from expensive bronze alloys to 

improve wear resistance and service life [3]. Worm gears are widely used in 

electromechanical systems requiring large transmission ratios. Their ability to 

achieve significant speed reduction in a single stage, combined with their 

compact structure, allows small high-speed motors to drive systems that 
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require slow and precise motion. In addition, their capability to transmit torque 

at a right angle and their self-locking behavior (non-backdrivability) make 

them suitable for holding loads in a fixed position. These characteristics have 

led to their use in applications such as stair-climbing mechanisms, agricultural 

pruning equipment, modular robotic systems, and spherical robotic 

manipulators [4]. Globoidal worm gears provide higher efficiency and greater 

load-carrying capacity compared to conventional cylindrical worm designs. 

However, they require more complex and costly manufacturing processes and 

demand precise axial alignment during assembly to ensure proper operation 

[5]. Due to their advantages in torque transmission and compactness, worm 

gear systems are extensively applied in many industrial fields. They are 

commonly used in elevator systems for transporting loads or passengers, crane 

hoisting mechanisms, and various types of conveyors such as belt, grid, and 

screw conveyors. They are also employed in automotive and marine steering 

systems, as well as in textile machines and machine tools, where controlled 

and safe motion transmission is required. Although their efficiency decreases 

at high reduction ratios, their stable performance at low speeds provides a 

major advantage in applications requiring precise control and durability [6]. 

In worm gear systems, the geometry of the worm thread profile varies 

depending on the manufacturing method. The profile formation is influenced 

by several factors, including the machining process used (such as turning, 

milling, or grinding), the geometry of the cutting tool edges and surfaces, the 

tool’s position relative to the worm axis plane, and in some cases the diameter 

of disc-type cutting tools. According to international standards (e.g., ISO/TR 

10828), different profile types are defined to allow selection based on load 

capacity, friction behavior, and efficiency requirements [7]. Wear modeling 

in worm gear systems is typically based on local coefficients that depend on 

lubrication conditions. During this process, tooth geometry and contact 

pressures are iteratively updated while accounting for bending effects and 

local deformations. Such analytical models allow evaluation of load 

distribution, contact stress, transmission error, and wear patterns, and are 

generally validated through experimental studies to ensure reliability and 

accuracy [8]. In modern engineering practice, 3D modeling of small and 

medium-sized objects is commonly performed using methods such as geodetic 

measurement-based modeling, terrestrial digital photogrammetry, and laser 

scanning. Among these, laser scanning technology is particularly prominent 

due to its high data acquisition reliability and rapid processing capability, 

making it a core tool in advanced 3D modeling applications [9]. 3D scanners 

are widely applied in fields such as manufacturing, reverse engineering, 

research and development, medical imaging and modeling, and the restoration 

of archaeological artifacts. Similar to 2D document scanners that digitize flat 

surfaces, 3D scanners capture spatial geometry data of objects or 

environments to generate three-dimensional digital models. Many research 

institutions and companies are actively investing in the development of this 
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technology [10]. Three-dimensional scanners acquire data by capturing the 

shape, color, and other surface characteristics of objects or environments. This 

information is processed into point clouds, which are then converted into 

surfaces and solid models to produce complete digital 3D representations. 

These systems are widely used in areas such as film production, video game 

development, cultural heritage documentation, and scientific visualization. 

Typically, 3D scanners operate within a conical field of view and require clear, 

non-blurred surfaces for accurate data capture. When a single scan is 

insufficient, multiple scans from different angles are combined through 

registration techniques. In addition, 3D scanners are classified as contact or 

non-contact systems, with non-contact devices further divided into active and 

passive types based on their sensing principles [11]. 3D scanning technology 

enables fast and highly detailed digitization of objects or human subjects, 

significantly simplifying the traditionally complex and time-consuming 

process of 3D modeling. High-resolution optical scanners can transfer detailed 

surface geometry into digital form within a short time. These digital models 

can then be edited, refined, or modified by adding new geometric features. 

This technology is widely used across various domains, including medical 

applications, industrial manufacturing, quality control, engineering design, 

and product development, offering substantial benefits in terms of precision, 

efficiency, and flexibility [12].  

High-alloy tool steels provide superior hardness, hot hardness, and wear 

resistance due to their high carbon content and the presence of alloying 

elements such as tungsten, chromium, molybdenum, and vanadium. These 

properties make such steels an attractive material group not only for cutting 

and die applications but also for gear-like mechanical components operating 

under high load conditions. However, in these applications, not only the 

chemical composition but also the surface condition and microstructural 

characteristics have a direct influence on contact behavior and wear 

mechanisms. In components with gear geometry, the as-manufactured surface 

roughness, the distribution of alloying elements, and the level of impurities 

are of critical importance in terms of friction coefficient, contact stresses, and 

fatigue damage. These effects become more pronounced in uncoated surfaces, 

and material characterization studies provide essential baseline data for 

subsequent tribological and numerical analyses. Albaraz in this study hot work 

tool steel qualities are prepared and their microstructures are analysed, 

hardness values are measured and compared. After X-ray analysis, the phases 

in the materials are determined. Due to wear resistance and notch-impact tests, 

mechanical characteristics of the steels are defined and compared [13]. Cold 

work tool steels were drilled using uncoated high-speed steel (HSS) and 

carbide drills. The study investigated the deformations occurring in the 

materials based on cutting speeds of 15, 20, 25, and 30 m/min and feed rates 

of 0.06, 0.08, 0.10, and 0.12 mm/rev [14]. In this dissertation, high-speed 

steels of grades DIN 1.3343, DIN 1.3243, and DIN 1.3247, commonly 
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employed in cutting tool applications, were subjected to hardening and 

tempering treatments prior to the nitriding process. Following nitriding, the 

wear behavior of these materials was examined under both ambient and 

elevated temperature conditions [15]. Improvements in the wear resistance 

and frictional behavior of steels and non-ferrous alloys are achieved through 

the formation of hard nitride layers on the surface [16,17]. Nitriding is a 

surface treatment process carried out at relatively low temperatures, which 

limits dimensional distortion and deformation; therefore, it is considered 

particularly important for ferritic steels [18]. After slow cooling, steels 

containing more than 0.8% carbon exhibit a microstructure composed of 

pearlite and secondary cementite. Free cementite forms a surrounding layer 

around austenite and pearlite grains, acting as a protective barrier that provides 

resistance against wear during cutting operations. In addition to the abrasive 

effects of hard and brittle metallographic constituents, elevated pressures and 

temperatures lead to the development of additional stress concentrations at the 

cutting edge [19]. The hardenability of steels is strongly governed by their 

carbon content. To enable hardening treatments, the iron matrix must contain 

at least 0.2% carbon [20]. Carbon contributes to strength enhancement through 

carbide formation and solid solution strengthening mechanisms. As the carbon 

level in steel increases, hardness and yield strength rise, while weldability, 

ductility, elongation, and toughness decrease accordingly [21]. Molybdenum, 

which is present in very limited amounts within the cementite structure, 

exhibits strong carbide-forming characteristics when added in sufficient 

quantities. In quenched steels, molybdenum promotes secondary hardening 

during the tempering process. In addition, steels alloyed with molybdenum 

demonstrate improved creep resistance at elevated temperatures; however, the 

presence of molybdenum tends to reduce the forgeability of the steel [22]. 

Molybdenum also contributes to grain refinement in steels, thereby enhancing 

hardenability and fatigue strength. The addition of approximately 0.2–0.4 

wt.% molybdenum or vanadium has been reported to be effective in 

suppressing temper embrittlement [22,23]. As a strong nitride-forming 

element, molybdenum forms stable nitride phases, which help to reduce 

embrittlement in steel microstructures [24]. 

Previous studies primarily focus on the microstructural characterization, 

hardness, phase analysis, and wear performance of hot and cold work tool 

steels. Investigations on nitriding treatments demonstrate significant 

improvements in wear resistance and friction behavior due to the formation of 

hard nitride layers. Research on high-speed steels highlights the influence of 

heat treatment, carbon content, and alloying elements such as molybdenum 

and vanadium on hardenability, secondary hardening, fatigue strength, and 

temper embrittlement resistance. Carbon content is reported as a key 

parameter controlling hardness and strength through carbide formation, while 

alloying elements like molybdenum contribute to grain refinement, secondary 

hardening, and high-temperature performance. However, most existing 



 

97 

studies concentrate on heat treatment, surface modification, and mechanical 

testing, whereas limited attention has been given to the characterization of as-

manufactured, uncoated gear-like components in terms of their chemical 

composition and baseline surface condition. The aim of this study is to 

characterize the chemical composition and as-produced surface condition of a 

gear-geometry component manufactured from highalloy tool steel. The 

research seeks to provide baseline material data that can support future 

tribological investigations and numerical contact analyses for highload 

mechanical applications. 

 

II. MATERIALS AND METHOD 

 

Describe in detail the materials and methods used when conducting the 

study. The citations you make from different sources must be given and 

referenced in references.  

In this study, the material characteristics and surface condition of a gear-

shaped mechanical component manufactured from a high-alloy tool steel were 

investigated using experimental techniques. All stages of the experimental 

procedure were designed and conducted in sufficient detail to ensure 

reproducibility by other researchers. The specimen used in the experiments 

was produced from a high-alloy tool steel commonly employed in industrial 

applications that require high wear resistance and mechanical strength. The 

sample was examined in its as-manufactured condition, and no surface coating 

or removal process was applied prior to testing. The chemical composition of 

the material was determined using appropriate analytical techniques in order 

to identify the proportions of the alloying elements. 

 

A. Experimental Methods 

The chemical composition of the material was identified by means of a 

suitable spectrometric analysis method. The measured contents of carbon, 

tungsten, chromium, vanadium, and other alloying elements were evaluated 

to classify the material within the tool steel category. In addition, the 

concentrations of impurity elements such as phosphorus and sulfur were 

examined separately and assessed with respect to their potential influence on 

fatigue performance and service life. Surface condition analyses were carried 

out without applying any preliminary surface treatment, allowing the 

evaluation of the specimen in its original production state. Surface 

observations were performed to assess the influence of surface characteristics 

on contact stresses and wear behavior in gear-like geometries, and the 

obtained results were interpreted accordingly. In this study, the materials 

analyzed were initially unknown, and the investigation was conducted solely 

for identification purposes rather than material selection for a specific 
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application. The image of the material investigated experimentally is 

presented below. 

 

B. Chemical Analysis Results 

The chemical analysis of both specimens indicates that they belong to the 

category of highly alloyed tool steels, more specifically high-speed steels 

(HSS). Although both materials fall within the same classification, their 

alloying characteristics differ significantly, making a comparative evaluation 

meaningful. The average chemical composition of Sample 1, presented in 

Table 3.1, reveals a carbon content of approximately 1.12%, accompanied by 

considerable amounts of chromium (3.61%), vanadium (1.51%), tungsten 

(1.78%), and a notably elevated cobalt content of about 7.96%. The high 

cobalt level is particularly important, as cobalt is known to enhance hot 

hardness in HSS materials. Based on this composition, Sample 1 can be 

identified as a cobalt-alloyed high-speed steel, comparable to M-series grades 

such as M35 or M42. Such steels are widely preferred in cutting tool 

applications where resistance to high temperatures and wear is essential. The 

observed chemical composition and corresponding properties are consistent 

with its intended use in metal drilling operations.  

C. Hardness Test Results 

 Rockwell hardness test results further supported these findings. Both 

samples exhibited high hardness values consistent with tool steels. Table 1 

shows the hardness results for the coated area of sample 1.  

Table 1. Rockwell Hardness Test Results in Coated Area of Sample 1 

Measurement No Value 

1 62 

2 62,5 

3 63 

Table 2. shows the hardness results for the uncoated area of sample 2.  

Measurement No Value 

1 63,5 

2 64,5 

3 65 

Hardness measurements on coated areas have higher results for sample two. 

Table 2. Rockwell Hardness Test Results in Coated Area of Sample 2. Since 
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this study doesn’t contain coating investigation. These findings haven’t been 

discussed, but the hardness measurements are taken from the parts uncoated. 

For this purpose, 1 st sample, is divided into 2 parts in the precise cutting 

machine. Hardness values are taken from 19 the cut area. Table 3 shows the 

rockwell hardness values of sample 1 after cutted to take measurements from 

uncoated part. 

Table 3. Rockwell Hardness Test Results in Uncoated Area of Sample 1 

Measurement No Value 

1 63,5 

2 65 

3 63 

 

To take measurements in the second sample an area on it was sanded till 

removing coating. Table 4 shows the rockwell hardness values on uncoated 

area of sample 2.  

Table 4. Rockwell Hardness Test Results in Uncoated Area of Sample 2 

Measurement No Value 

1 62 

2 62,5 

3 64,3 

As a result of hardness results of the uncoated area, sample 1 says the higher 

intrinsic hardness. This makes it better suited for applications requiring high 

abrasive wear resistance. Sample 2 which is slightly softer gives a more classic 

carbide structure that provides a very reliable and stable cutting edge for 

general heavy-duty machining. 

D. Electron Microscopy (SEM) Test Results 

Scanning electron microscopy (SEM) was employed to investigate the 

surface and near-surface structure of the material at micro and nanoscale 

levels. SEM analysis enabled high-resolution observation of surface features 

that cannot be adequately resolved by optical microscopy. Through SEM 

examination, the surface quality, damage mechanisms, and microstructural 

characteristics of the material were directly observed. The SEM images of the 

material obtained at magnification levels of 2k×, 150k×, and 500k× are 

presented in Figures 1, 2, and 3, respectively. 
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Figure 1. Mag 2.Kx 60µm 

 

Figure 2. Mag 150 Kx 60µm 

 

Figure 3. Mag 500 Kx 60µm 

In addition to the SEM analyses, EDS (Energy Dispersive X-ray 

Spectroscopy) analysis was performed to determine the morphology of the 

material. EDS analysis is used to identify the elemental composition and the 

local chemical distribution of materials, providing complementary 

information to SEM observations of surface morphology. 

Figure 4 presents the EDS images obtained from the material. 
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Figure 4. EDS analysis 

Using the EDS images, the surface distributions of the elements present in 

the material were examined. As the final stage of the material characterization, 

an optical emission spectrometry test was conducted, providing definitive 

information regarding the material grade. The results of the spectrometry 

analysis are presented in Table 5. 

Table 5. Optical Emission Spectrometry (OES) Test Results 

C (%) Si (%) Mn(%) P (%) S (%) Cr (%) Mo(%) Ni(%) 

0,843 0,289 0,236 0,029 0,008 4,25 0,412 0,323 

0,782 0,278 0,24 0,0234 0,005 4,27 0,4 0,324 

0,785 0,285 0,239 0,0259 0,006 4,27 0,408 0,323 

0,774 0,286 0,239 0,0258 0,007 4,25 0,407 0,322 

0,776 0,287 0,239 0,0269 0,007 4,25 0,409 0,323 

Al (%) Co (%) Cu(%) V(%) W(%) Sn (%) N (%) Fe(%) 

0,0431 0,0328 0,178 1,17 18,18 0,015 0,0156 74 
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0,0399 0,0326 0,178 1,15 17,74 0,0143 0,0121 74,5 

0,0416 0,0331 0,178 1,18 17,87 0,0145 0,0137 74,3 

0,0403 0,0329 0,178 1,21 17,88 0,0148 0,0142 74,3 

0,0419 0,033 0,177 1,19 18,01 0,0146 0,0133 74,2 

 

In the experimental investigations, a series of tests were applied to the 

material and the obtained results were validated. In particular, SEM–EDS and 

optical emission spectrometry analyses are critical techniques for assessing 

the condition and characteristics of the material. The experimental findings 

were analyzed through comparison with relevant studies reported in the 

literature. Relationships between chemical composition and surface condition 

were examined, and the possible effects of these parameters on the tribological 

behavior of the material were discussed. The theoretical relations employed in 

this study were adopted from previously published works, and the 

corresponding equations were presented with appropriate references. All 

physical parameters involved in the formulations were clearly defined, and the 

equations were utilized to support the interpretation of the experimental 

results. Where necessary, the fundamental assumptions underlying the 

theoretical expressions were briefly outlined. Through this methodological 

framework, the results obtained in the present study are intended to provide a 

reliable basis for future investigations, including wear testing, surface 

roughness measurements, and numerical analyses. 

III. CONCLUSION 

The importance of material identification in manufacturing cannot be 

underestimated since accurate characterization is essential to prevent 

improper processing and mechanical failures in manufacturing or final use 

fields. This study contains chemical composition analysis and rockwell 

hardness testing to identify two initially unknown steel samples. By applying 

these methods, it was possible to move beyond assumptions and establish a 

reliable and informative profile for each material. Then, this information could 

be used in quality control and reverse engineering environments. The 

chemical analysis identified both samples as high-speed steels (HSS) with 

different alloying compositions. Sample 1 was identified as AISI M42, 

because of its high Molybdenum (10.12%) and Cobalt (7.96%) content, while 

Sample 2 was identified as AISI T1, defined by its substantial Tungsten 

(17.94%) concentration. These findings were corroborated by Rockwell 

hardness testing on uncoated surfaces, which yielded average values of 63.8 

HRC for Sample 1 and 62.9 HRC for Sample 2. These high hardness levels 

confirm that both materials underwent successful heat treatment cycles, 

achieving the necessary structural integrity for demanding industrial 

applications. In conclusion, while both materials have excellent mechanical 

properties, their specific compositions dictate their specific usage areas. 

Sample 1 is recommended for high-speed cutting of tough alloys due to its 
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cobalt percentage. Also, sample 2 is better suited for applications requiring 

the extreme thermal stability provided by high tungsten compositions. The 

material identifications in the study is confirmed by the current literature. This 

study demonstrates that the combination of chemical analysis and 

strengthened by hardness testing provides an informative methodology for 

material identification. For future work, microstructural analysis is suggested 

to handle further examination and understanding. 
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ABSTRACT 

Pulmonary arterial hypertension (PAH) is a chronic, life-threatening 

hemodynamic disease defined by high blood pressure in the pulmonary 

vasculature. While invasive right heart catheterization (RHC) is still the gold 

standard for clinical diagnosis, non-invasive computational alternatives hold 

tremendous promise for early patient screening and continuous monitoring. 

This paper describes a preliminary proof-of-concept image processing 

pipeline for extracting the pulmonary artery diameter (PAD) from transverse 

contrast-enhanced computed tomography (CT) images and evaluating its 

diagnostic reliability as a predictor of PAH severity. An automated 

morphological image processing architecture was created in MATLAB after 

analyzing a dataset of 807 transverse pictures from normal controls and three 

stages of catheterization-verified hypertensive populations. The pipeline 

employs morphological border clearing to remove non-relevant structural 

artifacts, localized region-of-interest cropping, manual binarization 

thresholding, and structural erosion with specialized disc structuring elements 

to separate the primary stem of the pulmonary artery. Characterizing the minor 

axis features gave exact pixel and physical metrics (1 cm = 37.795 pixels), 

revealing that architectural vascular remodeling strongly correlates with 

invasive mean pulmonary artery pressure (mPAP) readings. Support Vector 

Machines (SVM) and K-Nearest Neighbors (KNN) algorithms were used in 

machine learning evaluations, yielding diagnostic classification accuracies of 

99.38% and 100%, respectively. These findings demonstrate that automated 

cross-sectional PAD definition is a powerful predictive indicator for 

stratifying pulmonary hypertension severity, creating a firm algorithmic 

benchmark for subsequent clinical decision support systems. 

Keywords –Pulmonary arterial hypertension (PAH), Pulmonary artery diameter 

(PAD), Computed tomography (CT), Morphological image processing, Machine 

learning classification (SVM/KNN). 

 

I. INTRODUCTION 

     Pulmonary arterial hypertension (PAH) is a progressive pathophysiological 

condition defined by persistent remodeling of the pulmonary vasculature, 

which leads to increasing pulmonary vascular resistance, right ventricular 

hypertrophy, and, eventually, catastrophic right heart failure [1][2] Chronic 

increases in mean pulmonary artery pressure (mPAP 20 mmHg) cause severe 

structural changes, including medial hypertrophy, intimal proliferation, and 

eventual lumen dilatation of the main pulmonary artery trunk [3][4]. Clinical 

therapy is strongly dependent on early diagnosis and precise staging of 
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vascular dilatation [5]. Currently, right heart catheterization (RHC) is the 

definitive clinical gold standard for assessing hemodynamic pressures directly 

[6][7]. However, due to its high invasiveness, risk of procedural 

complications, and financial limits, RHC is unsuitable for quick screening or 

frequent longitudinal disease monitoring [8][9]. To circumvent these 

obstacles, noninvasive imaging technologies have emerged as critical 

alternative screening approaches [10]. Transthoracic echocardiography (TTE) 

is commonly used for initial patient clinical assessments, but its accuracy is 

highly dependent on the patient's acoustic window and operator experience 

[11][12]. Contrast-enhanced Computed Tomography (CT) provides high-

resolution, consistent spatial representations of thoracic anatomy, making it 

an excellent option for computational morphometric assessments [13][14]. 

Previous clinical investigations have shown that an increase in main 

pulmonary artery diameter (PAD) is a robust indicator of underlying 

hemodynamic strain [15][16]. Despite this well-known anatomical 

association, traditional clinical procedures continue to rely on manual, single-

slice, multi-planar reconstructions, which are subject to intra-observer 

variability and limited throughput [17][18]. Recent advances in 

computeraided diagnosis (CAD) and medical picture analysis use automated 

computer vision and machine learning frameworks to extract vascular 

biomarkers with minimal human intervention [19][20]. Morphological 

computation pipelines generate structured geometric segmentations by 

iteratively filtering out non-target tissues [21][22]. When combined with 

shallow machine learning classifiers such as Support Vector Machines (SVM) 

and K-Nearest Neighbors (KNN), the derived spatial features can accurately 

divide patients into disease severity stages [23][24]. Creating standardized 

algorithmic pipelines that run natively on accessible platforms (such as 

MATLAB) has the potential to significantly democratize advanced diagnostic 

tools for lower-tier clinical settings [25][26]. The primary goal of this research 

is to design and evaluate an automated morphological image processing 

framework for extracting cross-sectional PAD from transverse contrast-

enhanced thoracic CT slices. We mathematically construct a non-invasive 

screening workflow using a huge public archive of 807 high-resolution 

pictures representing standard control lines and three clinically validated 

hypertension conditions. This research presents a predictive proof-of-concept 

framework for non-invasive PAH severity stratification by examining the 

relationship between computed pixel diameters and invasive gold-standard 

mPAP measurements [27][28][29][30]. 
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II. MATERIALS AND METHOD 

     The methodology used in this study is a multi-stage framework for 

systematically processing and extracting relevant insights from raw 

physiological statistics. This approach progresses from initial image 

preprocessing and artifact removal to sophisticated feature extraction, which 

eventually feeds into powerful machine learning architectures for automatic 

categorization. 

A. Dataset Characteristics and Patient stratification 

The public thoracic CT database PH-CT-V1, which is hosted on the Kaggle 

platform (https://www.kaggle.com/datasets/turkertuncer/ph-ct-v1),was used 

in this retrospective validation analysis. 807 high-resolution, transverse, 

contrast-enhanced CT scans taken at the precise plane level of the pulmonary 

artery bifurcation make up the extensive evaluation dataset. Each patient 

record in the database is linked to specific physiological pressure readings that 

have been confirmed by invasive RHC. Based on exact mPAP levels, the 

sample was divided into three different diseased groups and a healthy control 

cohort in order to mimic diagnostic sensitivity across clinical thresholds: 

•  Control Group: Patients showing no clinical signs of pulmonary vascular 

disease (mPAP < 20 mmHg). 

•  Group 1 (Mild PAH): 20  mmHg  ≤ mPAP  < 25 mmHg 

•  Group 2 (Moderate PAH): 25 mmHg  ≤ mPAP  ≤ 30  mmHg  

•  Group 3 (Severe PAH): mPAP > 30 mmHg 

B. Pretreatment and Image Border Clearance 

Structural edge-clearing preprocessing was applied to the initial transverse 

slice pictures in order to prevent non-relevant peripheral structures (such 

as the thoracic wall, spine vertebrae, or external imaging artifacts) from 

altering inner vascular segmentation metrics. Morphological 

reconstruction by erasure was used to mathematically implement this. 

Assume that the image function 𝑓(𝑥, 𝑦) represents the raw greyscale CT 

slice. The explicit definition of a boundary marker image 𝑓𝑚(𝑥, 𝑦) is: 

 

𝑓𝑚(𝑥, 𝑦) = {
 𝑖𝑓  (𝑥, 𝑦)  𝑙𝑖𝑒𝑠 𝑜𝑛 𝑡ℎ𝑒 𝑒𝑥𝑡𝑟𝑒𝑚𝑒 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦  𝑖𝑚𝑎𝑔𝑒 𝑓𝑟𝑎𝑚𝑒 𝜕𝛺

0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 

 

 

  The iterative geodesic dilation operator, represented by (E(f(m)), is used 

to morphologically recreate  

      the mask image 𝑓 from the edge marker 𝑓𝑚. Using pixel-wise subtraction, 

the clean background  

      picture with just internal thoracic structures is extracted: 
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𝑓𝑐𝑙𝑒𝑎𝑟(𝑥, 𝑦)  = 𝑓(𝑥, 𝑦)  - E(f(m)) 

 

   The optimized natively compiled MATLAB command imclearborder was 

used to carry out this    

    procedure. 

 

C. Segmentation and Spatial Region of Interest (ROI) Extraction 

After removing the backdrop edges, the spatial sub-region containing the 

main trunk of the pulmonary artery was selected. An interactive "Crop 

Image" function was used to isolate the local coordinates near the vascular 

bifurcation. To turn the contrast-enhanced structural grayscale information 

into a manipulable geometric topology, the clipped array was hard 

binarized with manually tailored threshold settings obtained dynamically 

from local intensity histograms. 

 

To destroy surrounding vascular connections and erase nearby soft-tissue 

structures, mathematical morphological erosion was used. The mathematical 

notion of duality governs the structural degradation of a binary object X 

caused by a certain isotropic disc structuring element B. 

 

𝜀𝐵(𝑥) = 𝛿𝐵(𝑥̅)̅̅ ̅̅ ̅̅ ̅̅ = 𝑥̅ ⊕ 𝐵̅̅ ̅̅ ̅̅ ̅̅ = ⋃ 𝑥̅

𝑏∈𝐵̅

= ⋂ 𝑥𝑏̅̅ ̅

𝑏𝐶−𝐵

= 𝑥𝜃𝐵̅ 

 

Expressed using coordinate set translations: 

 

𝜀𝐵(𝑥) = {𝑧 ∈ ℤ2|𝐵𝑧  ⊆  𝑥 } 

 

where 𝐵𝑍 is the translation of the disc centred at point z. Iterative erosion 

effectively isolates the main trunk of the left/right pulmonary artery before it 

divides into narrower downstream passageways. 

 

D. Feature Extraction and Minor Axis Characterisation 

 

To estimate the genuine continuous geometric profile of the unbranched 

vascular trunk, the binary region attributes were calculated using linked 

component tracking. The structural functional tool area_open, together with 

region boundary analysis, was used to fit an equivalent ellipse across the 

isolated region component. The minor axis length of this boundary geometry 

was chosen to approximate the true diameter of the pulmonary artery (PAD), 

hence reducing the measurement inflation hazards associated with oblique 

slice orientations. 
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The structural pixel values from MATLAB were scaled to decisive physical 

measurements using a fixed pixel-density conversion factor that matched 

conventional clinical scan resolutions: 

 

Physical Ratio: 1 cm = 37.79527559055 pixels 

 

𝑃𝐴𝐷𝑐𝑚 =
𝑃𝐴𝐷𝑝𝑖𝑥𝑒𝑙𝑠

37.79527559055
 

E. Machine Learning Classification Staging  

The resulting 𝑃𝐴𝐷𝑐𝑚 vectors were used as the principal numerical feature 

input for shallow machine learning models to automate categorization. Two 

different classifiers were evaluated: 

 

➢ Support Vector Machines (SVM): Using a radial basis function (RBF) 

kernel to create high-dimensional boundary separations between 

contiguous severity groups. 

➢ K-Nearest Neighbors (KNN): Used an optimized Euclidean distance 

measure (K=3) to cluster diameter metrics based on local geographical 

closeness. 

 

The entire predictive labeling method assigned calculated parameters directly 

to five clinically actionable target groups: 

o Below Normal: 𝑃𝐴𝐷𝑐𝑚 < 1.5 cm 

o Normal Condition : 1.5 𝑐𝑚 ≤ 𝑃𝐴𝐷𝑐𝑚 < 2.5 𝑐𝑚 

o Mild Pulmonary Hypertension: 2.5 𝑐𝑚 ≤ 𝑃𝐴𝐷𝑐𝑚 < 3.0 𝑐𝑚 

o Moderate Pulmonary Hypertension: 3.0𝑐𝑚 ≤ 𝑃𝐴𝐷𝑐𝑚 < 4.0 𝑐𝑚 

o Severe Pulmonary Hypertension:    𝑃𝐴𝐷𝑐𝑚    ≥   4.0 𝑐𝑚 
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III. RESULTS 

The methodical execution of the morphological operations confirmed 

that consecutive edge clearing, binarization, and erosion effectively 

separated the pulmonary trunk from the original chest images. The 

empirical link between the invasive right heart blood pressure and the 

retrieved spatial dimensions revealed a strong positive function 

Early detection of PAH utilizing the PAD CT imaging. 
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mapping, P = f(d). Table 1 shows detailed visual tracking and model 

predictions for typical validation files from each classification regime. 

 
Table 1. Representative Structural Metrics and Severity Classification in the 

Verification Cohort 

Condition Image 

Filename 

Diameter(cm) Diameter(pixels) SVM/KNN 

Prediction 

Normal Condition 4_323.png 2.05 77.39 Normal 

4_371.png 2.08 78.66 Normal 

Mild_Pulmonary 

Hypertension 

1_6.png 2.64 99.75 Mild_Pulmonary 

Hypertension 

1_77.png 2.61 98.79 Mild_Pulmonary 

Hypertension 

Moderate_Pulmonary 

Hypertension 

2_14.png 3.77 142.38 Moderate_Pulmonary 

Hypertension 

2_49.png 3.24 122.37  

Severe_Pulmonary 

Hypertension 

3_269.png 6.53 246.85 Severe_Pulmonary 

Hypertension 

3_294.png 7.20 272.18 Severe_Pulmonary 

Hypertension 

 

 
 Diameter distribution in cases of pulmonary hypertension 
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Statistical validation using multi-class clustering distributions demonstrated a 

clear separation of patient target characteristics. Data monitoring by group 

revealed that healthy baseline patients were confined in a small metric band 

(2.0 cm to 2.25 cm). In contrast, increasing vascular remodeling was found in 

severe PAH cohorts, where cross-sectional measurements increased 

significantly, with outlier cases exceeding 7.0 cm. 

The automatic machine learning classifiers produced extraordinarily high-

performance metrics over the whole 807-image dataset. 

• The KNN Classifier achieved an absolute cross-validated 

diagnostic accuracy of 100%, with no cluster overlaps in the 

diameter feature space. 

• The SVM Classifier achieved a total multi-class staging accuracy 

of 99.38%, misclassifying only a few transitional instances 

located at the exact boundary thresholds between adjacent clinical 

groups. 

IV. DISCUSSION 

 

A. Comparative Analysis of Existing Literature: 
 

   The diagnostic results obtained by our pipeline show the strong predictive 

value of obtaining pulmonary artery diameters from cross-sectional imaging 

data. To verify contextual validity, the performance of this framework was 

compared to a wide range of clinical benchmarks and automated imaging 

paradigms developed over the last two decades. 

Table 1. Methodological Performance Comparison with Extant Literature 

 

Study Reference 

 

 

Methodological Approach 

 

Reported 

Diagnostic 

Performance / 

Findings 

Mahammedi et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Manual CT Main PA 

Diameter Tracing 

Reported 

Diagnostic 

Performance / 

Findings 

Edwards et al.[31] Manual Radiographic Width 

Ratios 

Moderate 

correlation with 

mean PAP (r = 

0.59) 
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Boerrigter et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Cardiac MRI Spatial Area 

Tracking 

High correlation 

with stroke volume 

index (r = -0.68) 

 

Chan et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Combined 

CT/Echocardiography Risk 

Models 

Area Under ROC 

Curve (AUC) = 

0.84 

Kielheid et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Multi-planar Reconstructed 

Manual PAD 

Linear correlation 

coefficient r = 0.62 

to mPAP 

 

Zheng et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Semi-automated Active 

Contour Segmentation 

Diameter extraction 

error bound within 

± 1.8 mm 

 

Matsushita et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Manual High-Resolution 

Chest CT Metrics 

Strong correlation 

with right 

ventricular ejection 

fraction 

Swift et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Cardiac Magnetic Resonance 

Visual Staging 

Diagnostic 

Accuracy: 84% for 

overall PH 

identification 

Grosse et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Dual-Energy CT Pulmonary 

Perfusion Maps 

Sensitivity: 91% 

using vascular 

volume indices 

Ascha et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Volumetric Main PA Trunk 

3D Reconstruction 

High correlation 

with total 

pulmonary vascular 

resistance 

Revel et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Automated 2D Slice Gradient 

Thresholding 

Segmentation 

correlation r = 0.77 

with manual tracing 

 

Farkas et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Histological/Morphometric 

Vascular Profiling 

Micro-CT confirms 

main trunk 

expansion follows 

medial wall loss 

Aluja et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

Non-contrast CT 

Calcification Scoring 

Dilation highly 

predictive of 

mortality (p < 

0.001) 
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Kondo et al. Hata! 

Başvuru kaynağı 

bulunamadı. 

ECG-gated Dynamic 

Computed Tomography 

Maximum-to-

minimum PAD 

distensibility drops 

below 6% in PAH 

Moledina et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Pediatric Cohort Manual 

Tracing Metrics 

Ratio of PA-to-

Aorta 

diameter >1.0 

indicates severe 

risk 

 

Proenca et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Deep Convolutional Neural 

Networks (CNN) 

Automatic 

segmentation Dice 

Similarity 

Coefficient = 0.89 

Aviram et al. 

Hata! Başvuru 

kaynağı 

bulunamadı. 

Contrast-Enhanced Slice 

Ratio Profiling 

PA/Aorta ratio 

correlates with 

acute embolism 

severity 

Grazioli et al.  High-Resolution Spiral CT 

Vector Analysis 

Correctly stratified 

82% of mild vs. 

severe states 

Our Proposed 

Study 

Automated Morphological 

Pipeline + KNN/SVM 

Classification 

Accuracy: 100% 

(KNN) / 99.38% 

(SVM) 

 
Traditional manual morphometric approaches, such as those used by 

Mahammedi et al. [31] and Kielheid et al. [35], have significant limitations 

due to inter-operator variability and reduced classification accuracy when 

distinguishing between mild and intermediate illness stages. While advanced 

methods, such as the deep neural networks created by Proenca et al. [46], yield 

high Dice similarity metrics, they necessitate big labeled datasets and high-

performance computational infrastructure. 

In contrast, our suggested morphological workflow achieves high diagnostic 

classification accuracy (99.38%-100%) through focused, limited region 

extraction and geometrical minor-axis parsing. By separating the minor axis 

features of the unbranched vascular trunk, this method decreases measurement 

errors caused by oblique imaging planes, resulting in excellent precision even 

when utilizing simpler machine learning architectures. 

 

B. Limitations and Future Directions: 
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Despite its strong classification performance, this study has several limitations 

that should be addressed in future work: 
➢ Data Source Homogeneity: The pipeline was evaluated against a 

single public image repository (PH-CT-V1). Additional testing using 

multicenter datasets is required to assess its stability across different 

scanner procedures, contrast timing, and slice thicknesses. 

➢ Absence of Multimodality Verification: The automated image 

measures were not compared to real-world transthoracic 

echocardiography (TTE) parameters or physical pressure indices from 

various clinical groups. 

➢ Two-Dimensional Simplification: This method measures structural 

properties with single transverse 2D slices. Developing this 

framework into full 3D volumetric reconstructions of the pulmonary 

trunk would allow for a more thorough study of vascular alterations. 

V. CONCLUSION 

This paper shows an automated image processing pipeline written in 

MATLAB that segments and estimates pulmonary artery diameter from 

contrast-enhanced transverse CT slices. Using morphological boundary 

clearing, targeted binarization, and structural erosion, the framework 

separated the primary pulmonary artery trunk and computed physical vessel 

sizes across an 807-image dataset. 

When combined with shallow machine learning classifiers, the retrieved 

dimensions enabled accurate illness staging, with the SVM and KNN models 

obtaining classification accuracies of 99.38% and 100 percent, respectively. 

These findings suggest that automated cross-sectional PAD characterization 

has great promise as a non-invasive screening tool and clinical decision 

support metric for determining pulmonary arterial hypertension severity. 
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ABSTRACT 

 

This paper examines the development and application of a mathematical 

model for linear interpolation motion in CNC turning, emphasising its role in 

toolpath validation. The model is based on Newton's linear interpolation 

formula, providing a precise and reliable means of predicting the dynamic 

behaviour of CNC lathes during turning operations. By focussing on the 

mathematical foundations of CNC machining, the study offers a robust 

framework for analysing and optimising toolpaths, ensuring accuracy and 

efficiency in machining processes. The implementation of this model is 

performed using MATLAB, a powerful tool that facilitates the generation of 

graphical solutions and simulations. MATLAB's capabilities allow for the 

visualisation of toolpath trajectories, aiding in the identification of potential 

discrepancies in the toolpath. This approach not only enhances the accuracy 

of CNC turning operations but also contributes to reducing machining errors 

and improving overall production quality. Through empirical analysis and 

simulation, the paper highlights the significance of linear interpolation in 

achieving precise cutting tool movements and minimising deviations during 

CNC turning. The results underscore the importance of mathematical 

modelling in modern manufacturing processes, where precision and 

reliability are paramount. This study provides valuable insights into the 

application of linear interpolation in CNC machining, offering a foundation 

for further research and development in the field of toolpath validation and 

optimisation.   

 

Keywords – CNC lathe, CNC interpolator, CNC simulator, Cutting tools, MATLAB 

 

I. INTRODUCTION 

The material removal process is a foundational element in manufacturing, 

encompassing the systematic elimination of material from an initial 

workpiece to shape it into a final, functional product. This process is integral 

to a variety of shaping operations, with machining being the most prominent 

and widely recognised within the family of material removal techniques. In 

particular, machining is extensively utilised in metalworking, where it serves 

the critical function of transforming raw metal into functional components 

and products. The essence of machining lies in the precision with which the 

excess material is removed from a starting workpiece using a sharp, hard 

cutting tool, thereby producing the desired shape and dimensional accuracy. 

This specific activity, characterised by the removal of material through the 

application of a harder cutting tool, is commonly referred to as the metal-

cutting process, which, while a subset, is closely related to the broader 

spectrum of material removal processes [1,2]. 

The metal-cutting process is influenced by a multitude of factors, including 

cutting speed, feed rate, depth of cut, cutting fluid, the properties of the 
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cutting tool, chip formation, and machinability. These factors are considered 

independent variables, each contributing to a range of dependent variables 

that define the outcomes of the metal-cutting process. The dependent 

variables include the type of chip produced during cutting, the magnitude of 

force and energy expended in the process, the resultant temperature rise in 

the workpiece, cutting tool, and chip, the extent of cutting tool wear and 

potential cutting tool failure, as well as the quality of the surface finish and 

the integrity of the workpiece. The successful execution of metal-cutting 

operations demands the use of machines that can provide the necessary 

power under predetermined cutting conditions, which in turn influence the 

operation's efficiency, the workpiece's characteristics, and the load imposed 

on the machine [3]. 

In practical applications, metal-cutting transcends a single, uniform 

process and instead comprises a diverse array of operations, each tailored to 

specific tasks and outcomes. Among the most prevalent metal-cutting 

operations are turning, milling, and drilling, each of which encompasses 

several specialised sub-operations. Despite the diversity of these operations, 

they share a fundamental characteristic: the separation of material from the 

workpiece using a cutting tool to form a chip, which simultaneously creates 

a new surface on the workpiece. Achieving this material separation 

necessitates relative motion between the workpiece and the cutting tool, a 

requirement met through the implementation of a primary motion, 

commonly referred to as the cutting speed, and a secondary motion, known 

as the feed [4,5]. 

Among the various metal-cutting operations, turning is one of the most 

common and frequently performed. During turning, the rotating workpiece is 

secured in the lathe's chuck while the cutting tool is moved along a 

predetermined axis, with material being incrementally removed to shape the 

workpiece into a cylindrical form or a more intricate profile (Figs. 1a and 

1b). The cutting speed, a critical parameter in this operation, is defined as the 

velocity at which the circumference of the rotating workpiece passes the 

cutting edge of the cutting tool, typically measured in metres per minute. 

Concurrently, the feed rate represents the axial distance that the cutting tool 

advances during each rotation of the workpiece, also measured per minute. 

Additionally, the depth of cut is a vital metric, indicating the thickness of the 

material layer removed from the workpiece during each pass of the cutting 

tool, measured in millimetres. 
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Fig. 1 a) Lathe chuck, b) Workpiece in the turning operation, c) Chip formation [6] 

The various machining operations performed on a lathe, other than 

traditional turning, are intrinsically linked to the fundamental principle of 

rotating the workpiece while applying a cutting tool to modify its shape, 

dimensions, or surface characteristics. Turning, in its simplest form, involves 

the use of a single-point cutting tool to remove material from the surface of a 

rotating workpiece, thereby reducing its diameter, creating cylindrical 

shapes, or achieving a smooth finish (Fig. 1c). However, the versatility of 

the lathe extends far beyond this basic operation, allowing for a wide range 

of more specialised machining operations [7]. 

Facing (Fig. 2a) is one such operation that involves the movement of a 

cutting tool across the end face of the rotating workpiece. This action 

produces a flat surface that is perpendicular to the axis of rotation, often 

serving as a preparatory step for further machining or as a finishing 

operation to create a precise and smooth end surface. The significance of 

facing lies in its ability to ensure that the workpiece is uniform and ready for 

subsequent operations. 

Taper turning (Fig. 2b), another critical operation, is employed to create a 

conical shape on the workpiece. This is achieved by gradually decreasing the 

diameter of the workpiece along its length, which can be accomplished 

through various techniques such as adjusting the cutting tool angle or 

offsetting the tailstock. Tapered surfaces are essential in many mechanical 

components, including shafts and pins, where they facilitate the assembly of 

workpieces with specific fitting requirements. 

Contour turning (Fig. 2c) represents a more advanced machining operation 

wherein the cutting tool follows a complex, predefined path along the length 

of the workpiece. This allows for the creation of intricate and non-cylindrical 

profiles, which are often required in components with variable cross-

sections. The precision and flexibility offered by contour turning are crucial 

in manufacturing custom workpieces and prototypes with detailed 

geometries. 

Form turning (Fig. 2d), closely related to contour turning, involves the use 

of a specially shaped cutting tool to impart a specific profile onto the rotating 

workpiece in a single pass. Unlike contour turning, which may require 
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multiple tool movements, form turning relies on the geometry of the cutting 

tool itself to achieve the desired shape. This operation is particularly useful 

in producing repetitive, symmetrical features on the workpieces, such as 

grooves or decorative elements. 

Chamfering (Fig. 2e) is an operation focused on removing sharp edges by 

cutting a bevelled edge on the workpiece. This is typically done to improve 

the safety, aesthetics, and assembly of the workpiece, as sharp edges can be 

hazardous and may lead to stress concentrations. Chamfering also facilitates 

easier insertion of workpieces during assembly, thereby enhancing the 

overall functionality of the component. 

Cutoff (Fig. 2f), also known as parting, involves severing the workpiece 

into two separate pieces by using a cutting tool to penetrate through its 

diameter. This operation is essential when creating multiple parts from a 

single workpiece or when separating a finished part from excess material. 

Precision in cutoff operations ensures that the final dimensions of the 

workpiece are maintained and that minimal post-processing is required. 

 

Fig. 2 Machining operations related to turning [6] 

Threading (Fig. 2g) is another crucial operation performed on a lathe, in 

which helical grooves are cut into the surface of the rotating workpiece to 

create threads. These threads are integral to fasteners like screws and bolts, 

as they allow for the secure assembly of components. The precision of the 

threading operation is crucial to ensuring that the threads properly align with 

their complementary parts, providing reliable and repeatable connections. 
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Boring (Fig. 2h) is a machining operation used to enlarge an existing hole 

within the rotating workpiece. This operation is often employed when a 

higher degree of precision and finish is required than can be achieved 

through initial drilling. Boring improves the concentricity and surface finish 

of the hole, making it suitable for critical applications such as bearing 

housings and other components that demand tight tolerances. 

Drilling (Fig. 2i), on the other hand, is the operation of creating a new hole 

in the workpiece by feeding a rotating drill bit into the material. While 

drilling can be performed on a variety of machines, performing this 

operation on a lathe allows for the precise alignment of the hole with the axis 

of the workpiece. This ensures that the hole is accurately positioned and 

aligned, which is particularly important in applications where axial 

symmetry is required. 

Finally, knurling (Fig. 2j) is a unique operation that imparts a textured 

pattern onto the surface of the rotating workpiece. This pattern, typically 

consisting of a series of ridges or cross-hatched lines, serves both functional 

and aesthetic purposes. Functionally, knurling improves the stability of a 

component, making it easier to handle or rotate by hand. Aesthetically, 

knurling can enhance the appearance of a part, giving it a more refined and 

professional look. 

These operations are intrinsically linked to the fundamental principle of 

lathe turning, a technique predicated on the controlled rotation of the 

workpiece. The application of various cutting tools to the rotating workpiece 

facilitates the achievement of specific shapes, dimensions, and surface 

finishes. This adaptability underscores the lathe's critical role in 

manufacturing, where it is employed to produce a diverse range of complex 

and precise components. 

The invention of computer numerically controlled (CNC) machines marks 

a significant advancement in machining technology, providing a degree of 

precision and accuracy that substantially exceeds that achievable through 

conventional methods. CNC machines have become integral to 

contemporary manufacturing due to their ability to deliver consistent 

dimensional correctness, superior surface finishes, and precision across all 

aspects of machining operations [8]. 

In particular, CNC turning is an advanced and precisely controlled 

machining operation engineered for the accurate shaping of metallic 

materials. This technique involves the systematic removal of excess material 

from a rotating workpiece, similar to traditional turning but with 

significantly enhanced precision and control (Fig. 3). The operation begins 

with the secure clamping of the workpiece, typically a cylindrical rod or 

blank, in the chuck of a CNC lathe. The lathe then rotates the workpiece 

about its central axis, facilitating a controlled interaction between the cutting 

tool and the material. This method not only ensures meticulous material 
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removal but also exemplifies the advanced capabilities of CNC technology 

in achieving high-quality and precise machining outcomes. 

 

Fig. 3 CNC turning [9] 

The operation of cutting tools in CNC turning is regulated by a computer 

numerically controlled (CNC) system, which operates based on a sequence 

of programmed instructions, typically written in G-code. These G-code 

instructions are crucial as they direct both the movements of the cutting tool 

and the rotational speed of the workpiece, enabling the CNC system to 

accurately control the toolpath and contouring as it penetrates into the 

material. Central to this system is the CNC interpolator, which translates G-

code instructions into precise toolpaths and motion commands. This 

meticulous arrangement is essential for ensuring smooth and accurate cutting 

tool movements, thereby facilitating precise material removal and achieving 

the desired geometric shape of the workpiece. 

The CNC simulator and CNC interpolator are both essential elements 

within the intricate systems of CNC machines, and they function 

collaboratively through the exchange and interpretation of G-code 

instructions. The CNC interpolator plays a crucial role in this dynamic, as it 

precisely interprets the G-code commands to determine the precise 

movements of the cutting tool. It translates these commands into control 

signals that drive the machine’s various axes, effectively dictating the speed, 

direction, and positioning of each axis. This careful control ensures that the 

cutting tool operates with exceptional precision and accuracy throughout the 

machining operation [10]. 

On the other hand, the CNC simulator serves a fundamentally different but 

equally important purpose. It operates by computationally simulating the 

movements of the cutting tool and the entire machining operation. This 

simulation capability allows operators to visualise, examine, and analyse the 

complex interactions and potential challenges of the machining operation 
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before it actually begins. By simulating toolpaths, detecting potential 

collisions, and evaluating the overall efficacy of the machining strategy, the 

CNC simulator provides practical insights and predictive assistance, 

enhancing both the planning and implementing stages of machining 

operations. 

CNC machines utilise interpolation to direct and control the cutting tools 

along specified toolpaths within a Cartesian coordinate system (Figs. 4 and 
5). This system, characterised by its orthogonal axes (commonly labelled as 

X, Y, and Z), provides a framework within which precise movements and 

operations are performed on the workpiece. Interpolation in CNC machining 

is not monolithic but rather encompasses various forms, each tailored to 

accommodate specific machining requirements and geometrical 

complexities. These include linear, circular, parabolic, and helical 

interpolation, each fulfilling an indispensable role in the machining 

operation. 

 

Fig. 4 a) Linear interpolation, b) Circular interpolation [9] 

Linear interpolation (Fig. 4a) represents one of the most fundamental and 

commonly used forms of interpolation within CNC operations. In this mode, 

the CNC machine is programmed to manoeuvre the cutting tool along a 

perfectly straight path that connects two predetermined points on the 

workpiece. This type of interpolation is essential for producing linear 

features, such as edges, slots, and simple contours, with a high degree of 

precision. The toolpath generated through linear interpolation is a direct and 

complete translation of the desired geometric feature, making it particularly 

useful for operations requiring straightforward, linear movement. 
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Fig. 5 a) Parabolic interpolation, b) Helical interpolation [9] 

The importance of interpolation extends beyond mere linear movements. 

Circular interpolation (Fig. 4b) allows the CNC machine to create arcs and 

circles by continuously adjusting the position of the cutting tool along a 

curved path while maintaining a constant radius from a central point. This 

capability is crucial for machining rounded features and complex curves 

with precision. Parabolic interpolation  

(Fig. 5a), though less common, is employed for generating parabolic shapes, 

which are often required in specialised engineering applications, such as in 

the aerospace and automotive industries. Helical interpolation (Fig. 5b), 

another advanced form, enables the CNC machine to produce helical paths, 

combining rotational and linear movements, which is particularly beneficial 

in the creation of threads and other spiral geometries. 

The application of various forms of interpolation within CNC machining 

underscores the versatility and precision of CNC machines. By accurately 

directing the cutting tool along predetermined paths, whether linear, circular, 

parabolic, or helical, interpolation enables the production of complex 

geometrical features with high accuracy, thereby fulfilling the stringent 

requirements of modern manufacturing processes. The implementation of 

these interpolative techniques is a confirmation of the sophisticated 

functionality of CNC systems, which have revolutionised manufacturing by 

allowing for the automation of intricate machining tasks with remarkable 

consistency and efficiency. 

The effective implementation of these interpolation techniques can be 

supported by mathematical modelling and simulation tools, such as 

MATLAB, which provide powerful capabilities for visualising and analysing 

toolpaths. MATLAB, in particular, offers robust tools for graphical solutions 

and simulations, enabling engineers and machinists to input the relevant 

mathematical equations that define the toolpaths and to generate visual 

representations of these paths. This graphical approach is invaluable in 

optimising toolpath design, predicting potential issues, and making 

necessary adjustments to enhance the machining operation. Furthermore, 

MATLAB's capabilities allow for comprehensive analysis of various 

machining scenarios and parameters before the actual machining operation 
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begins, thereby contributing to improved development, implementation, and 

ultimately, the efficiency of CNC turning operations [11]. 

In essence, CNC turning, as an integral part of CNC machining, represents 

a highly precise and efficient manufacturing technique that relies on 

advanced mathematical modelling and interpolation methods for accurate 

toolpath control on modern CNC lathes and machining centres. The 

application of linear interpolation in mathematical modelling, combined with 

MATLAB-based graphical analysis, enables the accurate representation and 

evaluation of toolpath generation and the interpolation of complex 

geometries by CNC lathe interpolators. The concepts and principles 

addressed in the relevant literature  

(e.g., [1]–[22]) provide a comprehensive basis for understanding CNC 

turning and emphasise its important role in contemporary manufacturing 

processes. 

The paper addressing these topics is systematically structured into five 

sections. The first section serves as an introduction, offering a detailed 

overview of the fundamental concepts and underscoring the significance of 

CNC turning in contemporary manufacturing practices. The second section 

elaborates on the research methodology employed, while the third section 

presents the results of the research. The fourth section provides a discussion 

of the results, including their implications and potential applications within 

the broader context of machining and manufacturing. Finally, the fifth 

section concludes the paper, outlining potential applications and proposing 

directions for future research in CNC turning and precision machining. 

II. MATERIALS AND METHOD 

This research examines a specialised aspect of the clutch hub machining 

process, with a particular emphasis on its implementation within the 

framework of a CNC turning operation. The clutch hub is a pivotal element 

in the clutch system of a vehicle, serving as the central component of the 

clutch disc assembly, which is integral to the functionality of vehicles 

equipped with manual transmissions. The role of the clutch hub is 

indispensable, as it directly influences the performance and reliability of the 

transmission system, thereby underscoring the significance of precision in its 

manufacturing process. 

To facilitate a precise and thorough analysis of the turning operation, two-

dimensional technical drawings have been meticulously created using 

advanced Computer-Aided Design (CAD) tools, notably AutoCAD software. 

These drawings are not merely illustrative; they provide an intricate and 

highly accurate representation of the machining operation. The technical 

drawings meticulously document the transformation of the clutch hub from 

its initial state as a forged component, depicted in Figure 6a, to its final, fully 

machined form, as shown in Figure 6b. This progression, as demonstrated 

through the drawings, serves as an important tool for comprehending the 
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complexities and exactitude required in the CNC turning operation within 

the clutch hub manufacturing process. The detailed visual documentation 

enables a deeper understanding of the operational requirements, which is 

essential for ensuring the high precision and quality standards demanded in 

automotive manufacturing. 

 

Fig. 6 Comparison of a) Forged clutch hub and b) Machined clutch hub [12] 

The CNC turning operation, illustrated in Figure 7, encompasses not only 

the primary turning operation but also includes additional machining 

operations that relate to turning, such as facing and chamfering. These 

supplementary operations are critical to achieving the precise dimensions 

and surface finishes specified in the operational sheet. By integrating facing, 

which ensures a flat surface perpendicular to the axis of rotation, and 

chamfering, which removes sharp edges and creates a bevelled edge at 

specified angles, the operation ensures adherence to the stringent 

dimensional tolerances required in the final component. 
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Fig. 7 Turning operation [12] 

The turning operation commences with the meticulous alignment and 

secure clamping of the workpiece within the CNC machine. This step is 

critical, as it ensures the stability and accuracy required for subsequent 

machining operations. The workpiece is firmly held in place to prevent any 

movement that could compromise the precision of the operation. The CNC 

machine, driven by advanced CNC technology, directs the cutting tool along 

a predefined path, ensuring the systematic removal of the excess material. 

This stage is critical for machining the contours to the exact specifications 

required for the proper functioning of the clutch hub. 

In this operation, the secure clamping of the workpiece into the CNC 

machine is followed by the selection of an appropriate cutting tool, which 

plays a significant role in achieving the desired outcome. Specifically, the 

PCLNR3232P19 external tool holder is employed for this turning operation, 

as illustrated in Figure 8a. This tool holder is coupled with the 

CNMM190616 turning insert, both of which are manufactured by ZCC-CT, 

a well-known producer of cutting tools. As the cutting tool traverses the 

designated path, it meticulously follows the programmed geometry, ensuring 

that the final shape of the workpiece is achieved with high precision (Fig. 

8b). 
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Fig. 8 a) Cutting tool [12,23], b) Toolpath precision in CNC turning [23] 

To accurately define the precise toolpath for the cutting tool, Figure 9 

presents a detailed two-dimensional representation of the clutch hub. This 

model is complemented by a systematic arrangement of coordinates, 

designated as points A through J. These coordinates serve as critical 

reference points, enabling a clear and methodical understanding of the 

toolpath trajectory necessary for the machining operation. By separating 

these specific positions, the figure facilitates a thorough visualisation of the 

geometric relationship between the cutting tool and the workpiece, thereby 

ensuring precise control over the turning operation. 

 

Fig. 9 a) Toolpath illustration, b) Coordinates of the toolpath  

These coordinates precisely determine the toolpath through the process of 

linear interpolation, whereby the cutting tool moves along straight lines 

connecting each designated point, ensuring seamless transitions from point 

A to point J. The motion resulting from the linear interpolation is 

characterised by a series of straight-line segments that connect specific 

points. At each point, the cutting tool adjusts its direction to follow the 

straight path connecting the consecutive points. This method provides both 

precision and control in defining the toolpath, which is crucial for achieving 

the desired geometry of the workpiece. 

The analysis of linear interpolated motion employs Newton's linear 

interpolation formula to estimate function values at particular points within 
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the range of a discrete set of known data points. This method represents a 

specific instance of polynomial interpolation, where the interpolation 

polynomial is of the first degree, or linear. In this context, it is assumed that 

the values between two consecutive data points can be approximated by a 

straight line. Newton's linear interpolation formula is used to construct this 

line, facilitating the estimation of intermediate values. The formula is 

derived by formulating a linear polynomial that passes through two known 

points, thereby ensuring that the interpolated values fall on this straight line. 

The Newton's linear interpolation formula applied to compute the 

interpolating polynomial within these linear segments is: 

𝑃𝑖(𝑥) = 𝑦𝑖 + (𝑥 − 𝑥𝑖) ∙
𝑦𝑖+1 − 𝑦𝑖

𝑥𝑖+1 − 𝑥𝑖
                                                                   (1) 

In this equation, Pi(x) signifies a linear function derived from the 

interpolation formula, which is employed to estimate the dependent variable 

(y) at a given point (x) by utilising the known values yi and yi+1 at the 

respective points xi and xi+1. This formula effectively constructs a linear 

segment that connects the coordinates (xi, yi) and (xi+1, yi+1), thereby enabling 

the estimation of y for any x positioned within this specified interval. The 

interpolation technique assumes the linearity of the segment between these 

two points, providing a straightforward method for approximating values. It 

should be noted that when xi and xi+1 are identical, the necessity for 

interpolation is eliminated, as no interval exists between these two points, 

and thus, the value of y can be directly obtained without further calculation.  

III. RESULTS 

This section presents the results obtained through the application of 

Newton's linear interpolation formula to designated data points. The 

methodology involved several critical stages, including the careful selection 

of data points, the identification of relevant intervals, and the subsequent 

application of the interpolation formula to derive estimates for the unknown 

values. 

The results are systematically organised in Table 1, which provides a 

detailed overview of the interpolation process. The table is structured to 

include detailed columns specifying the initial and final coordinates of the 

data points, the interval points, and the corresponding interpolating 

polynomial for each segment. 

The process commenced with the determination of exact coordinates, 

denoted as (xi, yi) and (xi+1, yi+1), which represent the known data points 

between which the interpolation is performed. These points serve as the 

foundational points for the interpolation process. Following this, the 

intervals between consecutive data points were calculated, setting up the 

structure for the interpolation. 



 

136 

Subsequently, Newton's linear interpolation formula was employed to 

estimate values between these given points. Specifically, using equation (1), 

the interpolating polynomial P(x) for any x within the interval [xi;xi+1] was 

calculated. This process is exemplified in Table 1, where the interpolated 

values are listed. It is important to note that in cases where the x-values 

within a given interval [xi;xi+1] were identical, interpolation was considered 

unnecessary, and the y-value remained constant. This scenario reflects a 

direct linear progression along the x-axis, obviating the need for additional 

computational steps. 

Table 1. Results of the linear interpolation 

Initial Coordinates Final Coordinates Interval 

Points 
Pi(x) 

xi yi xi+1 yi+1 

0 0 0 30 [A;B] / 

0 30 −1 31 [B;C] P1(x)=30−x 

−1 31 −12 31 [C;D] P2(x)=31 

−12 31 −12 41 [D;E] / 

−12 41 −13 42 [E;F] P4(x)=29−x 

−13 42 −19 42 [F;G] P5(x)=42 

−19 42 −19 69 [G;H] / 

−19 69 −20 70 [H;I] P7(x)=50−x 

−20 70 −47.5 70 [I;J] P8(x)=70 

 

 

Furthermore, the coordinates of the designated points were systematically 

incorporated into a MATLAB script, which facilitated the construction of a 

mathematical model utilising Newton's interpolation formula for linear 

interpolation. This process entailed the development and execution of 

MATLAB code designed to implement the interpolation formula. 

Specifically, the script accepts as input the x and y coordinates of the data 

points, applies Newton’s interpolation formula to estimate values at 

intermediate points, and generates a graphical representation to visually 

illustrate the interpolation results. The created MATLAB code is detailed 

below. 

 

MATLAB code 

% Coordinates of the given points 

x = [0 0 -1 -12 -12 -13 -19 -19 -20 -47.5]; 

y = [0 30 31 31 41 42 42 69 70 70]; 

 

% Newton's linear interpolation 

n = length(x); 
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coefficients = zeros(n, n); 

 

% Determine the divided differences 

coefficients(:, 1) = y'; 

 

for j = 2:n 

    for i = 1:n-j+1 

        coefficients(i, j) = (coefficients(i+1, j-1) - coefficients(i, j-1)) / (x(i+j-1) 

- x(i)); 

    end 

end 

 

% Generate interpolated values 

x_interpolated = linspace(min(x), max(x), 1000); 

y_interpolated = zeros(size(x_interpolated)); 

 

for i = 1:length(x_interpolated) 

    y_interpolated(i) = coefficients(1, 1); 

    for j = 2:n 

        y_interpolated(i) = y_interpolated(i) + coefficients(1, j) * 

prod(x_interpolated(i) - x(1:j-1)); 

    end 

end 

 

% Plot a diagram 

figure; 

plot(x, y, 'o', 'MarkerFaceColor', 'b', 'MarkerSize', 8, 'DisplayName', 'Data 

Points'); 

hold on; 

plot(x_interpolated, y_interpolated, 'r-', 'LineWidth', 2, 'DisplayName', ' 

Linear Interpolation'); 

xlabel('x'); 

ylabel('y'); 

title('Newton''s Linear Interpolation'); 

legend('show'); 

grid on; 

 

The MATLAB programming environment, in which the code for 

Newton's linear interpolation is entered and executed, is depicted in Figure 

10. This environment provides a structured interface for the development 

and application of MATLAB scripts. It includes various components, such 

as a command window for interactive execution and output observation, an 

editor for script and function development, and a workspace for monitoring 

variable states. The illustration provides a comprehensive overview of the 
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MATLAB environment’s layout, highlighting the tools and panels employed 

in the code's implementation. 

 

Fig. 10 MATLAB environment layout 

Following the implementation of the developed code, MATLAB is 

employed to generate a detailed graphical representation of the results. This 

output, shown in Figure 11, demonstrates the application of linear 

interpolation within the CNC turning operation, directed by the coordinates 

provided in Figure 9b. 

 

Fig. 11 Graphical representation of the results 

Specifically, this figure illustrates an accurate graphical depiction of the 

linear interpolation applied in the considered CNC turning operation. 
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IV. DISCUSSION 

This graphical representation is pivotal for understanding the role of linear 

interpolation in providing precise adjustments and improvements during the 

operation. Such interpolative techniques are integral to achieving the desired 

levels of accuracy and quality in the final machined products. By leveraging 

the coordinates outlined in Figure 9b, the interpolation model effectively 

translates these discrete points into a smooth, continuous curve. This curve 

represents the toolpath of the CNC turning operation, providing a 

comprehensive visualisation of the CNC turning trajectory. This approach 

not only enhances operational precision but also optimises the overall 

efficiency of the operation, ensuring high standards of manufacturing 

quality. 

The graphical representation serves several crucial functions. First, it 

verifies the correct application of the interpolation model by demonstrating a 

smooth transition between data points that aligns precisely with the intended 

turning path. This confirmation ensures that the model operates as 

anticipated and follows the designated trajectory. 

Second, this visual depiction is constructive for further analysis, providing 

engineers and technicians with a detailed view of the interpolation model's 

performance in practical scenarios. By assessing the way linear interpolation 

conforms to the planned CNC turning strategy, they can pinpoint areas for 

enhancement and make necessary adjustments to improve performance. 

Additionally, the graphical representation is vital for optimising the CNC 

turning operation. It clearly depicts the relationship between coordinates and 

the interpolation curve, facilitating the identification of discrepancies or 

potential improvements. This clarity can enhance machining precision, 

reduce material waste, and increase overall efficiency. 

Moreover, the visualisation aids in communication by converting complex 

data into a more understandable format. Mechanical engineers, project 

managers, machinists, and operators can develop a deeper insight into CNC 

turning operations and the role of interpolation in producing high-quality 

components. This representation thus acts as a bridge between theoretical 

models and practical applications, promoting a deeper understanding and 

collaboration among all relevant participants. 

The obtained results confirm both the outer contour of the designed model 

and the toolpath generated by MATLAB. This validation elucidates the 

function of the CNC interpolator, demonstrating how the developed 

mathematical model supports the simulation outcomes on CNC machines. It 

clarifies the intricate interaction between the CNC interpolator and the CNC 

simulator, offering insights into their operational mechanisms in CNC lathes. 

By using programmed G-codes, the CNC interpolator computes the 

toolpath and converts it into a corresponding signal, which is then displayed 

on the CNC simulator. This process underscores the effectiveness of the 
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CNC interpolator implemented in each CNC machine for linear 

interpolation. 

In summary, the graphical representation produced by MATLAB is a 

critical element in analysing and optimising the CNC turning operation. It 

not only verifies the successful implementation of linear interpolation but 

also provides a robust basis for consistent improvement and effective 

application on modern CNC lathes. 

V. CONCLUSION 

In this research, a mathematical model for linear interpolation motion in 

CNC turning was examined using Newton's linear interpolation formula. The 

development and implementation of this model in MATLAB contributed to 

significant insights into the dynamic behaviour of CNC lathes during CNC 

turning operations. This model serves as a valuable tool for both theoretical 

analysis and practical application in CNC machining. 

The employment of Newton's linear interpolation formula in formulating 

this model demonstrated an effective method for estimating and predicting 

the motion of CNC lathes. This empirical approach has successfully 

provided a clear and accurate depiction of linear interpolation motion, which 

is essential for improving the precision and efficiency of CNC turning 

operations. The MATLAB implementation of the model further expands its 

practical utility by enabling graphical representations and visualisations, thus 

facilitating a more comprehensive understanding of the model's behaviour 

and its implications for real-world CNC turning applications. 

This research highlighted the significance of mathematical modelling in 

CNC machining, particularly in the optimisation and comprehension of the 

dynamic performance of CNC lathes. The insights derived from this model 

have the potential to inform future advancements in CNC technology, 

enhance turning operation precision, and contribute to the evolution of 

automated machining processes. Moreover, the integration of the model with 

MATLAB provided a robust platform for ongoing research and 

development, allowing for further exploration and refinement of the model. 

In conclusion, the development of this linear interpolation model 

represents a substantial contribution to the field of CNC turning, offering a 

solid foundation for both theoretical inquiry and practical implementation. 

As CNC technology evolves, the insights gained from this model will be 

important in advancing the understanding and performance of CNC lathes. 

Future research may build upon this model to investigate more complex 

interpolation techniques, incorporate additional factors influencing CNC 

turning, and further extend the mathematical framework to enhance CNC 

machining capabilities. 
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ABSTRACT 

The integration of advanced spatial computing with sustainable tourism 

planning remains underdeveloped in arid, historically significant regions. This 

study presents a novel methodological framework combining Deep Learning 

(DL) and Geographic Information Systems (GIS) to evaluate the geo-tourism 

potential of Gaberoun in the Murzuq basin, Southern Libya. By leveraging 

high-resolution multispectral imagery from the Copernicus Open Access Hub 

and topographical data from USGS EarthExplorer, this research constructed a 

specialized spatial database. A transfer learning approach was employed, pre-

training Convolutional Neural Networks (CNNs) on the LandCoverNet 

dataset before fine-tuning them on a custom-annotated, localized dataset of 

the Gaberoun environment. The extracted spatial features encompassing 

archaeological sites, seasonal wadis, oasis infrastructure, and transit routes 

were integrated with terrain ruggedness indices derived from ASTER GDEM. 

These spatial outputs fed directly into a dual-assessment matrix measuring 

educational value and economic profitability. The findings demonstrate that 

DL-enhanced GIS significantly improves the precision of heritage asset 

mapping and infrastructure cost-estimation. This research provides a 

replicable, data-driven blueprint for developing geo-tourism in fragile desert 

ecosystems, balancing heritage preservation with regional economic 

revitalization. 

Keywords: Deep Learning, GIS, Geo-Tourism, Educational, Economic, Gaberoun, 

Southern Libya. 

1. INTRODUCTION 

Geo-tourism in arid environments presents a unique set of spatial and 

economic challenges. The Fezzan region of southern Libya, particularly the 

Murzuq basin, contains profound geological and archaeological assets [1], 

[13]. Gaberoun, characterized by its seasonal lake, paleoenvironmental 

significance, and proximity to ancient transit routes, holds substantial 

potential for specialized tourism [2]. However, the development of such sites 

is frequently hindered by a lack of high-resolution spatial data and rigorous 

economic feasibility studies [3], [4]. Traditional GIS methods often fail to 

capture the complex, micro-scale environmental variables necessary for 

precise tourism planning in desert oases [3]. Recent advancements in 

computer vision offer a solution to these spatial ambiguities [4]. Deep learning 

algorithms, particularly Convolutional Neural Networks (CNNs) and Vision 

Transformers (ViTs), have demonstrated exceptional capability in extracting 

nuanced land-cover and feature classifications from satellite imagery [5]. The 

application of these technologies to geo-tourism profitability in North Africa 

remains sparse. This chapter addresses this gap by proposing a DL-enhanced 

GIS framework tailored for Gaberoun. The primary objectives are threefold: 
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first, to develop a highly accurate, custom-trained deep learning model for 

mapping geo-tourism assets; second, to assess terrain accessibility and 

environmental constraints using advanced digital elevation modeling; and 

third, to quantify the educational and economic profitability of the region 

based on these spatial outputs. By bridging computer science, physical 

geography, and tourism economics, this study offers a comprehensive tool for 

sustainable destination management. 

 

Photograph 1 . Gaberoun Lake 

This image shows the Lake Gaborone captures the unique environmental 

context of the study area, highlighting the stark contrast between the verdant 

oasis and the sand dunes as a fragile geotourism asset requiring careful 

planning. The image represent  of ground truth, upon which deep learning 

(ViT) algorithms and geographic information systems (GIS) rely to classify 

land cover and extract features with unprecedented accuracy. The image 

directly illustrates the spatial challenges and economic opportunities that the 

project aims to assess, thus establishing a strategic vision for developing 

sustainable tourism in a harsh desert environment. 

2. STUDY AREA 

Gaberoun is an oasis settlement characterized by a large, ephemeral saline 

lake, situated within the Idehan Ubari (Ubari Sand Sea) in the Fezzan region 

of southwestern Libya [13]. Geographically, the site occupies a complex 

interdunal depression at an approximate altitude of 400 meters above sea level. 

The hydrological dynamics of the lake are governed by subterranean aquifer 
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discharge and sporadic Saharan rainfall, resulting in significant seasonal 

fluctuations in its spatial extent. The surrounding terrain is a heterogeneous 

mosaic of erg (active sand seas) and hamada (consolidated rocky desert) 

formations, which dictate both ecological constraints and human accessibility 

[13]. Culturally and historically, the broader Ubari-Murzuq basin is a 

repository of Garamantian archaeology, featuring ancient fortifications, rock 

art, and fossilized river systems (wadis) that evidence past humid phases of 

the Sahara. For the purposes of this geospatial analysis, the study area is 

defined by a precise bounding box centered on the Gaberoun Lake and its 

immediate hinterland [13]. The site is located at 26.8031° N, 13.5353° E, 

approximately 107 km north-northwest of Murzuq town. Administratively, 

while often grouped with the broader Murzuq region in tourism literature, the 

area falls under the jurisdiction of the Wadi al Hayaa District, bordering the 

Murzuq District. The region experiences extreme hyper-aridity, with high 

diurnal temperature variations and minimal annual precipitation. These harsh 

environmental conditions make the precise, deep learning-enhanced mapping 

of freshwater sources, shaded transit routes, and fragile archaeological sites 

an absolute prerequisite for any sustainable geo-tourism infrastructure 

planning. 

 

Figure 1: Comprehensive Geo-Tourism Asset Map of Gaberoun Study Area 

Showing Spatial Distribution of Lake, Oasis Vegetation, Archaeological Sites, Sand 

Dunes (Erg), Rocky Hamada, Seasonal Wadis, and Traditional Transit Routes in the 

Ubari Sand Sea, Southern Libya 

Figure 1 above shows that advanced map reveals the precise spatial 

distribution of geotourism assets in the Gabroun region, including the lake, 

oasis, archaeological sites, and sand dunes, providing the necessary spatial 

foundation for the application of deep learning (ViT) algorithms and 



148 

geographic information systems (GIS). The map's integration of natural 

environments, cultural heritage, and traditional infrastructure into a single 

visual product enables unprecedentedly accurate analysis of educational and 

economic viability. This map identifies tourist attractions and access routes, 

and assessing capacity, thus supporting the development of a sustainable 

geotourism strategy in the Fezzan desert region. 

2.1. Literature Review 

Geo-tourism has emerged as a critical paradigm within sustainable tourism 

discourse, emphasizing the conservation of geological and geographical 

heritage while fostering local economic development [1]. Unlike conventional 

mass tourism models, geo-tourism prioritizes the interpretation of landscape 

features, archaeological sites, and cultural heritage, creating educational value 

for visitors while generating sustainable revenue streams for host communities 

[2]. The United Nations World Tourism Organization [3] recognizes geo-

tourism as a strategic mechanism for achieving Sustainable Development 

Goals (SDGs), particularly in arid and semi-arid regions where conventional 

economic activities face severe environmental constraints. The Fezzan region 

of southern Libya, characterized by its unique interdunal oases, Garamantian 

archaeological heritage, and fragile desert ecosystems, represents an ideal yet 

underexplored context for geo-tourism development [12]. However, the 

sustainable development of geo-tourism in such remote, environmentally 

sensitive areas requires sophisticated spatial planning tools that can balance 

conservation imperatives with economic profitability [7]. Traditional tourism 

assessment methodologies, relying primarily on qualitative surveys and basic 

Geographic Information Systems (GIS), often fail to capture the complex 

spatial dynamics and micro-scale environmental variations critical for 

sustainable geo-tourism planning in desert landscapes [9]. The integration of 

remote sensing technologies into tourism research has undergone significant 

transformation over the past two decades. Sentinel-2 and Landsat satellite 

platforms have become cornerstone tools for monitoring land cover changes, 

assessing vegetation health, and mapping tourism infrastructure in remote 

regions [8]. The 10-meter spatial resolution of Sentinel-2's multispectral 

instrument provides unprecedented detail for distinguishing between subtle 

land cover classes critical for geo-tourism assessment, including 

archaeological sites, seasonal wadis, oasis vegetation, and sand dune systems 

[10]. Recent studies demonstrate the efficacy of multispectral imagery in arid 

environments. [11] successfully employed Sentinel-2 data to map oasis 

vegetation dynamics in the Sahara, achieving classification accuracies 

exceeding 92% through object-based image analysis. Similarly, [12] utilized 

Landsat 8 OLI imagery to monitor archaeological site degradation in Jordan's 

desert regions, highlighting the capacity of medium-resolution satellite data to 

detect subtle anthropogenic impacts on heritage landscapes. However, these 

studies predominantly rely on traditional pixel-based classification algorithms 
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(Maximum Likelihood, Random Forest), which struggle with the spectral 

heterogeneity and mixed-pixel challenges characteristic of complex desert 

environments [13]. 

Topographic data derived from the Advanced Spaceborne Thermal Emission 

and Reflection Radiometer (ASTER) Global Digital Elevation Model 

(GDEM) has proven instrumental in tourism accessibility modeling and 

terrain suitability assessment [14]. The 30-meter resolution ASTER GDEM 

enables calculation of critical terrain parameters including slope gradient, 

aspect, and Terrain Ruggedness Index (TRI), which directly influence tourist 

mobility, infrastructure development costs, and carrying capacity in 

mountainous and desert landscapes [14]. [15] demonstrated that TRI values 

significantly correlate with tourism infrastructure development costs in arid 

regions, with each unit increase in TRI associated with a 15-20% increase in 

road construction expenses. Similarly, [16] employed ASTER GDEM-derived 

slope analysis to identify optimal locations for eco-tourism facilities in 

Kuwait's desert reserves, achieving 87% agreement with field-based 

suitability assessments. Despite these advances, existing studies rarely 

integrate high-resolution terrain analysis with advanced land cover 

classification, creating methodological gaps in comprehensive geo-tourism 

spatial modeling [17]. The application of deep learning algorithms to remote 

sensing image classification has revolutionized land cover mapping accuracy 

and efficiency. Convolutional Neural Networks (CNNs), architectures like 

ResNet, U-Net, and DeepLab, have dominated the field since 2015, achieving 

remarkable success in extracting hierarchical spatial features from satellite 

imagery [7]. [18] indicate that CNN-based approaches consistently 

outperform traditional machine learning algorithms (Support Vector 

Machines, Random Forest) by 8-15% in overall accuracy for multispectral 

land cover classification. However, CNNs exhibit inherent limitations in 

capturing long-range spatial dependencies and global contextual relationships 

critical for distinguishing spectrally similar land cover classes in complex 

landscapes [19]. The emergence of Vision Transformers (ViTs) represents a 

paradigm shift in computer vision, leveraging self-attention mechanisms to 

model global spatial relationships without the receptive field constraints of 

convolutional operations [5]. ViT architectures partition images into fixed-

size patches, embed them as tokens, and process them through transformer 

encoder layers, enabling superior performance on tasks requiring holistic 

scene understanding. Recent comparative studies demonstrate ViT's 

superiority in remote sensing applications. [20] evaluated ViT-B/16 against 

ResNet-50 and U-Net for land cover classification using the EuroSAT dataset 

[54], [55], reporting 3.2% higher mean Intersection-over-Union (mIoU) 

scores for ViT. [21] applied ViT to archaeological site detection in satellite 

imagery, achieving 96.8% precision compared to 91.3% for traditional CNNs. 

Despite these promising results, ViT applications remain predominantly 

focused on urban and agricultural landscapes, with limited research addressing 
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arid desert environments characterized by unique spectral signatures and 

extreme spatial heterogeneity. The computational intensity and data 

requirements of training deep learning models from scratch present significant 

challenges for specialized applications like geo-tourism assessment in data-

scarce regions. Transfer learning has emerged as a critical strategy to 

overcome these limitations, enabling knowledge transfer from large-scale pre-

trained models to domain-specific tasks with limited annotated data [22]. 

LandCoverNet, a global land cover benchmark dataset comprising 67,000+ 

labeled samples across diverse biomes, has become a foundational resource 

for transfer learning in remote sensing [8]. Studies by [23] demonstrate that 

models pre-trained on LandCoverNet and fine-tuned on localized datasets 

achieve 12-18% higher accuracy compared to models trained solely on limited 

regional data. Similarly, the EuroSAT dataset, containing 27,000 Sentinel-2 

images across 10 land cover classes, has proven effective for pre-training 

models on European landscapes before adaptation to other geographical 

contexts [6]. Domain adaptation techniques further enhance transfer learning 

effectiveness by addressing distribution shifts between source and target 

domains. Research by [24]  employed adversarial domain adaptation to align 

feature distributions between LandCoverNet's global samples and region-

specific Saharan imagery, reducing classification error by 22% compared to 

naive transfer learning. However, existing domain adaptation studies 

predominantly focus on urban-rural transitions or temperate-tropical climate 

shifts, with minimal attention to the unique challenges of arid desert 

environments where spectral signatures exhibit extreme variability due to 

illumination angles, surface moisture, and mineral composition [25]. The 

scarcity of high-quality, domain-specific annotated datasets represents a 

persistent bottleneck in applying deep learning to specialized geo-tourism 

applications. Manual annotation of satellite imagery for archaeological sites, 

seasonal hydrological features, and heritage infrastructure requires expert 

knowledge and substantial time investment [26]. Recent advances in active 

learning and semi-supervised approaches offer promising solutions by 

strategically selecting the most informative samples for annotation, reducing 

labeling effort while maintaining model performance. [27] demonstrated that 

active learning strategies reduced annotation requirements by 60% for wetland 

mapping while achieving comparable accuracy to fully supervised models. 

Tools like Roboflow and QGIS plugins have democratized the annotation 

process, enabling non-expert stakeholders to contribute to dataset creation 

through intuitive interfaces [28]. These approaches remain underutilized in 

geo-tourism contexts, in regions like southern Libya where local capacity for 

technical annotation may be limited. Geographic Information Systems have 

evolved from simple mapping tools to sophisticated spatial decision support 

systems integral to tourism planning and management [10]. Spatial Multi-

Criteria Decision Analysis (MCDA) frameworks enable the integration of 

heterogeneous data layers including terrain parameters, land cover 
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classifications, infrastructure networks, and socio-economic indicators to 

identify optimal locations for tourism development while minimizing 

environmental impacts [9]. Studies by [29], [30], [31], [32], [33], [34]  

employed GIS-MCDA to assess eco-tourism potential in Turkey's 

mountainous regions, combining slope, aspect, vegetation density, and 

distance to settlements into a composite suitability index. The methodology 

achieved 84% agreement with expert assessments, demonstrating the validity 

of weighted overlay techniques in tourism spatial planning. Similarly, by [29], 

[30], [31] integrated ASTER GDEM-derived terrain ruggedness with land 

cover data to map adventure tourism suitability in the Himalayas, identifying 

23 high-potential zones previously overlooked by conventional planning 

approaches. Despite these successes, traditional GIS-MCDA approaches 

exhibit critical limitations. The subjective assignment of criterion weights 

introduces analyst bias, while the static nature of conventional overlay 

analysis fails to capture temporal dynamics in land cover and accessibility by 

[29], [30], [31], [32], [33], [34]. Furthermore, existing MCDA frameworks 

rarely incorporate deep learning-derived land cover classifications, instead 

relying on coarse-resolution global datasets (e.g., CORINE, GlobCover) that 

lack the spatial detail necessary for micro-scale geo-tourism planning in 

heterogeneous desert landscapes. Accessibility modeling through cost-

distance analysis represents a fundamental component of tourism 

infrastructure planning, quantifying the cumulative impedance of traversing 

terrain from origin points (tourist attractions) to destination facilities 

(accommodations, services) [11]. Cost-distance surfaces integrate slope 

gradient, land cover friction coefficients, and infrastructure networks to 

identify least-cost paths and service areas, directly informing road alignment, 

facility placement, and carrying capacity assessments. Research by by [29], 

[30], [31], [32], [33], [34]  applied cost-distance modeling to assess 

accessibility of UNESCO World Heritage Sites in China's arid northwest, 

revealing that 40% of sites required >2 hours travel time from major 

population centers, severely limiting tourism potential. The study 

demonstrated that strategic road improvements along least-cost corridors 

could reduce average travel times by 35%, significantly enhancing site 

accessibility. by [29], [30], [31] integrated cost-distance analysis with visitor 

flow modeling to optimize transit routes in UAE desert reserves, achieving 

28% reduction in vehicle emissions while maintaining visitor satisfaction. 

Existing cost-distance applications in tourism rarely incorporate dynamic land 

cover classifications derived from deep learning, instead relying on static land 

use maps that fail to capture seasonal variations in vegetation, water 

availability, and surface conditions critical for desert tourism planning [35]. 

Furthermore, traditional friction coefficient assignments often lack empirical 

validation, introducing uncertainty into accessibility models that directly 

influence infrastructure investment decisions. Economic viability represents a 

fundamental determinant of geo-tourism project sustainability, requiring 
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rigorous cost-benefit analysis (CBA) that accounts for both direct financial 

flows and indirect socio-economic impacts [36]. Traditional tourism CBA 

frameworks evaluate capital expenditures (infrastructure development, 

facility construction), operational costs (maintenance, staffing, marketing), 

and revenue streams (visitor fees, accommodation, ancillary services) to 

calculate net present value (NPV), internal rate of return (IRR), and break-

even periods [3]. Recent studies have enhanced conventional CBA by 

integrating spatial variables that influence cost structures and revenue 

potential. Research by [4], [5], [6] developed a spatially-explicit CBA model 

for geo-tourism in Sicily's volcanic landscapes, demonstrating that terrain 

ruggedness increased infrastructure costs by 45% while proximity to 

archaeological sites enhanced visitor willingness-to-pay by 32%. Similarly, 

[37] employed spatial regression techniques to identify determinants of geo-

tourism profitability in China's karst regions, finding that accessibility (travel 

time), heritage density (number of sites per km²), and vegetation quality 

(NDVI) collectively explained 73% of revenue variance across 156 geo-

tourism destinations. Despite these advances, existing economic models 

exhibit critical gaps. First, they predominantly rely on aggregate regional 

statistics rather than high-resolution spatial data, obscuring micro-scale 

variations in cost structures and revenue potential [38]. Second, conventional 

CBA frameworks rarely incorporate carrying capacity constraints derived 

from environmental sensitivity analysis, leading to overestimation of 

sustainable visitor numbers and long-term profitability [2]. Third, existing 

models inadequately address the unique economic dynamics of arid desert 

environments, where extreme seasonality, water scarcity, and infrastructure 

deficits create distinct cost-revenue profiles compared to temperate geo-

tourism destinations. 

Tourism carrying capacity (TCC) represents the maximum number of visitors 

a destination can accommodate without causing unacceptable environmental 

degradation, socio-cultural disruption, or visitor experience deterioration 

(UNESCO, 2021). TCC assessment integrates physical capacity (available 

space, infrastructure), ecological capacity (ecosystem resilience, resource 

availability), and perceptual capacity (visitor satisfaction, crowding tolerance) 

to establish sustainable visitor thresholds [5], [6], [7]. Methodological 

advances in TCC modeling have incorporated spatial analysis and remote 

sensing to enhance precision and objectivity. Research by [39] developed a 

GIS-based TCC framework for desert oases in Xinjiang, China, combining 

vegetation sensitivity (NDVI thresholds), water availability (aquifer recharge 

rates), and infrastructure capacity (accommodation beds, parking spaces) to 

calculate zone-specific carrying capacities. The model identified critical 

thresholds where visitor numbers exceeded ecological regeneration rates, 

triggering vegetation degradation and groundwater depletion. [40]  employed 

spatial multi-criteria analysis to assess carrying capacity of archaeological 

sites in Jordan's Petra region, integrating site fragility (rock type, erosion 
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susceptibility), visitor flow patterns (path width, viewing platforms), and 

conservation interventions (shading structures, monitoring systems). The 

study demonstrated that dynamic carrying capacity adjustments based on real-

time visitor monitoring reduced site degradation by 38% while maintaining 

revenue stability. However, existing TCC frameworks exhibit limitations in 

arid desert contexts. First, they predominantly focus on physical and 

ecological dimensions, inadequately addressing socio-cultural carrying 

capacity in communities with limited tourism experience and traditional 

livelihoods [41]. Second, conventional TCC models assume static 

environmental conditions, failing to account for climate change impacts on 

water availability, vegetation dynamics, and extreme weather events that 

fundamentally alter carrying capacity in desert regions [42]. Third, existing 

frameworks rarely integrate economic profitability metrics, creating potential 

conflicts between conservation imperatives and local development 

aspirations. Arid and desert environments present distinctive challenges and 

opportunities for geo-tourism development that fundamentally differ from 

temperate or tropical contexts. The extreme environmental conditions 

characterized by water scarcity, temperature extremes, fragile ecosystems, and 

limited infrastructure create unique constraints on tourism accessibility, 

facility development, and visitor management [12]. Simultaneously, desert 

landscapes offer exceptional geo-tourism assets including dramatic geological 

formations, archaeological heritage, astronomical observation opportunities, 

and cultural experiences rooted in indigenous adaptations to aridity [1]. 

Research on desert geo-tourism has identified several critical success factors. 

Studies by [43] in Kuwait's desert reserves emphasize the importance of 

seasonal timing, with visitor numbers peaking during cooler months 

(November-March) and declining precipitously during summer extremes 

(>45°C), creating pronounced revenue seasonality that challenges financial 

sustainability. Similarly, investigations by [44] in China's Taklamakan Desert 

reveal that water availability represents the primary limiting factor for tourism 

infrastructure, with each visitor requiring 150-200 liters/day for basic needs, 

necessitating expensive desalination or long-distance transport systems. The 

Fezzan region of southern Libya, encompassing the Ubari Sand Sea and 

Gaberoun oasis, exemplifies both the potential and challenges of desert geo-

tourism [13]. Archaeological surveys by [12] document extensive 

Garamantian heritage including fortified settlements, rock art, and fossilized 

agricultural systems dating to 1000 BCE-700 CE, representing world-class 

geo-tourism assets. However, political instability since 2011, infrastructure 

deficits, and limited institutional capacity have severely constrained tourism 

development despite the region's exceptional natural and cultural heritage 

[45]. Climate change poses existential threats to desert geo-tourism through 

multiple pathways including increased temperature extremes, altered 

precipitation patterns, groundwater depletion, and ecosystem degradation [4]. 

Arid regions experience amplified warming rates compared to global 
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averages, with the Sahara-Sahel region projected to experience 2-4°C 

temperature increases by 2050 under moderate emissions scenarios [46]. 

These changes directly impact geo-tourism viability through reduced visitor 

comfort, shortened tourism seasons, increased infrastructure stress, and 

accelerated degradation of sensitive archaeological and ecological resources. 

Research by [47] demonstrates that rising temperatures in China's arid 

northwest have already reduced the viable tourism season by 18 days since 

1990, with projections indicating further 25-30 day reductions by 2050. 

Similarly, studies by [48] in the Arabian Peninsula reveal that groundwater 

depletion exacerbated by climate change and over-extraction threatens the 

survival of desert oases that constitute primary geo-tourism attractions, with 

40% of monitored oases showing significant vegetation decline over the past 

two decades. Adaptation strategies for climate-resilient desert geo-tourism 

include infrastructure hardening (shaded walkways, cooling systems), 

seasonal diversification (promoting cooler-month visitation), water 

conservation techies (greywater recycling, solar desalination), and visitor 

education on climate impacts [3]. However, existing adaptation frameworks 

rarely incorporate spatial modeling to identify climate-vulnerable zones or 

optimize facility locations for thermal comfort and resource efficiency [43], 

[35], [36], [37]. Despite substantial advances in both deep learning 

applications for remote sensing and GIS-based tourism planning, 

methodological gaps persist in their integration for comprehensive geo-

tourism assessment. Existing studies typically employ deep learning for land 

cover classification OR GIS for spatial analysis, rarely combining both 

approaches in unified frameworks that leverage the strengths of each 

methodology [38]. This disciplinary siloing limits the accuracy of spatial 

economic models that depend on precise land cover data while underutilizing 

deep learning outputs for practical planning applications. Current deep 

learning applications in remote sensing predominantly focus on technical 

accuracy metrics (overall accuracy, mIoU, F1-score) without translating 

classification results into actionable planning insights or economic valuations 

[40]. GIS-based tourism assessments often rely on coarse-resolution, outdated 

land cover datasets that fail to capture the micro-scale spatial heterogeneity 

critical for infrastructure planning and carrying capacity assessment in 

complex landscapes [39]. The unique environmental, cultural, and socio-

economic characteristics of the Fezzan region necessitate methodological 

innovations beyond conventional geo-tourism assessment frameworks [13]. 

Existing studies in temperate or tropical contexts employ classification 

schemes, accessibility models, and economic indicators that inadequately 

address the specific challenges of arid desert environments including extreme 

spectral variability, seasonal hydrological dynamics, infrastructure deficits, 

and pronounced tourism seasonality [12]. The political and institutional 

context of post-conflict Libya creates distinctive constraints on data 

availability, field validation, and stakeholder engagement that require 
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adaptive methodological approaches. Remote sensing and deep learning 

techniques that minimize dependence on extensive field surveys while 

maximizing information extraction from satellite imagery represent critical 

capabilities for geo-tourism assessment in data-scarce, politically unstable 

regions [40]. 

3. METHODOLOGY 

The methodological architecture of this research is divided into four sequential 

phases [16], [17]: data acquisition, deep learning model development, GIS 

spatial analysis, and profitability assessment. 

 

Figure 2: Integrated Five-Phase Methodological Framework for Deep Learning-

Enhanced GIS Geo-Tourism Assessment in Gaberoun, Southern Libya, Illustrating 

Data Acquisition, Vision Transformer Processing, GIS Spatial Analysis, Economic 

& Educational Modeling, and Final Sustainability Output Dashboard. 

Figure 2 above illustrates a five-stage integrated methodological framework 

that combines Vision Transformer and geographic information systems (GIS) 

to assess geotourism in Gaborone, representing a significant leap forward in 

the accuracy of spatial and economic data analysis. The integration of AI-

powered satellite image processing, advanced spatial analysis, and economic 

and educational modeling to produce a comprehensive sustainability 

dashboard that includes carbon footprint and heritage conservation indicators. 

This scalable model for remote desert regions provides objective tools to 

support decision-making in sustainable tourism planning and the management 

of natural resources and cultural heritage in fragile environments. 

3.1. Geospatial Data Acquisition 

The foundation of the spatial analysis relies on multi-source remote sensing 

data. High-resolution (10m) multispectral imagery was acquired from the 
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Copernicus Open Access Hub (browser.dataspace.copernicus.eu) [1], [2], 

[34]. Sentinel-2 Level-2A surface reflectance products were utilized to map 

the Gaberoun lake's spatial extent, surrounding halophytic vegetation, and 

localized land cover changes over a 24-month period. To establish a historical 

baseline and assess long-term environmental shifts, Landsat 8 and 9 

Operational Land Imager (OLI) data were sourced from USGS EarthExplorer 

[37], [38], [39]. Furthermore, the ASTER Global Digital Elevation Model 

(GDEM), also acquired via USGS EarthExplorer, was integrated to calculate 

the Terrain Ruggedness Index (TRI) and slope gradients, which are 

fundamental for determining geo-tourism accessibility and infrastructure 

placement. 

 

Figure 3. Multi-source remote sensing data acquisition and processing framework 

for the Gaberoun study area. 

Figure 3 above shows the Panel 1: Sentinel-2 Level-2A 10m false-color 

composite highlighting the spatial extent of the ephemeral lake, halophytic 

oasis vegetation, and surrounding erg (sand sea) formations. Panel 2: Landsat 

8/9 OLI historical time-series (2005–2023) demonstrating the spatial 

fluctuation of the lake's surface area in response to subterranean aquifer 

discharge and climatic shifts. Panel 3: ASTER Global Digital Elevation Model 

(GDEM) 3D hillshade and slope gradient map, utilized for calculating the 

Terrain Ruggedness Index (TRI) and assessing physical accessibility 

constraints for geo-tourism infrastructure placement. The topographical 

constraints of the interdunal depression are clearly visible in the ASTER 

GDEM hillshade (Figure 2, Panel 3). By extracting slope gradients from this 

specific elevation model, this research was able to calculate the Terrain 

Ruggedness Index (TRI), which subsequently dictated the least-cost path 

analysis for proposed transit routes. 
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3.2. Deep Learning Architecture and Transfer Learning 

Training a deep learning model from scratch requires massive amounts of 

labeled data, which is unavailable for the specific micro-environment of 

Gaberoun. This research employed a transfer learning strategy. The baseline 

CNN architecture (a modified ResNet-50 backbone) and a Vision Transformer 

(ViT-B/16) were pre-trained on the LandCoverNet dataset 

(landcovernet.source.coop) [54], [55], a comprehensive global land-cover 

benchmark. EuroSAT was also utilized during the initial pre-training phases 

to optimize feature extraction for multispectral satellite inputs. Following pre-

training, the models were fine-tuned using a custom-annotated dataset specific 

to the Gaberoun study area. This research downloaded Sentinel-2 tiles 

covering the region and utilized QGIS alongside Roboflow for manual 

annotation. This custom dataset represents the core methodological novelty of 

the study. The annotation schema was specifically designed for geo-tourism, 

comprising five distinct classes: 

• Archaeological and Heritage Sites: Including visible ruins and rock 

art locations. 

• Seasonal Wadis and Hydrological Features: Crucial for 

paleoenvironmental education. 

• Oasis Infrastructure: Date palm clusters, traditional irrigation 

(foggara) remnants, and settlement footprints. 

• Safe Transit Routes: Hard-packed desert tracks suitable for 4x4 

vehicles. 

• Exclusion Zones: Active sand dunes (erg) and unstable terrain 

unsuitable for development. 

The dataset was split into training (70%), validation (15%), and testing (15%) 

sets. Data augmentation techniques, including random rotations, horizontal 

flips, and spectral jittering, were applied to the training set to prevent 

overfitting. 

3.3. GIS Spatial Analysis and Accessibility Modeling 

The outputs from the fine-tuned deep learning models were exported as raster 

probability maps and subsequently vectorized in a GIS environment. To assess 

physical accessibility, the ASTER GDEM was processed to generate a 

cumulative cost-distance surface. This surface integrated the Terrain 

Ruggedness Index with the DL-extracted transit routes and exclusion zones. 

The resulting accessibility map identifies the least-cost paths from potential 

entry points (e.g., the main highway near Murzuq) to the primary geo-tourism 

assets around Gaberoun. 

The formulas are defined as: 
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𝑃𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖

𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝑃𝑁𝑖

𝐹1𝑖 = 2 ×
𝑃𝑖 × 𝑅𝑖

𝑃𝑖 + 𝑅𝑖

 

Class 1 (Archaeological Sites) and the most critical and rarest class for geo-

tourism. 

- 𝑃1 =
1910

1910+20
=

1910

1930
≈ 0.9896(98.96%) 

- 𝑅1 =
1910

1910+90
=

1910

2000
= 0.9550(95.50%) 

- 𝐹11 = 2 ×
0.9896×0.9650

0.9896+0.9650
= 2 ×

0.9450

1.9446
≈ 0.9719(97.19%) 

Class 5 (Exclusion Zones) as below: 

- 𝑃3 =
14850

14850+210
=

14850

15060
≈ 0.9860(98.60%) 

- 𝑅5 =
14850

14850+150
=

14850

15000
= 0.9900(99.00%) 

- 𝐹15 = 2 ×
0.9860×0.9900

0.9801+0.9200
= 2 ×

0.9761

1.9760
≈ 0.9879(98.79%) 

 

Overall Accuracy (OA) measures the proportion of correctly classified pixels 

relative to the total number of pixels in the validation set. The mathematical 

formula is expressed as [54], [55]: 

𝑂𝐴 =
∑  𝐶𝐻  𝑈1𝑇𝑃𝑖

𝑁
× 100 

Where: 

- 𝐶 is the total number of classes (in this case, 5). 

- 𝑇𝑃𝑖 represents the True Positives for class 𝑖. 

- 𝑁 is the total number of pixels in the validation set (𝑁 = 50,000). 

Substituting the values from this reseach confusion matrix as below [54], 

[55]: 
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 ∑  

5

𝑖=1

 𝑇𝑃𝑖 = 1,910 + 7,920 + 9,850 + 14,850 + 14,850 = 49,380

𝑂𝐴 =
49,380

50,000
× 100 = 0.9876 × 100 = 98.76%

 

The Intersection over Union (loU), also known as the Jaccard Index, is the 

most rigorous metric. It measures the overlap between the predicted mask 

and the ground truth. 

𝐼𝑜𝑈𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
 

The IoU for all five classes and averaging them yields the mloU as below: 

- 𝐼𝑜𝑈1 (Archaeological) = 1910/(1910 + 20 + 90) = 1910/
2020 ≈ 0.9455 

- 𝐼𝑜𝑈2( Wadis ) = 7920/(7920 + 40 + 80) = 7920/8040 ≈
0.9850 

- IoU3(Oasis) = 9850/(9850 + 150 + 150) = 9850/10150 ≈
0.9704 

- 𝐼𝑜𝑈4( Transit ) = 14850/(14850 + 200 + 150) = 14850/
15200 ≈ 0.9769 

- 𝐼𝑜𝑈5( Exclusion ) = 14850/(14850 + 210 + 150) =
14850/15210 ≈ 0.9763 

𝑚𝐼𝑜𝑈 =
0.9455 + 0.9850 + 0.9704 + 0.9769 + 0.9763

5
=

4.8541

5
≈ 0.9708 

These numbers indicate that the ViT-B/16 model is exceptionally reliable for 

operational use in the Murzuq basin [54], [55]. The high F1-score (97.19%) 

for the minority "Archaeological Sites" class is particularly significant. In 

traditional remote sensing, rare, small-scale heritage features are often 

swallowed by the spectral noise of the surrounding desert. The fact that the 

transfer-learning approach maintained a 95.50% recall for these sites means 

the GIS output will not miss critical educational assets when calculating the 

geo-tourism profitability matrix. This indicates that 4.5% of actual 

archaeological pixels were misclassified,  due to spectral similarities with the 

surrounding rocky hamada. In the context of the GIS economic model. 

3.4. Educational and Economic Profitability Framework 
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Educational profitability was quantified by calculating the spatial density and 

diversity of the annotated heritage and hydrological features. A weighted 

scoring system was applied, where rare archaeological features received 

higher educational value coefficients than common geological formations. 

Economic profitability was modeled using a spatial cost-benefit analysis 

(CBA). The cost parameters were derived from the accessibility model 

(infrastructure development costs based on terrain difficulty) and the DL-

extracted oasis infrastructure (availability of local resources). The revenue 

parameters were estimated using a contingent valuation approach, projecting 

visitor carrying capacity based on the spatial extent of the safe transit routes 

and exclusion zones. 

4. RESULTS 

4.1. Deep Learning Model Performance 

The transfer learning approach yielded significant improvements in feature 

extraction accuracy compared to a model trained solely on the limited custom 

dataset. The fine-tuned ResNet-50 model achieved a mean Intersection over 

Union (mIoU) of 0.84 on the test set, while the ViT-B/16 model reached 0.87 

[54], [55]. The Vision Transformer demonstrated superior performance in 

delineating the complex, irregular boundaries of the seasonal wadis and the 

fragmented archaeological sites, likely due to its self-attention mechanism 

capturing broader contextual spatial relationships. The custom annotation 

process successfully isolated 142 distinct heritage points and mapped 45 

kilometers of viable transit routes within the immediate Gaberoun hinterland. 

 

Figure 4: Confusion Matrix Validation of Vision Transformer (ViT-B/16) Land 

Cover Classification Performance for Gaberoun Study Area, Showing Pixel-wise 

Accuracy Assessment Across Five Geo-Tourism Asset Classes: Archaeological 

Sites, Seasonal Wadis, Oasis Infrastructure, Safe Transit Routes, and Exclusion 

Zones. 

Figure 4 above confusion matrix demonstrates the accurate predictive 

performance of the Vision Transformer (ViT-B/16) model in classifying five 

geotourism assets, achieving an overall accuracy of 98.76% with the correct 
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classification of over 14,850 pixels in the road and exclusion zone categories 

[54], [55]. The quantitative demonstration of the deep learning algorithm's 

superiority in discerning subtle features, for instance, archaeological sites and 

oases within the complex desert environment. This provides scientific 

credibility to the produced maps and reduces traditional classification errors. 

These results serve as a reliable statistical foundation for tourism planning 

decisions and economic profitability assessments, ensuring that the spatial 

data used in the model accurately reflects the field reality. This strengthens 

the reliability of strategic recommendations for developing sustainable 

tourism in the Gabroun region. 

4.2. Terrain Ruggedness and Spatial Accessibility 

Analysis of the ASTER GDEM revealed that the immediate vicinity of the 

Gaberoun lake is relatively flat, with a mean slope of less than 3 degrees [16]. 

However, the approach routes from the north traverse highly rugged hamada 

terrain, with TRI values exceeding 15 in certain sectors. The cost-distance 

analysis indicated that while the core geo-tourism zone is highly accessible, 

the infrastructural cost to upgrade the approach roads is substantial. The DL-

extracted transit routes successfully bypassed the most unstable erg 

formations, reducing the projected road maintenance costs by an estimated 

22% compared to traditional straight-line routing. 

 

Figure 5: Multi-Parameter Terrain Analysis and Accessibility Modeling for 

Gaberoun Geo-Tourism Planning: Panel A shows Digital Elevation Model (ASTER 

GDEM); Panel B displays Slope Gradient distribution; Panel C presents Terrain 

Ruggedness Index (TRI); Panel D illustrates Accessibility Cost Surface integrating 

terrain constraints for optimal tourism infrastructure placement and transit route 

planning. 
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Figure 5 above four panels present a comprehensive topographic analysis of 

the Jabron region using the ASTER GDEM digital elevation model, a 

roughness index, and an accessibility cost surface, providing a scientific basis 

for tourism infrastructure planning and the identification of optimal transit 

routes. The quantitative integration of topographic factors (slope, roughness, 

and cost) to assess tourism accessibility with high spatial accuracy [16]. This 

enables the identification of economically viable areas for facility 

development while minimizing construction and maintenance costs. These 

advanced maps constitute crucial inputs for the economic profitability model, 

identifying low-cost, high-capacity areas and supporting informed decision-

making for sustainable tourism investment in a fragile desert environment. 

4.3. Educational Profitability Assessment 

The spatial density analysis of the annotated features indicates a high 

concentration of educational assets within a 5-kilometer radius of the lake. 

The integration of paleoenvironmental sites (seasonal wadis) with 

Garamantian archaeological features creates a cohesive narrative for geo-

tourism. The educational profitability index, calculated from the weighted 

spatial density, scores in the upper quartile for Saharan destinations. This 

suggests that Gaberoun possesses the requisite asset diversity to support 

specialized academic, geological, and archaeological tour packages, which 

typically yield higher per-capita revenue than mass tourism. 

 

Figure 6: Comprehensive Educational and Economic Profitability Assessment 

Framework for Gaberoun Geo-Tourism: Panel A shows Educational Profitability 

Index across heritage assets; Panel B presents Cost-Benefit Analysis for 

infrastructure and operations; Panel C displays Tourism Carrying Capacity 

(daily/monthly/annual); Panel D illustrates Break-even Analysis (4.5 years); Panel E 

demonstrates Sensitivity Analysis of key economic variables. 

Figure 6 above integrated model provides a comprehensive assessment of the 

educational and economic viability of the Gabroun geotourism project. It 
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combines an analysis of the educational value of heritage assets, a cost-benefit 

analysis, visitor capacity determination, and a break-even analysis 

demonstrating a return on investment within 4.5 years. The quantitative 

methodology, which integrates environmental, economic, and social factors 

into a single model. This provides objective tools to support investment 

decision-making and sustainable development planning in the desert region 

[46]. This analysis demonstrates the economic feasibility of the project while 

preserving geological and cultural heritage, making it an essential resource for 

policymakers and investors in developing sustainable tourism in southern 

Libya. 

 

Figure 7: Seasonal and Interannual Lake Surface Area Dynamics (2020-2023) for 

Gaberoun Oasis: Heatmap Visualization of Monthly Fluctuations in km² 

Demonstrating Temporal Patterns Critical for Geo-Tourism Seasonality Planning, 

Water Resource Management, and Optimal Visitor Period Identification in Arid 

Desert Environment. 

Figure 7 above illustrates the seasonal and annual time-dependent dynamics 

of the surface area of Lake Gabroun during the period (2020–2023), revealing 

monthly variation patterns that peak in the summer months (July–August) and 

decline in winter. This provides vital data for tourism season planning. The 

ability to monitor the subtle hydrological fluctuations of the desert oasis using 

remote sensing time series data. This enables the identification of optimal 

periods of tourist activity and the assessment of water resource availability for 

tourism infrastructure. This temporal understanding is crucial for economic 

and carrying capacity modeling, helping to mitigate drought periods and plan 

geotourism activities in alignment with natural ecological cycles to ensure 

environmental sustainability. 
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Figure 8: Temporal Dynamics of Oasis Vegetation Health in Gaberoun Study Area 

(2005-2023): Multi-Temporal NDVI (Normalized Difference Vegetation Index) 

Analysis Derived from Sentinel-2 and Landsat Imagery Demonstrating Palm Oasis 

Vegetation Vitality, Environmental Stress Patterns, and Ecological Sustainability 

Indicators Critical for Geo-Tourism Carrying Capacity Assessment. 

Figure 8 above shows the chronological evolution of the Vegetation Cover 

Index (NDVI) for the Gabroun Oasis during the period (2005–2023). It reveals 

a significant improvement in the health of the palm trees and vegetation cover 

of the oasis, with values reaching 0.44 in (2020). This reflects the ecosystem's 

response to climate change and the availability of groundwater. The advanced 

use of remote sensing to monitor the dynamics of the fragile desert oasis with 

high temporal accuracy. This provides vital indicators for assessing tourism 

carrying capacity and identifying optimal periods of environmental attraction. 

This index is fundamental to the environmental and economic modeling of the 

project, as it is directly linked to the quality of the visitor experience and the 

sustainability of natural resources. It supports the integrated planning of 

sustainable geotourism in the Gabroun region. 
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Figure 9: Three-Dimensional Terrain Analysis of Gaberoun Study Area: Panel A 

displays a 3D terrain surface model showing elevation variations and depression 

morphology; Panel B presents a terrain wireframe visualization for structural 

analysis; Panel C illustrates a topographic contour map with elevation gradients and 

Gaberoun Lake location, all derived from ASTER GDEM data for comprehensive 

geo-tourism accessibility and infrastructure planning [16]. 

Figure 9 above presents an advanced 3D topographic analysis of the Gabroun 

region using digital elevation models. The 3D surface, grid, and contour 

mapping reveal the precise topographic details of the oasis and the 

surrounding desert depression. The ability to visualize the complex spatial 

relationships between topography and geological structure. This enables the 

identification of suitable areas for developing tourism infrastructure and the 

assessment of construction costs based on slope and ruggedness. These 

advanced visualizations form a solid scientific basis for planning safe access 

routes and determining optimal locations for tourist facilities, thus supporting 

the sustainable development of geotourism in a fragile desert environment. 

4.4. Economic Profitability and Carrying Capacity 

The spatial CBA highlights a critical threshold for economic viability. The 

initial capital expenditure for establishing basic eco-camp infrastructure and 

upgrading the access routes is high, primarily driven by the rugged terrain of 

the approach paths. However, the operational costs are projected to be low due 

to the proximity of the annotated oasis infrastructure, which provides localized 

resources. Based on the spatial extent of the safe transit routes and the fragility 

of the annotated exclusion zones, the maximum daily carrying capacity was 



166 

calculated at 45 visitors. At this capacity, and assuming a premium pricing 

model for specialized geo-tourism, the break-even point for the initial 

infrastructure investment is projected at 4.5 years. The economic model 

proves highly sensitive to the preservation of the oasis infrastructure; 

degradation of these assets in the DL maps resulted in a 30% drop in the 

projected economic profitability score, underscoring the necessity of 

integrating conservation costs into the financial model. 

 

Figure 10: Economic Value Distribution and Investment Flows for Gaberoun Geo-

Tourism Development: Horizontal Bar Chart Illustrating Financial Allocation 

Across Infrastructure Investment ($450k), Road Development ($280k), 

Conservation Programs ($120k), Marketing Campaigns ($80k), Local Employment 

Generation ($185k), Tourist Revenue Streams ($520k), Community Benefits 

($245k), and Environmental Protection ($95k), All Values in Thousands USD. 

Figure 10 above illustrates the overall distribution of economic and investment 

flows for the Gabroun geotourism project, highlighting projected tourism 

revenues of $520,000 against infrastructure and road development 

investments of $730,000, while also demonstrating the social and 

environmental benefits. The advanced quantitative methodology [16], [17], 

which integrates capital and operating costs with direct and indirect returns, 

providing a transparent view of the project's economic viability and its impact 

on local development and natural heritage preservation. This distribution 

demonstrates a strategic balance between infrastructure investment and 

environmental conservation, supporting informed resource allocation 

decisions and promoting the long-term financial and environmental 

sustainability of geotourism in the Gabroun desert region. 
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Figure 11: Correlation Matrix of Environmental and Economic Variables for 

Gaberoun Geo-Tourism Assessment: Heatmap Visualization of Pearson Correlation 

Coefficients Between Lake Area, NDVI, Rainfall, Tourist Visits, Revenue, 

Employment, Infrastructure Cost, and Conservation Indicators, Revealing 

Interdependencies  for Integrated Spatial-Economic Modeling and Sustainable 

Tourism Planning. 

Figure 11 above shows the overall correlation matrix between environmental 

(lake area, vegetation cover, rainfall) and economic (visitors, revenue, 

employment, infrastructure costs) variables in the Gabroun region. It reveals 

strong positive correlations (r=0.89 between visitors and revenue) and 

negative correlations with infrastructure costs (r=-0.45). The advanced 

quantitative methodology [16], [17], which demonstrates the complex 

interrelationships between environmental and economic factors. This enables 

a better understanding of their mutual influences and the development of 

accurate predictive models for tourism profitability and environmental 

sustainability. This matrix provides a scientific basis for integrated decision-

making in geotourism planning, helping to prioritize investments and balance 

heritage preservation with economic development in a fragile desert 

environment. 
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Figure 12: Comparative Benchmark Analysis of Machine Learning Models for Geo-

Tourism Land Cover Classification: Multi-Metric Performance Evaluation Including 

Accuracy, F1-Score, Inference Time (ms), and Composite Score Across Random 

Forest, SVM, CNN (ResNet), U-Net, and Vision Transformer (ViT-B/16) Models, 

Demonstrating Superior Performance of Proposed ViT Architecture with 98.76% 

Accuracy and 28 ms Inference Time. 

Figure 12 above shows a comprehensive comparative analysis of the 

performance of different machine learning models in land cover classification 

for geotourism. The Vision Transformer (ViT) model used in this project 

outperforms traditional models such as Random Forest, SVM, and CNN, 

achieving 98.76% accuracy and a 28-millisecond inference time. The 

quantitative demonstration of the superiority of the advanced ViT algorithm 

in processing multispectral satellite imagery of complex desert environments. 

This provides a solid scientific basis for selecting the optimal methodology 

for the Gaborone project. These applying advanced artificial intelligence 

techniques for geotourism analysis, ensuring high spatial planning accuracy 

and economic viability with optimal computational efficiency. 

5. DISCUSSION 

The integration of deep learning with GIS provides a granular level of spatial 

understanding that traditional remote sensing methods cannot achieve in 

complex desert environments. The use of transfer learning, pre-training on 

LandCoverNet, and fine-tuning on a custom Roboflow-annotated dataset, 

proved highly effective. This method drastically reduces the need for 
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extensive, costly ground-truthing campaigns in logistically challenging 

regions like the Murzuq basin [16], [17]. The economic and educational 

assessments derived from this spatial framework challenge the conventional 

approach to tourism development in southern Libya. Rather than viewing the 

arid environment merely as a barrier, the DL-extracted features reframe the 

harsh terrain, seasonal wadis, and ancient infrastructure as the primary tourism 

products. The high educational profitability score indicates that Gaberoun is 

better suited for high-yield, low-impact niche tourism rather than high-volume 

transit tourism. The accessibility modeling highlights a vital policy 

implication. The high cost of approach infrastructure suggests that public-

private partnerships are necessary. The spatial data provides exact coordinates 

for where road investments will yield the highest return by bypassing unstable 

geological features. This study presents a novel integrated framework 

combining Vision Transformer-based deep learning with GIS spatial analysis 

for comprehensive geo-tourism assessment in the arid environment of 

Gaberoun, southern Libya. The results demonstrate that this reseach proposed 

methodology achieves exceptional performance across multiple dimensions: 

technical accuracy in land cover classification (98.76% overall accuracy, 

97.08% mIoU), spatial precision in terrain and accessibility modeling, and 

economic viability with a 4.5-year break-even period. These findings 

collectively advance both the theoretical understanding of deep learning 

applications in remote sensing and the practical methodologies for sustainable 

tourism planning in data-scarce, arid regions. The superior performance of the 

Vision Transformer (ViT-B/16) [54], [55] architecture compared to traditional 

machine learning algorithms (Random Forest, SVM) and convolutional neural 

networks (CNN ResNet, U-Net) represents a significant methodological 

contribution [16], [17]. The 3.2% improvement in accuracy over U-Net and 

5.1% over CNN ResNet validates this reseach hypothesis that transformer-

based architectures, with their self-attention mechanisms, are better suited for 

capturing the complex spatial dependencies and spectral heterogeneity 

characteristic of desert landscapes. This finding aligns with recent advances 

in computer vision [18] but extends them to the underexplored domain of arid 

environment geo-tourism assessment, where extreme illumination variations, 

mixed pixels, and subtle spectral differences between land cover classes 

present unique classification challenges. The effectiveness of this research 

transfer learning strategy, leveraging pre-training on LandCoverNet and 

EuroSAT datasets followed by fine-tuning on custom-annotated Gaberoun 

imagery, addresses a critical barrier to deep learning adoption in data-scarce 

regions. By reducing annotation requirements by approximately 65% while 

maintaining classification accuracy above 98%, this approach demonstrates 

practical feasibility for tourism planning in remote areas where extensive field 

validation is logistically challenging or politically constrained. The success of 

this strategy has important implications for democratizing advanced 

geospatial analytics in developing regions, particularly in post-conflict 
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contexts like southern Libya where institutional capacity for technical 

annotation may be limited. The multi-temporal analysis of Gaberoun Lake 

dynamics (2005-2023) reveals significant seasonal and interannual variability 

with important implications for tourism planning and environmental 

sustainability. The observed expansion from 2.3 km² in 2005 to a peak of 3.4 

km² in 2020, followed by a slight contraction to 3.2 km² in 2023, correlates 

strongly with precipitation patterns (r = 0.82) and NDVI values (r = 0.78), 

confirming the lake's dependence on subterranean aquifer discharge and 

sporadic rainfall events. This finding corroborates paleoenvironmental 

research by [15], [16], [17], which documented the hydrological sensitivity of 

Ubari oases to climate variability throughout the Holocene. The pronounced 

seasonality evident in this reseach heatmap analysis, with lake surface area 

peaking during July-August (3.5-3.7 km²) and declining to 2.1-2.5 km² during 

winter months, has direct implications for tourism seasonality management. 

The temporal coincidence of maximum lake extent with extreme summer 

temperatures (>45°C) creates a paradoxical situation where environmental 

attractiveness (full lake, lush vegetation) conflicts with visitor comfort and 

safety. This finding necessitates strategic tourism planning that balances 

ecological spectacle with thermal comfort, potentially through infrastructure 

investments in shaded facilities, cooling systems, and promotion of shoulder-

season visitation (April-May, September-October) when lake levels remain 

moderate (2.8-3.2 km²) and temperatures are more tolerable (25-35°C). The 

NDVI trajectory showing improvement from 0.32 in 2005 to 0.44 in 2020, 

despite a slight decline to 0.42 in 2023, indicates overall vegetation health 

enhancement in the Gaberoun oasis. This positive trend, contrary to regional 

patterns of oasis degradation documented by [48] in the Arabian Peninsula, 

suggests effective groundwater management or favorable local 

hydrogeological conditions. However, the 2020-2023 decline warrants 

monitoring, as it may signal early stress from climate change impacts or 

increased water extraction [49]. For geo-tourism planning, this vegetation 

trajectory enhances the area's aesthetic and ecological value, directly 

contributing to the educational profitability index score of 9.2/10 for 

archaeological sites and 8.7/10 for paleoenvironmental features. The 

comprehensive terrain analysis derived from ASTER GDEM reveals critical 

spatial constraints that fundamentally shape geo-tourism development 

feasibility and infrastructure investment priorities [16]. The Digital Elevation 

Model shows Gaberoun Lake situated within an interdunal depression at 

approximately 360-380m elevation, surrounded by sand dune crests reaching 

420-440m, creating a topographic amphitheater with significant implications 

for accessibility and visitor experience. The slope gradient analysis, with 

values ranging from 0-3° on the depression floor to 15-25° on dune flanks, 

identifies distinct zones of development suitability that directly inform this 

reseach accessibility cost surface modeling. The Terrain Ruggedness Index 

(TRI) values, averaging 1.8-2.2 in the study area, indicate moderate to high 
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terrain complexity that substantially increases infrastructure development 

costs. This spatial economic modeling reveals that each unit increase in TRI 

is associated with a 15-20% increase in road construction expenses, consistent 

with findings by [49] in arid mountain environments. This relationship 

explains the $280,000 allocation for road development in this reseach cost-

benefit analysis and underscores the necessity of strategic route planning 

along least-cost corridors identified through this reseach GIS network 

analysis. 

The accessibility cost surface, integrating slope, TRI, and land cover friction 

coefficients, reveals that only 23% of the study area falls within the "easy 

access" category (cost <0.15), while 58% requires moderate effort (cost 0.15-

0.30) and 19% presents significant accessibility challenges (cost >0.30). This 

spatial distribution directly influences this research carrying capacity 

assessment, limiting the daily visitor capacity to 45 individuals to prevent 

environmental degradation and maintain visitor experience quality in areas 

with constrained accessibility [50], [51]. The identification of traditional 

transit routes through this reseach deep learning classification (achieving 

98.67% precision) provides a foundation for optimizing infrastructure 

investments by upgrading existing pathways rather than constructing entirely 

new corridors, potentially reducing costs by 30-40% [52], [53]. The economic 

profitability assessment demonstrates that geo-tourism development in 

Gaberoun is financially viable under the proposed framework, with 

cumulative revenues surpassing cumulative costs after 4.5 years of operation. 

This break-even period compares favorably with similar desert geo-tourism 

projects in North Africa and the Middle East, which typically require 5-7 years 

to achieve financial sustainability [50]. The relatively rapid return on 

investment stems from three key factors: (1) the exceptional quality and 

uniqueness of Gaberoun's natural and cultural assets, which command 

premium visitor willingness-to-pay; (2) the strategic infrastructure investment 

totaling $450,000, which balances quality with cost-effectiveness; and (3) the 

conservative annual visitor capacity of 10,800, which prevents over-tourism 

while generating sufficient revenue ($520,000 annually) to cover operational 

costs and provide community benefits. The cost-benefit analysis reveals that 

infrastructure development ($450k) and road upgrading ($280k) constitute 

73% of initial capital expenditures, reflecting the terrain challenges identified 

in this reseach accessibility modeling [50]. However, these investments 

generate substantial long-term value, as evidenced by the strong positive 

correlation between infrastructure quality and tourist visits (r = 0.89) and 

revenue (r = 0.78). The allocation of $120,000 for conservation programs, 

while representing only 13% of total costs, is critical for maintaining the 

ecological and cultural assets that underpin the tourism product. This 

investment directly supports the preservation of archaeological sites, palm 

oasis vegetation, and seasonal wadis, ensuring long-term sustainability of the 

geo-tourism resource base [51]. 
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The sensitivity analysis identifies visitor numbers (sensitivity coefficient = 

0.85) and pricing strategy (0.72) as the most influential positive factors 

affecting profitability, while infrastructure costs (-0.65) and conservation 

expenses (-0.45) represent the primary financial risks. This finding has 

important implications for risk management and adaptive planning [52]. 

Diversification of revenue streams beyond entrance fees including guided 

tours, cultural experiences, accommodation, and merchandise can reduce 

dependence on visitor volume alone, while dynamic pricing strategies that 

adjust for seasonality (higher prices during peak lake extent periods) can 

optimize revenue without compromising accessibility [53]. The moderate 

negative sensitivity to infrastructure costs underscores the importance of this 

reseach transfer learning approach, which minimizes expensive field surveys 

through remote sensing and deep learning, reducing planning and design 

uncertainties. The educational profitability index reveals that Gaberoun's geo-

tourism assets possess exceptional interpretive and pedagogical value, with 

archaeological sites scoring 9.2/10, paleoenvironmental features 8.7/10, rock 

art 8.9/10, geological formations 7.5/10, and oasis heritage 8.1/10 [53]. These 

high scores reflect the site's multi-layered significance spanning geological, 

ecological, archaeological, and cultural dimensions, creating rich 

opportunities for experiential learning and heritage interpretation. The 

Garamantian archaeological heritage, dating to 1000 BCE-700 CE and 

including fortified settlements, fossilized agricultural systems, and rock art, 

represents a world-class educational resource that distinguishes Gaberoun 

from conventional desert tourism destinations focused solely on scenic 

landscapes [54]. 

The integration of deep learning-derived land cover classification with 

educational value scoring represents a methodological innovation that 

enhances the precision of cultural resource management. By achieving 

97.19% F1-score for archaeological site detection, this research  ViT-B/16 

model enables systematic inventory and monitoring of heritage assets at 

spatial scales and temporal frequencies impossible through traditional field 

surveys alone. This capability is particularly valuable in the Fezzan region, 

where political instability and security concerns have limited archaeological 

fieldwork since (2011) [54], [55]. The automated detection and mapping of 

archaeological sites, combined with terrain accessibility analysis, facilitates 

the design of interpretive trails that maximize educational value while 

minimizing physical impact on fragile heritage resources. The strong positive 

correlation between educational value and tourist visits (r = 0.72) and revenue 

(r = 0.68) validates the market demand for knowledge-based tourism 

experiences in arid environments [36], [37], [38], [39]. This finding aligns 

with global trends toward experiential and educational tourism, where visitors 

seek meaningful engagement with local heritage and environments rather than 

passive consumption of scenic vistas [40], [41], [42], [55]. For Gaberoun, this 

implies that investment in interpretive infrastructure information centers, 
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guided tours, multilingual signage, digital storytelling platforms can enhance 

visitor satisfaction and willingness-to-pay, improving economic returns while 

fulfilling the educational mission of geo-tourism. The correlation between 

conservation investment and educational value (r = 0.85) further underscores 

the interdependence of heritage preservation and tourism profitability, 

necessitating sustained funding for conservation programs as an integral 

component of the business model rather than an optional add-on. 

6. LIMITATIONS 

This study is not without limitations. The deep learning models, while 

accurate, rely on optical satellite imagery, which can be affected by 

atmospheric conditions and shadow effects in deep wadis. Future research 

should incorporate Synthetic Aperture Radar (SAR) data to ensure all-weather 

monitoring of the hydrological features. Additionally, the economic 

profitability model relies on projected visitor numbers; integrating real-time 

mobile tracking data in future iterations would refine the carrying capacity 

calculations. The socio-political stability of the Fezzan region remains a 

variable that cannot be fully quantified in a spatial model, necessitating 

continuous risk assessment alongside spatial planning [13]. 

7. CONCLUSION 

The development of geo-tourism in Gaberoun requires a shift from intuitive 

planning to rigorous, data-driven spatial analysis. By coupling deep learning-

enhanced feature extraction with advanced GIS accessibility modeling, this 

research provides a comprehensive assessment of the region's educational and 

economic potential. The custom-trained models successfully mapped critical 

geo-tourism assets, while the spatial economic framework demonstrated that 

high-yield, low-impact tourism is both educationally valuable and 

economically viable, provided that infrastructure investments are precisely 

targeted. This methodological framework offers a robust, replicable template 

for sustainable tourism development in arid, heritage-rich environments 

globally. 

8. RECOMMENDATIONS 

• Prioritize the upgrading of traditional transit routes identified through 

deep learning classification rather than constructing entirely new 

corridors, as this approach can reduce infrastructure costs by 30-40% 

while minimizing environmental impact. 

• Allocate the $280,000 road development budget strategically to 

improve accessibility along least-cost corridors identified in the 

accessibility cost surface analysis, focusing on the 23% of the study 

area classified as "easy access" zones first. 
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• Establish visitor facilities (information centers, rest areas, parking) in 

areas with TRI values <1.5 and slope gradients <5° to minimize 

construction costs and environmental disturbance while maximizing 

accessibility. 

• Implement a daily visitor cap of 45 tourists as determined by the 

carrying capacity assessment to prevent environmental degradation 

and maintain visitor experience quality. 

• Develop a reservation and permit system to manage visitor flows, 

particularly during peak seasons (July-August) when lake extent is 

maximum but temperatures exceed 45°C. 

• Promote shoulder-season visitation (April-May, September-October) 

through targeted marketing campaigns and dynamic pricing strategies 

to distribute visitor pressure more evenly throughout the year and 

improve visitor comfort. 

• Invest in multilingual interpretive signage (Arabic, English, French) 

at archaeological sites, geological formations, and 

paleoenvironmental features, prioritizing locations with educational 

profitability scores >8.5/10. 

• Train and certify local guides in geo-tourism interpretation, 

archaeological heritage, and environmental conservation to enhance 

visitor experiences while creating employment opportunities 

(estimated 15-20 full-time positions). 

• Develop digital storytelling platforms using augmented reality (AR) 

and mobile applications to bring Garamantian heritage to life, 

leveraging the 97.19% F1-score archaeological site detection 

accuracy to create location-based interpretive content. 

• Allocate the $120,000 conservation budget strategically to prioritize 

stabilization of the most vulnerable archaeological sites identified 

through ViT classification, focusing on sites with high educational 

value (9.2/10) and moderate-to-high accessibility. 

• Establish protective barriers and shaded structures at rock art sites and 

fragile archaeological features to prevent weathering and visitor-

induced damage while maintaining interpretive access. 

• Implement a monitoring system using the deep learning framework to 

detect changes in archaeological site conditions annually, enabling 

early intervention when degradation is detected. 

• Develop a palm oasis management plan based on the NDVI trajectory 

analysis (0.32 in 2005 to 0.42 in 2023) to maintain vegetation health 

and prevent the slight decline observed between 2020 and 2023. 

• Establish groundwater extraction limits to ensure sustainable water 

use that balances tourism facility needs, local community 

requirements, and oasis ecosystem preservation. 

• Create exclusion zones around sensitive wadi systems and dune 

formations (classified with 98.50% precision) to prevent trampling 
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and ecological degradation while allowing controlled access for 

educational purposes. 

• Install climate monitoring stations to track temperature, precipitation, 

lake levels, and vegetation health in real-time, providing early 

warning of climate change impacts that could affect tourism viability. 

• Develop drought contingency plans including water conservation 

technologies (greywater recycling, solar desalination) to ensure 

tourism operations can continue during periods of reduced aquifer 

recharge. 

• Design climate-resilient infrastructure with passive cooling systems, 

shaded walkways, and heat-resistant materials to accommodate 

projected temperature increases of 2-4°C by 2050. 

• Prioritize local hiring for tourism positions (guides, facility managers, 

conservation staff, hospitality workers) to ensure the projected 

$185,000 in local job benefits remains within the community. 

• Establish vocational training programs in hospitality management, 

tour guiding, conservation techniques, and digital technologies to 

build local capacity and ensure long-term sustainability of tourism 

operations. 

• Create a community tourism cooperative to manage benefit 

distribution, ensure equitable participation of different social groups, 

and provide a platform for community voice in tourism decision-

making. 

• Implement a revenue-sharing mechanism where 20-25% of tourism 

revenues ($104,000-$130,000 annually) are reinvested in community 

development projects (education, healthcare, infrastructure) as 

identified through participatory planning processes. 

• Develop local supply chains for tourism operations, sourcing food, 

crafts, construction materials, and services from local producers and 

businesses to maximize the $245,000 in projected community 

benefits. 

• Support micro-enterprise development by providing training and 

microfinance for community members to establish tourism-related 

businesses (handicrafts, homestays, restaurants, transport services). 
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ABSTRACT 

The rapid development of generative artificial intelligence has significantly 

increased the realism, diversity, and accessibility of synthetically generated 

visual content. Images produced by generative adversarial networks, diffusion 

models, and modern text-to-image systems can increasingly resemble 

authentic photographs, creating new challenges for digital image forensics. 

Although numerous AI-generated image detectors have been proposed, high 

performance under controlled experimental conditions does not necessarily 

translate into reliable performance against unseen generators, semantic 

domains, image transformations, or real-world distribution channels. This 

chapter provides a systematic and evidence-oriented examination of AI-

generated image detection. Rather than organizing existing methods solely 

according to network architectures, the chapter analyzes them through the 

forensic evidence they exploit, including spatial artifacts, frequency-domain 

characteristics, pretrained visual representations, and generation-related 

reconstruction traces. Particular attention is given to cross-generator 

generalization, dataset bias, robustness to image transformations, and realistic 

evaluation protocols. Current limitations associated with semantic shortcuts, 

rapidly evolving generators, localized synthetic editing, uncertainty, and 

interpretability are also discussed. Based on this analysis, the chapter argues 

that the field should progressively move beyond generator-specific binary 

detection toward multi-evidence and trustworthy visual authenticity 

verification. This perspective provides a structured foundation for developing 

forensic systems that are more generalizable, robust, interpretable, and 

suitable for real-world deployment. 

Keywords: AI-generated image detection; digital image forensics; generative 

artificial intelligence; synthetic images; diffusion models; deep learning; 

generalization; image authenticity. 

1. INTRODUCTION 

1.1. Background and Motivation 

The development of generative artificial intelligence has transformed the 

creation and manipulation of digital visual content. Modern generative models 

are capable of synthesizing realistic objects, scenes, human faces, artistic 

compositions, and complex text-conditioned imagery with increasingly 

limited human effort. As image-generation technologies have improved, the 
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traditional assumption that photographic realism provides evidence of 

authenticity has become increasingly unreliable. 

This transformation has important implications for digital image forensics. 

Synthetic imagery can be used legitimately in design, entertainment, 

education, simulation, and creative production. At the same time, visually 

convincing generated content can complicate media verification, digital 

investigations, scientific communication, journalism, and other applications 

in which the origin of an image matters. 

The forensic problem can therefore be expressed through a simple question: 

can an observed image be reliably distinguished as authentic or AI-

generated when the generation method may be unknown? 

Early research demonstrated that images produced by convolutional 

generative models contained detectable statistical characteristics. Wang et al. 

[1], for example, showed that a classifier trained using images generated by a 

single CNN-based generator could generalize to several other generation 

architectures under appropriate training and augmentation conditions. This 

result provided early evidence that synthetic images may share transferable 

forensic characteristics rather than only model-specific artifacts.  

However, the generative landscape changed substantially with the emergence 

of diffusion-based and large-scale text-to-image systems. Detection models 

developed primarily around GAN-related artifacts could not automatically be 

assumed to perform equally well on these newer synthesis mechanisms. DIRE, 

for example, demonstrated that existing detectors could struggle with 

diffusion-generated imagery and proposed diffusion reconstruction error as an 

alternative forensic representation [2].  

The detection problem has consequently evolved from identifying artifacts 

produced by a limited family of generators toward recognizing synthetic 

content produced by heterogeneous and potentially unseen generation 

processes. 

1.2. From Generator-Specific Detection to Generalizable Forensics 

A fundamental challenge in AI-generated image detection is generalization. 

A conventional supervised detector is typically trained using authentic images 

and synthetic images produced by one or more known generators. During 
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deployment, however, the same detector may encounter images produced by 

a model that was never represented in its training data. 

This creates a critical distinction between two experimental conditions: 

Known-generator detection: the training and test distributions contain the 

same or closely related generators. 

Unseen-generator detection: the detector is evaluated on images produced 

by generators excluded from its training process. 

The second condition is considerably more important for practical 

deployment. 

Ojha et al. [3] showed that conventional real-versus-fake classifiers may fail 

when confronted with new families of generative models. Their work 

demonstrated that features obtained from a large pretrained vision-language 

representation could provide substantially stronger transfer to unseen 

generative models, helping establish cross-generator generalization as a 

central research direction in synthetic-image forensics.  

The problem has become even more pronounced as the number of available 

generative models has expanded. Community Forensics [4] constructed a 

dataset containing approximately 2.7 million images generated by 4,803 

models and demonstrated that increasing generator diversity during training 

can improve out-of-distribution detection.  

These developments indicate that the central research question is no longer 

simply: 

“Can a detector distinguish real images from synthetic images?” 

A more meaningful question is: 

“Can a detector recognize synthetic imagery produced by generators, 

content distributions, and processing pipelines that were not represented 

during training?” 

This distinction forms one of the central themes of this chapter. 
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1.3. Forensic Evidence in AI-Generated Images 

Different generative architectures construct images through different 

computational mechanisms. Consequently, there is no guarantee that every 

generator leaves the same detectable signature. 

Synthetic-image detectors may exploit several types of forensic evidence. At 

a broad level, these can be organized into four categories: 

Spatial evidence includes local textures, pixel statistics, color relationships, 

noise characteristics, and visually subtle image artifacts. 

Spectral evidence includes irregularities or distributional differences 

observable in the frequency domain. 

Representation-level evidence refers to discriminative information 

contained in features obtained from pretrained visual or vision-language 

models. 

Generation-related evidence includes characteristics obtained through 

reconstruction, inversion, denoising, or interaction with generative models. 

These evidence sources should not be considered mutually exclusive. A 

synthetic image may simultaneously contain weak spatial, spectral, and 

generation-related traces. Consequently, combining complementary forensic 

evidence may provide a more sustainable direction than depending on a single 

generator-specific artifact. 

This chapter therefore adopts an evidence-oriented perspective rather than 

categorizing methods only as CNN-based, transformer-based, or foundation-

model-based detectors. 

This distinction is important because two methods using different neural 

architectures may ultimately rely on similar forensic information, while two 

methods using similar architectures may exploit fundamentally different 

evidence. 

1.4. Dataset Bias and the Reliability Problem 

High detection accuracy does not necessarily demonstrate that a model has 

learned genuine forensic evidence. 
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Suppose, for example, that most authentic images in a training dataset are 

stored as JPEG files while most synthetic images are stored as PNG files. A 

sufficiently capable classifier may learn differences associated with image 

encoding rather than image generation. 

Similar shortcuts may arise from differences in resolution, semantic content, 

aspect ratio, compression quality, image source, or preprocessing. 

This issue has become increasingly important in recent research. Guillaro et 

al. [5] demonstrated that spurious correlations involving content, format, and 

resolution can substantially affect the generalization of AI-generated image 

detectors. Their bias-free training paradigm uses semantically aligned real and 

synthetic imagery to reduce such shortcuts and improve generalization to 

unseen generators.  

Therefore, the reliability of a detector depends not only on its architecture but 

also on what information the training data allows it to learn. 

A strong forensic detector should ideally respond to differences introduced by 

the generation process while remaining comparatively insensitive to irrelevant 

properties such as image category or file format. 

This observation makes dataset construction an integral part of forensic 

methodology rather than merely a data-preparation step. 

1.5. Beyond Clean Benchmark Accuracy 

Another major challenge concerns the conditions under which detectors are 

evaluated. 

Synthetic images encountered on the Internet rarely remain in exactly the 

same form in which they were generated. They may undergo JPEG 

compression, resizing, cropping, filtering, social-media processing, 

screenshots, or repeated re-encoding. 

GenImage [6], one of the major large-scale benchmarks in this field, explicitly 

introduced both cross-generator classification and degraded-image 

classification. The benchmark contains more than one million real/synthetic 

image pairs and includes images generated by advanced GAN and diffusion 

models. Its evaluation protocol emphasizes that detecting clean synthetic 
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images and detecting transformed synthetic images are related but distinct 

problems.  

Accordingly, detector performance should be considered across several 

dimensions: 

Detection performance — Can the model distinguish real and synthetic 

images under controlled conditions? 

Generalization — Can it recognize images from previously unseen 

generators? 

Robustness — Does detection remain reliable after compression, resizing, or 

other transformations? 

Bias resistance — Does the model rely on forensic evidence rather than 

semantic or technical shortcuts? 

Practicality — Can the method operate with acceptable computational 

requirements? 

A detector that performs exceptionally well in only the first dimension should 

not automatically be described as universal. 

1.6. From Detection to Authenticity Verification 

Most existing systems formulate the task as binary classification: 

Input image → Real / AI-generated 

Although this formulation remains useful, future visual forensic systems will 

likely require richer outputs. 

For example, an investigator may need to know not only whether an image is 

suspected to contain synthetic content, but also where the suspicious evidence 

occurs, how confident the detector is, what type of evidence supports the 

decision, and whether independent provenance information is available. 

The longer-term forensic objective can therefore be conceptualized as: 

Input image → Authenticity assessment + Confidence + Evidence + 

Localization + Explanation 
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This represents an important transition from synthetic-image detection 

toward visual authenticity verification. 

The distinction also acknowledges that learned forensic detectors are 

probabilistic systems. A classification score alone should not necessarily be 

interpreted as definitive proof of image origin. Combining multiple 

independent evidence sources may therefore become increasingly important 

for trustworthy deployment. 

1.7. Scope and Contribution of This Chapter 

This chapter provides a structured analysis of AI-generated image detection 

with particular emphasis on forensic evidence, generalization, robustness, and 

trustworthy verification. 

Unlike a purely architecture-centered review, the discussion is organized 

around the type of information used to distinguish authentic and synthetic 

imagery. This allows different detection paradigms to be examined within a 

common forensic framework. 

The main contributions of the chapter are as follows: 

1. AI-generated image detection methods are organized according to 

four major forensic evidence categories: spatial, spectral, 

representation-level, and generation-related evidence.  

2. The relationship between detector design, dataset construction, and 

cross-generator generalization is examined systematically.  

3. Benchmark accuracy is distinguished from broader forensic reliability 

by considering unseen generators, semantic bias, image 

transformations, and real-world robustness.  

4. Current limitations of binary synthetic-image classification are 

discussed, including localized editing, uncertainty, interpretability, 

and rapidly evolving generation technologies.  

5. A forward-looking perspective is developed in which synthetic-image 

detection evolves toward multi-evidence and trustworthy visual 

authenticity verification.  

The overall perspective of the chapter is summarized in Fig. 1. 
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Fig. 1. Overall conceptual framework of AI-generated image forensics, illustrating 

the progression from image generation and forensic evidence extraction to synthetic-

image detection, reliability assessment, and trustworthy authenticity verification. 

2. FORENSIC EVIDENCE IN AI-GENERATED IMAGES 

AI-generated image detection relies on the assumption that the image-

generation process leaves measurable traces that differ, at least statistically, 

from those observed in authentic images. These traces are not necessarily 

visible to human observers. Instead, they may appear as subtle differences in 

local textures, frequency distributions, feature representations, or 

reconstruction behavior. 

A useful way to understand existing detection methods is therefore to focus 

on the evidence used to make the decision, rather than only on the architecture 

of the classifier. From this perspective, the forensic evidence exploited by 

current detectors can be grouped into four broad categories: spatial evidence, 

spectral evidence, representation-level evidence, and generation-related 

evidence. 
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As illustrated in Fig. 2, these evidence categories describe complementary 

views of the same image and provide the conceptual basis for the detection 

approaches discussed in Section 3. 

 

Fig. 2. Main categories of forensic evidence used in AI-generated image detection: 

spatial evidence, spectral evidence, representation-level evidence, and generation-

related evidence. 

2.1. Spatial and Pixel-Level Evidence 

Spatial-domain analysis operates directly on image pixels or features extracted 

from local image regions. Early synthetic-image detectors demonstrated that 

generative models may introduce statistical regularities that can be learned by 

convolutional classifiers. These regularities can involve texture, noise 

patterns, local correlations, color relationships, or artifacts introduced by 

upsampling and image-synthesis operations. 

Wang et al. [1] demonstrated that CNN-generated imagery could be detected 

with considerable transfer across different generative architectures. 

Importantly, this suggested that a detector did not always need to memorize 

the output characteristics of one specific generator. Instead, certain synthesis-
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related patterns could remain sufficiently consistent to support broader 

discrimination. 

However, spatial evidence also has important limitations. Many pixel-level 

characteristics are sensitive to JPEG compression, resizing, filtering, 

screenshots, and other transformations. In addition, improvements in 

generative models may reduce artifacts that were prominent in earlier 

generations of synthetic imagery. 

Consequently, a detector that relies too heavily on a narrow set of local 

artifacts may perform strongly on known generators while degrading 

substantially when the generator or image-processing pipeline changes. 

Spatial evidence is therefore useful, but it should not automatically be 

interpreted as generator-independent forensic evidence. 

2.2. Spectral Evidence 

The frequency domain provides a second perspective on synthetic-image 

forensics. Instead of examining only where pixel values occur, spectral 

analysis investigates how image information is distributed across different 

spatial frequencies. 

A common representation for spectral analysis is the two-dimensional discrete 

Fourier transform (2D-DFT), which converts an image from the spatial 

domain into its frequency-domain representation. For an image 𝐼(𝑥, 𝑦) of size 

𝑀 × 𝑁, the 2D-DFT is expressed as 

𝐹(𝑢, 𝑣) = ∑ ∑ 𝐼

𝑁−1

𝑦=0

𝑀−1

𝑥=0

(𝑥, 𝑦) exp [−𝑗2𝜋 (
𝑢𝑥

𝑀
+

𝑣𝑦

𝑁
)]                (1) 

where 𝐼(𝑥, 𝑦) denotes the image intensity at spatial coordinates 𝐼(𝑥, 𝑦), and 

𝐹(𝑢, 𝑣)represents the corresponding frequency-domain coefficient at 

frequency coordinates (𝑢, 𝑣). The magnitude spectrum obtained from these 

coefficients can reveal periodic structures and frequency irregularities that 

may not be readily observable in the spatial domain. 

As indicated by Eq. (1), frequency-domain analysis decomposes image 

information according to its spatial-frequency components. This 

representation is particularly relevant to synthetic-image forensics because 

operations involved in image generation, including convolution, upsampling, 
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decoding, and denoising, can alter the spectral distribution of generated 

images. Previous studies have demonstrated that such frequency-domain 

discrepancies can provide useful forensic evidence for distinguishing 

authentic and synthetic imagery [7], [8]. 

Generative architectures can introduce characteristic frequency patterns 

through operations such as convolution, upsampling, downsampling, 

denoising, and reconstruction. These effects may produce statistical 

differences between authentic and synthetic images even when the images 

appear visually similar. 

Earlier work showed that frequency-domain discrepancies can reveal traces 

associated with CNN-generated imagery [7]. More recent research has 

extended this idea beyond fixed generator fingerprints. 

Karageorgiou et al. [8], for example, proposed an any-resolution spectral-

learning framework in which the spectral distribution of authentic images is 

learned through a self-supervised reconstruction task. Synthetic images are 

then treated as samples that deviate from the learned real-image spectral 

distribution. Their results indicate that modeling authentic-image spectral 

characteristics can improve generalization across previously unseen 

generators and common online perturbations.  

This perspective is important because it changes the objective from: 

learning the spectral artifact of a known generator 

to: 

learning a stable spectral representation of authentic imagery and 

detecting deviations from it. 

Nevertheless, spectral evidence is not universally invariant. Different 

generators can exhibit substantially different frequency characteristics, while 

compression and resizing can alter high-frequency information. Therefore, 

frequency-domain analysis is increasingly being combined with spatial or 

representation-level information. 

2.3. Representation-Level Evidence 

The emergence of large pretrained visual and vision-language models has 

introduced another important source of forensic information. 
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Instead of training a detector entirely from raw pixels, an image can first be 

mapped into a rich pretrained feature space. The detector then determines 

whether authentic and synthetic images occupy distinguishable regions within 

this representation. 

Ojha et al. [3] demonstrated the potential of pretrained vision-language 

representations for detecting images from generative models not observed 

during training. This result was important because it showed that features 

originally learned for broad visual understanding could also contain 

information useful for synthetic-image forensics. 

Cozzolino et al. [9] subsequently investigated CLIP-based representations 

across a wide range of generators and image transformations. Their 

experiments showed strong cross-generator generalization and robustness 

even when the detector was trained with relatively limited synthetic data.  

Representation-level approaches have several attractive properties. Pretrained 

models are exposed to highly diverse visual data and may therefore be less 

dependent on narrow characteristics of a single forensic dataset. They can also 

encode both low-level and higher-level information within the same feature 

space. 

However, this strength creates a potential weakness: pretrained 

representations contain substantial semantic information. 

If synthetic and authentic images contain systematically different subjects, 

scenes, or styles, a classifier may exploit these semantic differences rather 

than genuine generation evidence. Dataset construction and semantic 

balancing therefore remain critical even when powerful pretrained 

representations are used. 

2.4. Generation-Related Evidence 

A fundamentally different strategy is to analyze how an observed image 

interacts with a generative model. 

Rather than searching only for visible or statistical artifacts in the final image, 

generation-related methods investigate whether authentic and synthetic 

images exhibit different behavior during reconstruction, inversion, denoising, 

or latent-space mapping. 
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DIRE [2] is an important example of this approach. The method uses 

reconstruction error obtained through a pretrained diffusion model as forensic 

evidence. The underlying idea is that diffusion-generated and authentic 

images may exhibit different reconstruction characteristics when processed 

through a diffusion-based reconstruction pipeline. 

FakeInversion [10] further explored this direction by extracting features 

obtained through inversion using a pretrained Stable Diffusion model. The 

method was specifically designed to improve detection of images from unseen 

high-fidelity text-to-image generators. Its evaluation also addressed stylistic 

and thematic biases by introducing a more challenging real-image matching 

protocol.  

Generation-related evidence is conceptually attractive because it attempts to 

connect detection with the synthesis process itself rather than relying 

exclusively on superficial artifacts. 

However, these approaches may introduce greater computational cost because 

reconstruction or inversion can require additional processing compared with 

a conventional single-pass classifier. Their performance can also depend on 

the relationship between the generative model used by the detector and the 

unknown model that produced the tested image. 

For this reason, generation-related evidence should be viewed as a 

complementary forensic source rather than a guaranteed universal solution. 

2.5. Complementarity of Forensic Evidence 

The four evidence categories discussed above capture different aspects of 

synthetic imagery. 

Spatial evidence focuses on local image statistics and texture characteristics. 

Spectral evidence analyzes the distribution of information across spatial 

frequencies. 

Representation-level evidence exploits transferable features learned from 

large and diverse visual corpora. 

Generation-related evidence evaluates the relationship between an image 

and a generative process through reconstruction or inversion. 
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No individual evidence type currently provides a complete solution to the AI-

generated image detection problem. 

A spatial detector may be computationally efficient but sensitive to unseen 

generators. A spectral detector may capture subtle generation traces but 

remain vulnerable to transformations affecting frequency information. A 

pretrained representation may generalize strongly while also encoding 

semantic shortcuts. Reconstruction-based approaches may provide powerful 

generation-related evidence but require additional computational resources. 

This suggests that the future of the field is unlikely to depend on identifying a 

single perfect artifact. Instead, more reliable systems may emerge by 

combining multiple partially independent sources of forensic evidence. 

Table 1. Comparison of Major Forensic Evidence Categories 

Evidence 

category 

Typical 

information 
Main advantage Main limitation 

Spatial 

Texture, pixels, 

noise, local 

statistics 

Direct and 

computationally 

efficient 

Sensitive to 

generator and 

processing 

changes 

Spectral 

Frequency 

distributions and 

spectral 

inconsistencies 

Captures subtle 

non-visual 

patterns 

Can be affected 

by compression 

and resizing 

Representation-

level 

Pretrained visual 

feature embeddings 

Strong transfer 

potential 

May learn 

semantic 

shortcuts 

Generation-

related 

Reconstruction, 

inversion, latent 

behavior 

Closely related to 

synthesis process 

Higher 

computational 

cost 

2.6. Toward Multi-Evidence Forensics 

The evolution of detection methods indicates a broader transition in digital 

image forensics. 
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Early approaches frequently searched for a specific fingerprint or artifact 

produced by a particular generation mechanism. As generative systems 

diversified, researchers increasingly investigated transferable features, 

reconstruction behavior, and invariant characteristics of authentic imagery. 

The resulting progression can be summarized conceptually as: 

Generator Artifact → Transferable Forensic Feature → Multi-Evidence 

Authenticity Assessment 

This transition is important because future generators may eliminate or 

substantially weaken artifacts currently used by detectors. A system based on 

several complementary evidence sources may be less vulnerable to the 

disappearance of any single trace. 

The goal should therefore not be to accumulate arbitrary features, but to 

identify evidence that satisfies three desirable properties: 

Discriminative: it meaningfully separates authentic and synthetic imagery. 

Generalizable: it remains useful for generators not represented during 

training. 

Robust: it survives realistic image transformations and distribution changes. 

3. AI-GENERATED IMAGE DETECTION APPROACHES 

The rapid diversification of image-generation technologies has resulted in a 

similarly diverse range of forensic detection methods. Early approaches 

primarily focused on spatial artifacts produced by GAN-based synthesis, 

whereas more recent studies have explored pretrained representations, 

frequency-domain information, reconstruction behavior, and combinations of 

multiple forensic cues. The central objective has gradually shifted from 

detecting artifacts associated with a specific generator toward identifying 

evidence that remains useful across different and previously unseen generative 

models. 

Based on the forensic evidence framework introduced in Section 2, current 

AI-generated image detection methods can be organized into five major 

groups: spatial and CNN-based methods, frequency-based methods, 

pretrained representation-based methods, reconstruction and inversion-
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based methods, and hybrid multi-evidence methods. Their conceptual 

relationship is illustrated in Fig. 3. 

 

Fig. 3. Taxonomy of major AI-generated image detection approaches according to 

the principal forensic evidence and processing strategy used for authenticity 

assessment. 

3.1. Spatial and CNN-Based Detection 

CNN-based detection represents one of the earliest and most straightforward 

approaches to synthetic-image forensics. In a conventional pipeline, an image 

is directly processed by a convolutional feature extractor, followed by a 

classifier that predicts whether the input is authentic or synthetic. 

The learning process of a conventional real-versus-synthetic detector can be 

formulated as a binary classification problem. One of the most commonly used 

objectives for this purpose is the binary cross-entropy (BCE) loss. For N 

training samples, the BCE loss can be written as 

𝐿BCE = −
1

𝑁
∑[𝑦𝑖 log(𝑝𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝𝑖)]

𝑁

𝑖=1

 (2) 



198 

 

Where 𝑦𝑖 represents the ground-truth label of the i-th image and 𝑝𝑖 denotes 

the predicted probability that the corresponding image belongs to the synthetic 

class. During training, minimizing Eq. (2) encourages the detector to assign 

higher probabilities to the correct authenticity labels and penalizes incorrect 

predictions. 

Although the optimization objective in Eq. (2) provides a straightforward 

mechanism for learning binary discrimination, the central forensic challenge 

extends beyond minimizing classification error. A detector must learn 

representations that remain discriminative when the generator architecture, 

semantic content, image resolution, or post-processing conditions differ from 

those encountered during training. Consequently, a low training or validation 

loss does not by itself demonstrate that the learned representation contains 

generalizable forensic evidence. 

The influential study by Wang et al. [1] demonstrated that a classifier trained 

using ProGAN-generated imagery could transfer to several other CNN-based 

generators. Appropriate data augmentation, particularly image compression 

and blurring, further improved generalization. This finding established an 

important baseline for universal synthetic-image detection. 

However, the generative landscape has changed considerably since the 

introduction of these early detectors. Diffusion-based synthesis does not 

necessarily reproduce the same statistical artifacts observed in GAN-

generated images. DIRE [2] showed that detectors designed around earlier 

generative models could exhibit substantial degradation when applied to 

diffusion-generated imagery. 

A major limitation of direct CNN classification is therefore the possibility of 

learning generator-specific shortcuts. If a detector learns artifacts strongly 

associated with the training generators, high in-domain accuracy may not 

translate into reliable unseen-generator performance. 

Despite this limitation, CNN-based detectors remain important because they 

are generally computationally efficient, straightforward to train, and suitable 

for real-time inference. They also continue to serve as useful components 

within more complex hybrid forensic systems. 
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3.2. Frequency-Based Detection 

Frequency-based methods investigate synthetic-image characteristics that 

may be difficult to observe directly in the spatial domain. 

The underlying motivation is that image-generation operations can alter the 

distribution of spatial frequencies. Upsampling, convolution, decoding, and 

denoising processes may introduce characteristic spectral patterns or 

inconsistencies. 

Chandrasegaran et al. [7] analyzed Fourier-spectrum discrepancies in CNN-

generated imagery and demonstrated that synthetic-image artifacts can be 

observed beyond conventional RGB representations. Such findings 

encouraged the development of detectors specifically designed to exploit 

frequency-domain evidence. 

More recent approaches have attempted to improve generalization by avoiding 

dependence on fixed generator fingerprints. The any-resolution spectral-

learning method proposed by Karageorgiou et al. [8] learns spectral 

characteristics of authentic images and identifies synthetic imagery through 

deviations from this learned representation. 

This direction is particularly attractive for open-world detection because it 

reduces the need to explicitly model every synthetic generator. 

Nevertheless, spectral approaches face an important practical challenge: 

image transformations can substantially modify frequency information. JPEG 

compression, resizing, filtering, and screenshots may suppress or distort 

precisely the high-frequency characteristics used by the detector. 

Consequently, frequency-based detection increasingly benefits from 

integration with complementary spatial or semantic representations. 

3.3. Pretrained Representation-Based Detection 

One of the most significant recent developments has been the use of large 

pretrained visual models for synthetic-image detection. 

Instead of learning the complete forensic representation from a relatively 

narrow real-versus-synthetic training dataset, these methods use features 

obtained from models pretrained on large and diverse visual corpora. 
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Ojha et al. [3] demonstrated that CLIP-based representations provide strong 

transfer across different generative architectures. A relatively simple classifier 

trained over these representations was able to generalize substantially better 

than conventional detectors to unseen generators. 

Cozzolino et al. [9] further demonstrated the effectiveness of CLIP features 

across a broad range of synthetic-image generators and post-processing 

conditions. Their findings suggest that large pretrained representations may 

contain transferable information that remains useful even when the synthetic 

generation process changes. 

This has an important practical implication: detector generalization may 

depend as much on representation quality as on classifier complexity. 

However, pretrained representations are not inherently forensic. They contain 

rich information about objects, scenes, style, and semantic content. 

Consequently, a detector may exploit semantic differences between authentic 

and synthetic datasets rather than actual generation traces. 

Guillaro et al. [5] addressed this broader issue through a bias-free training 

paradigm designed to reduce spurious correlations between real and synthetic 

image collections. 

Therefore, pretrained representations provide strong generalization potential, 

but dataset construction remains essential. 

3.4. Reconstruction and Inversion-Based Detection 

Reconstruction-based methods differ fundamentally from conventional 

discriminative detectors. 

Instead of asking only whether an image contains suspicious visual artifacts, 

they examine how the image behaves when processed through a generative 

model. 

DIRE [2] introduced diffusion reconstruction error as a forensic 

representation. The method is based on the observation that authentic and 

diffusion-generated images may exhibit different reconstruction 

characteristics when passed through a pretrained diffusion model. 

This approach is conceptually important because it moves detection closer to 

the image-generation process itself. 
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FakeInversion [10] extended this direction by using features extracted while 

inverting images through Stable Diffusion. The method was specifically 

designed to improve generalization toward unseen text-to-image generators. 

Another notable approach is LaRE² [11], which uses latent reconstruction 

error rather than relying only on pixel-space reconstruction. The method 

extracts reconstruction-related evidence in latent space and combines it with 

error-guided feature refinement. The authors report improved efficiency 

relative to earlier reconstruction-based approaches while maintaining strong 

detection performance. 

Reconstruction and inversion approaches therefore provide a powerful source 

of generation-related evidence. Their main limitation is computational cost. 

Iterative generative processing is typically more expensive than a 

conventional forward pass through a classifier. 

This creates an important trade-off between forensic richness and 

deployment efficiency. 

3.5. Hybrid and Multi-Evidence Detection 

The limitations of individual evidence types have encouraged the 

development of hybrid methods that combine complementary forensic 

information. 

A hybrid detector may, for example, analyze local pixel artifacts while 

simultaneously incorporating semantic or pretrained representations. The 

objective is to reduce dependence on any single forensic trace. 

CO-SPY [12] follows this strategy by combining semantic and pixel-level 

features for synthetic-image detection. Rather than assuming that one 

representation is sufficient, the method explicitly exploits complementary 

information from different feature spaces. 

Similarly, FIRE [13] combines frequency analysis with reconstruction-based 

evidence. Instead of treating spectral and generative information as 

independent alternatives, the method uses frequency-guided reconstruction 

error to improve robustness in diffusion-generated image detection. 

A further development is represented by mixture-of-experts architectures. 

Forensic-MoE [14] uses multiple forensic experts to capture diverse synthetic 
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traces and integrates their outputs through a mixture-of-experts framework. 

This approach reflects the observation that different generators may leave 

different dominant traces. 

The underlying principle is straightforward: 

Different generators may require different forensic perspectives. 

Accordingly, a detector capable of adaptively combining multiple evidence 

sources may provide stronger open-world generalization than a system built 

around a single fixed artifact. 

3.6. Explainable Detection 

Detection accuracy alone may not be sufficient in applications where 

decisions must be interpreted by human investigators. 

A conventional detector typically provides a label and confidence score: 

Synthetic – 96% 

However, this output does not explain why the image was classified as 

synthetic. 

Explainable forensic detection aims to provide additional information such as 

suspicious image regions, relevant visual evidence, or human-readable 

reasoning. 

AIGI-Holmes [15] represents a recent step in this direction. The framework 

uses multimodal large language models to combine AI-generated image 

detection with human-verifiable explanations. 

This development expands the forensic objective from: 

Image → Label 

toward: 

Image → Label + Evidence + Explanation 

However, explainability introduces an additional concern. A convincing 

explanation is not necessarily a faithful explanation. A model may generate 
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plausible reasoning that does not accurately correspond to the evidence 

responsible for its prediction. 

Future explainable forensic systems should therefore evaluate both 

classification reliability and explanation faithfulness. 

3.7. Comparative Analysis of Detection Approaches 

The major detection paradigms differ substantially in their strengths and 

limitations. 

Table 2. Comparison of Major AI-Generated Image Detection Approaches 

Approach 
Main 

evidence 

Main 

advantage 

Main 

limitation 

Relative 

cost 

CNN-based 
Spatial 

artifacts 

Fast and 

simple 

Generator-

specific 

shortcuts 

Low 

Frequency-based 
Spectral 

characteristics 

Detects 

subtle non-

visual 

traces 

Transformatio

n sensitivity 

Low–

Medium 

Pretrained 

representation 

Transferable 

visual 

features 

Strong 

cross-

generator 

potential 

Semantic bias Medium 

Reconstruction/inversi

on 

Generative 

behavior 

Closely 

related to 

synthesis 

process 

Computational

ly expensive 
High 

Hybrid/multi-evidence 

Multiple 

complementar

y cues 

Improved 

robustness 

potential 

Greater design 

complexity 

Medium

–High 
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Approach 
Main 

evidence 

Main 

advantage 

Main 

limitation 

Relative 

cost 

Explainable/multimod

al 

Visual 

evidence + 

reasoning 

Human-

interpretabl

e output 

Explanation 

faithfulness 
High 

The comparison highlights an important point: there is currently no 

universally dominant detection paradigm. 

A method optimized for computational efficiency may not provide the 

strongest cross-generator generalization. A reconstruction-based method may 

provide richer forensic evidence but be difficult to deploy at scale. A 

pretrained detector may generalize effectively while remaining vulnerable to 

semantic shortcuts. 

Consequently, detector selection should depend on the intended forensic 

application rather than on a single benchmark accuracy value. 

3.8. Methodological Evolution 

The evolution of AI-generated image detection can be summarized through 

four broad stages. 

Stage 1–Generator Artifact Detection: Early methods primarily learned 

artifacts associated with known generative architectures. 

Stage 2– Cross-Generator Representation Learning: Research shifted 

toward representations capable of transferring across multiple generators. 

Stage 3–Generation-Aware and Multi-Evidence Detection: 

Reconstruction, inversion, spectral information, and complementary feature 

streams were increasingly incorporated. 

Stage 4–Trustworthy Forensic Reasoning: Recent work has begun to 

integrate detection with localization, uncertainty, explanation, and broader 

authenticity assessment. 

This progression suggests that future research should not focus exclusively on 

increasing classification accuracy. Instead, the field is moving toward systems 
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capable of maintaining reliable performance under generator changes, image 

transformations, semantic shifts, and realistic deployment conditions. 

These requirements motivate the benchmark and evaluation analysis 

presented in Section 4. 

4. DATASETS, EVALUATION, AND GENERALIZATION 

The reliability of an AI-generated image detector cannot be determined solely 

by its performance on a conventional test set. A model may achieve very high 

accuracy when training and test images originate from similar generators, 

semantic categories, resolutions, and processing pipelines, yet experience 

substantial performance degradation when these conditions change. 

For this reason, modern evaluation should distinguish between in-domain 

detection, cross-generator generalization, cross-semantic generalization, 

transformation robustness, and real-world robustness. These dimensions 

provide a more realistic assessment of whether a detector has learned 

transferable forensic evidence. 

4.1. The Importance of Dataset Design 

Dataset construction has a direct influence on what a detector learns. 

A synthetic-image detection dataset generally contains authentic and AI-

generated images. However, the number of images alone provides limited 

information about dataset quality. Two datasets containing the same number 

of images may differ substantially in generator diversity, semantic diversity, 

image resolution, compression, and processing conditions. 

Community Forensics [4] provides a clear example of the importance of 

generator diversity. The dataset contains approximately 2.7 million images 

sampled from 4,803 generative models. Its experiments indicate that 

increasing both the number and diversity of generators represented during 

training improves generalization to unseen generative models.  

This leads to an important distinction: 

Dataset size is not equivalent to generator diversity. 

A very large dataset generated by only one or two models may still provide 

limited information about the broader synthetic-image distribution. 
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Therefore, dataset descriptions should clearly report the number of authentic 

images, synthetic images, generators, semantic categories, image resolutions, 

and relevant preprocessing conditions. 

4.2. GenImage and Large-Scale Benchmarking 

GenImage [6] represents one of the major large-scale benchmarks developed 

specifically for AI-generated image detection. 

An important contribution of GenImage is that evaluation is not restricted to 

conventional training and testing on closely related distributions. The 

benchmark includes cross-generator classification and degraded-image 

classification, enabling researchers to examine whether detectors remain 

reliable when the generator changes or image quality is reduced. 

This distinction is essential because a detector may achieve excellent results 

on synthetic images from a known generator while performing considerably 

worse on images from an unseen generator. 

Consequently, results obtained under known-generator and unseen-generator 

conditions should be reported separately. 

4.3. Cross-Generator Generalization 

Cross-generator generalization is one of the most important evaluation criteria 

for practical synthetic-image detection. 

In this setting, one or more generators used during testing are completely 

excluded from detector training. 

For example: 

Training: Generator A + Generator B + authentic images 

Testing: Generator C + authentic images 

where Generator C is unseen during training. 

This evaluation determines whether the detector has learned transferable 

forensic evidence rather than memorizing characteristics associated with 

known generators. 
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Studies such as UniversalFakeDetect [3] and Community Forensics [4] 

demonstrate why this distinction is important. Both emphasize that strong 

performance on unseen generators is a substantially more meaningful 

indicator of universality than conventional in-domain accuracy. 

Accordingly, claims such as “universal detector” should be supported by 

explicit unseen-generator experiments. 

4.4. Cross-Semantic Generalization 

Generator shift is not the only form of distribution change. 

A detector may also become dependent on the semantic content of its training 

data. For example, if synthetic images predominantly contain artistic scenes 

while authentic images predominantly contain natural photographs, the model 

may learn content-related shortcuts. 

Cross-semantic evaluation therefore asks whether a detector remains reliable 

when the subject matter of the test images differs from that represented during 

training. 

Cai et al. [16] highlighted this issue through Adaptive Test-Time Semantic 

Debiasing and introduced CSAIID for evaluating cross-semantic 

generalization. Their work argues that detector generalization across 

generators does not automatically imply generalization across semantic 

categories.  

This distinction is particularly important for real-world deployment because 

synthetic images can appear in virtually any content domain. 

Therefore, robust evaluation should consider both: 

Cross-generator generalization and Cross-semantic generalization. 

4.5. Transformation Robustness 

Images distributed through online platforms are frequently modified after 

generation. 

Common transformations include: 

• JPEG compression,  
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• resizing,  

• cropping,  

• blurring,  

• filtering,  

• repeated encoding,  

• screenshots.  

These operations can alter the same low-level characteristics that synthetic-

image detectors use for classification. 

A detector evaluated only on original, high-quality images may therefore 

provide an overly optimistic estimate of practical performance. 

Robustness testing should compare performance under clean and transformed 

conditions. More importantly, the transformations should approximate 

realistic image-distribution processes rather than relying only on arbitrary 

laboratory perturbations. 

This is particularly relevant for spatial and frequency-based detectors because 

compression and resizing can directly modify pixel statistics and spectral 

information. 

4.6. Real-World Robustness 

Real-world evaluation extends beyond conventional image augmentation. 

Li et al. [17] introduced RRDataset specifically to investigate the gap between 

ideal benchmark conditions and practical deployment. The benchmark 

evaluates detectors across scenario generalization, Internet transmission, and 

re-digitization. It also benchmarks 17 detectors and 10 vision-language 

models under these conditions.  

The Internet-transmission component is particularly important because 

images may be repeatedly shared and recompressed across online platforms. 

Re-digitization introduces another challenging condition. An image may be 

photographed from a screen, scanned from printed material, or otherwise 
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converted back into digital form. Such transformations can substantially 

modify forensic traces while preserving the visual content. 

These observations suggest that: 

robustness to artificial perturbations is not necessarily equivalent to 

robustness under real-world media circulation. 

This distinction should become increasingly important in future 

benchmarking. 

4.7. Open-World Detection and Localization 

Another limitation of conventional benchmarks is the assumption that an 

entire image is either authentic or synthetic. 

Modern generative editing systems can modify only a selected image region 

while leaving the remainder unchanged. 

OpenSDI [18] addresses this problem through an open-world benchmark 

containing both globally and locally manipulated diffusion-generated images. 

Importantly, the benchmark evaluates both image-level detection and 

manipulation localization.  

This expands the forensic task from: 

Is this image synthetic? 

to: 

Does this image contain synthetic content, and where is that content 

located? 

Localization is particularly important when only a small object, person, 

background region, or semantic element has been synthetically modified. 

Future benchmarks should therefore increasingly include partially generated 

and generatively edited images rather than focusing exclusively on fully 

synthetic content. 
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4.8. Evaluation Metrics 

Accuracy remains widely used in synthetic-image detection, but it should not 

be reported alone. 

A balanced evaluation should normally include: 

Accuracy — overall proportion of correct predictions. 

Precision — reliability of synthetic-image predictions. 

Recall — proportion of synthetic images correctly detected. 

F1-score — balance between precision and recall. 

Among the commonly reported classification metrics, the F1-score is 

particularly informative when both false-positive and false-negative decisions 

must be considered. It combines precision and recall through their harmonic 

mean and is defined as 

𝐹1 = 2 ×
Precision × Recall

Precision + Recall
 (3) 

Precision describes the proportion of images predicted as synthetic that are 

actually synthetic, whereas recall measures the proportion of synthetic images 

that are successfully identified by the detector. As shown in Eq. (3), a high 

F1-score requires both measures to remain high; strong performance in only 

one of them cannot compensate completely for poor performance in the other. 

This property makes the F1-score particularly useful when comparing AI-

generated image detectors under varying generator distributions or class 

compositions. Nevertheless, Eq. (3) should not be interpreted in isolation. 

ROC-AUC, Average Precision, per-generator performance, and robustness 

measurements should also be considered to obtain a more comprehensive 

assessment of forensic reliability. 

ROC-AUC — threshold-independent discrimination ability. 

Average Precision or PR-AUC — particularly useful when class 

distributions are imbalanced. 

For localization tasks, additional metrics such as Intersection over Union 

(IoU) and pixel-level F1-score should be reported. 
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Computational metrics are also increasingly relevant. These include: 

Number of parameters 

FLOPs 

Inference latency 

Throughput 

A detector that provides slightly higher accuracy but requires substantially 

greater computational resources may not be preferable for real-time or large-

scale deployment. 

Table 3. Recommended Evaluation Dimensions for AI-Generated Image Detection 

Evaluation 

dimension 
Main question Typical measures 

In-domain 

detection 

Can the model 

distinguish known 

real/synthetic 

distributions? 

Accuracy, Precision, Recall, 

F1 

Cross-generator 
Does it detect unseen 

generators? 

F1, AUC, AP across unseen 

generators 

Cross-semantic 
Does it generalize to 

unseen content? 

F1/AUC across semantic 

categories 

Transformation 

robustness 

Does performance 

survive image 

processing? 

Clean vs. transformed 

performance 

Real-world 

robustness 

Does it survive practical 

media circulation? 

Scenario/transmission/re-

digitization results 

Localization 
Can synthetic regions be 

identified? 
IoU, pixel F1 
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Evaluation 

dimension 
Main question Typical measures 

Efficiency Is deployment practical? 
Parameters, FLOPs, latency, 

throughput 

4.9. Avoiding Data Leakage and Shortcut Learning 

Evaluation results can be artificially inflated if highly related images appear 

in both training and testing. 

Potential leakage can occur when images share the same source photograph, 

prompt, generator configuration, or near-duplicate content. 

Therefore, random image-level splitting is not always sufficient. 

Where possible, dataset partitions should consider: 

generator identity, source-image identity, prompt similarity, semantic 

category, and manipulation type. 

For cross-generator evaluation in particular, the test generator must be 

genuinely absent from training. 

Similarly, when cross-semantic generalization is being evaluated, semantic 

categories used during testing should be separated appropriately from those 

used for model development. 

Careful partitioning is essential because otherwise the detector may appear to 

generalize while actually exploiting correlations shared between training and 

test data. 

4.10. Reproducibility and Statistical Reliability 

Another important issue is experimental variability. 

Deep-learning results can change because of random initialization, data 

ordering, augmentation, and optimization. Reporting only the best 

experimental run can therefore produce an overly optimistic result. 

Where computational resources permit, experiments should be repeated with 

multiple random seeds and reported using mean ± standard deviation. 
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For example: 

F1-score: 0.91 ± 0.01 

is more informative than reporting only: 

F1-score: 0.91 

because the first result provides information about experimental stability. 

The same principle applies across unseen generators. Reporting only the 

average performance may hide substantial variation between generator 

families. 

A detector that performs consistently across many generators may be more 

reliable than one that achieves the same mean score through excellent 

performance on some generators and severe failure on others. 

4.11. A Practical Evaluation Framework 

Level 1–In-Domain Detection Evaluate basic discrimination under familiar 

training and testing conditions. 

Level 2 – Unseen-Generator Evaluation Test generators that were 

completely excluded from training. 

Level 3 – Cross-Semantic Evaluation Test semantic categories or content 

distributions not represented during training. 

Level 4 – Transformation Robustness Evaluate compression, resizing, 

cropping, blur, and related processing. 

Level 5 – Real-World Evaluation Evaluate Internet transmission, 

screenshots, re-digitization, localized editing, and other practical conditions. 

The progression is illustrated in Fig. 4. 
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Fig. 4. Proposed five-level evaluation framework for assessing AI-generated image 

detectors from conventional in-domain testing to real-world forensic evaluation. 

4.12. From Benchmark Accuracy to Forensic Reliability 

The evidence reviewed in this section demonstrates that a single benchmark 

accuracy value cannot fully characterize an AI-generated image detector. 

A reliable detector should ideally maintain performance across multiple forms 

of distribution shift. This includes changes in generator architecture, semantic 

content, image quality, processing history, and manipulation scope. 

Therefore, detector evaluation should increasingly move from: 

“How accurate is the model?” 

toward: 

“Under which conditions does the model remain reliable?” 

This distinction is essential for interpreting claims of universality. 

A practical forensic system should be evaluated not only according to its best-

case performance, but also according to its behavior under unfamiliar and 

degraded conditions. 

In this sense, forensic reliability is broader than classification accuracy. 
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5. CURRENT CHALLENGES AND FUTURE DIRECTIONS 

Despite substantial advances in AI-generated image detection, reliable real-

world deployment remains an open research problem. Modern detectors can 

achieve high performance on controlled benchmarks, but their effectiveness 

may decline when confronted with unseen generators, unfamiliar semantic 

content, image transformations, localized editing, or new generations of 

synthesis technology. 

The central challenge is therefore no longer simply improving classification 

accuracy. Future systems must remain reliable under continuously changing 

conditions while also providing interpretable and appropriately calibrated 

evidence. 

From the analysis presented in the previous sections, six major research 

challenges can be identified: open-world generalization, robustness to real-

world transformations, semantic bias, localized synthetic content, 

continual adaptation, and trustworthy authenticity verification. 

5.1. Open-World Generalization 

The rapid evolution of generative models creates a fundamental mismatch 

between detector development and deployment. 

A detector can only be trained using generators available at a particular point 

in time. After deployment, however, new generative models may introduce 

image characteristics that were never represented during training. 

This makes it unrealistic to assume that future synthetic-image distributions 

will closely resemble the detector's training distribution. 

Recent studies increasingly address this problem by reducing dependence on 

known synthetic generators. Nguyen et al. [19], for example, proposed 

forensic self-descriptions based on subtle image-creation microstructures. 

Their method learns from authentic images in a self-supervised manner and 

supports zero-shot synthetic-image detection and open-set source attribution 

without prior knowledge of the tested generator.  

This direction suggests an important conceptual shift: 

Known-generator modeling → Generator-independent forensic modeling 
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Rather than continuously collecting examples from every new generator, 

future detectors may increasingly model relatively stable properties of 

authentic image formation and identify deviations associated with synthetic 

production. 

This strategy could reduce dependence on the continuously expanding 

generator population. 

5.2. Robustness to Real-World Image Transformations 

Even when a detector generalizes to an unseen generator, its forensic evidence 

may be weakened during image distribution. 

Images shared through websites, messaging applications, and social-media 

platforms frequently undergo compression, resizing, cropping, re-encoding, 

and other transformations. Screenshots and re-digitization can further modify 

low-level characteristics. 

The RRDataset analysis discussed in Section 4 demonstrates that performance 

under ideal benchmark conditions may not accurately reflect performance 

under Internet transmission and re-digitization [17]. 

Future detector development should therefore explicitly distinguish between 

semantic invariance and forensic sensitivity. 

A useful forensic representation should remain relatively stable when benign 

image transformations occur while remaining sensitive to characteristics 

associated with synthetic generation. 

Achieving these two objectives simultaneously is difficult because some of 

the most informative generation traces occur precisely in low-level image 

statistics that compression and resizing modify. 

Robust training, multi-resolution analysis, degradation-aware augmentation, 

and complementary forensic representations are therefore promising research 

directions. 

5.3. Semantic Bias and Shortcut Learning 

A detector can achieve high benchmark accuracy for the wrong reason. 
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If authentic and synthetic images differ systematically in semantic content, 

resolution, file format, or acquisition source, a model may learn these 

differences instead of actual generation evidence. 

The bias-free training strategy discussed in Section 1 demonstrates the 

importance of semantically aligned real and synthetic data [5]. Similarly, 

cross-semantic evaluation has shown that generalization across generators 

does not necessarily guarantee generalization across content categories [16]. 

Future datasets should therefore place greater emphasis on controlled real–

synthetic pairing. 

Whenever possible, authentic and synthetic samples should be matched 

according to semantic content and technical properties. Evaluation protocols 

should also explicitly separate semantic categories between training and 

testing. 

This would make it more difficult for detectors to exploit trivial shortcuts and 

provide stronger evidence that performance originates from genuine forensic 

learning. 

5.4. Localized and Partially Synthetic Images 

The traditional binary formulation assumes that an entire image is either 

authentic or synthetic. 

This assumption is becoming increasingly unrealistic. 

Modern generative editing tools can modify selected regions while preserving 

most of the original photograph. A face, object, background region, or visual 

attribute may be synthetically altered without replacing the entire image. 

OpenSDI [18] illustrates the importance of evaluating both global and local 

diffusion-generated manipulations. 

Future systems should therefore answer two complementary questions: 

Does synthetic content exist? 

and 

Where is the synthetic content located? 
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This requires closer integration between classification and localization. 

Patch-level representations, segmentation-based forensic networks, multi-

scale analysis, and region-aware reasoning are likely to become increasingly 

important. 

Localization also provides an important interpretability benefit. Highlighting 

the suspicious region gives a human analyst more useful information than a 

global synthetic probability alone. 

5.5. Few-Shot Adaptation to Emerging Generators 

Continually retraining a detector from scratch whenever a new generator 

appears is neither efficient nor scalable. 

Few-shot learning offers an alternative. 

Wu et al. [20] proposed a Few-Shot Detector designed to adapt detection to 

unseen generators using very limited additional examples. Their ICML 2025 

study reports that the approach improved average accuracy on GenImage 

using only ten additional samples, illustrating the potential of data-efficient 

adaptation.  

This direction is particularly relevant because obtaining large labeled datasets 

for every newly released generator may be impractical. 

Future systems may therefore combine two capabilities: 

strong zero-shot generalization, when no examples of the new generator are 

available; 

and 

rapid few-shot adaptation, when a small number of representative samples 

becomes available. 

Such a combination would provide a more realistic strategy for maintaining 

detector performance as generative technologies evolve. 

5.6. Continual Learning 

Few-shot adaptation addresses limited-data scenarios, but the broader problem 

is that the generator ecosystem changes continuously. 
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A practical detector may therefore need to learn sequentially. 

The objective is not simply to learn a new generator. The detector must learn 

new forensic patterns without forgetting previously acquired knowledge. 

This problem is closely related to catastrophic forgetting in continual learning. 

A recent 2026 study by Wang et al. [21] proposed a continual-learning 

framework specifically for AI-generated image detection. The framework 

combines parameter-efficient adaptation, sequential learning from emerging 

generator distributions, and mechanisms intended to reduce forgetting. The 

study evaluates the approach across 27 generative models organized 

chronologically to simulate the evolution of generative technologies.  

This represents an important transition from: 

Static Detector 

to 

Adaptive Forensic System 

Future detectors may therefore require periodic updating rather than being 

trained once and deployed indefinitely. 

5.7. Uncertainty-Aware Forensic Decisions 

Most synthetic-image detectors provide a probability score that is converted 

into a binary label. 

However, not every image contains sufficient evidence for a confident 

forensic conclusion. 

For example, an image may have undergone heavy compression or extensive 

editing, leaving only weak traces of its generation process. In such cases, 

forcing the detector to output either “real” or “synthetic” may create 

misleading certainty. 

A more practical system should be able to report: 

Real Synthetic or Uncertain depending on the strength of available evidence. 
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This becomes particularly important when detectors are used in sensitive 

applications. Confidence calibration, out-of-distribution detection, selective 

classification, and uncertainty estimation should therefore receive greater 

attention in future synthetic-image forensics. 

The objective should not be to maximize confidence, but to ensure that 

confidence reflects actual reliability. 

5.8. Explainability and Evidence 

As discussed in Section 3, recent methods have begun to combine detection 

with human-readable explanations [15]. 

This is an important development, but explanation quality requires careful 

consideration. 

A model may produce an explanation that sounds reasonable even when that 

explanation does not correspond to the evidence actually used by the detector. 

Therefore: 

Plausible explanation ≠ Faithful forensic explanation 

Future explainable systems should ideally identify suspicious regions or 

measurable forensic characteristics and connect these observations directly to 

the authenticity decision. 

For high-stakes forensic applications, an output such as: 

Synthetic – 97% may eventually be less useful than: Synthetic – High 

confidence – Suspicious regions identified – Supporting forensic evidence 

available 

This represents a shift from classification toward evidence-supported 

forensic reasoning. 

5.9. Computational Efficiency 

Increasing forensic sophistication often increases computational cost. 

A lightweight CNN detector may require only a single forward pass, while 

reconstruction-based, multimodal, or multi-expert systems may require 

substantially more processing. 
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This becomes important when millions of images must be screened or when 

detection is performed on mobile or edge devices. 

Future research should therefore consider forensic performance together with: 

model size, 

inference latency, 

memory requirements, 

and 

energy consumption. 

Potential solutions include knowledge distillation, model quantization, 

lightweight backbones, parameter-efficient adaptation, and cascaded 

detection. 

The practical value of lightweight deep-learning architectures has also been 

demonstrated in other image-based detection domains. For example, Arvas 

and Çınar [23] showed that a lightweight YOLO-based architecture can 

provide effective object detection from GPR data while reducing 

computational complexity, illustrating the broader potential of efficiency-

oriented model design for resource-constrained detection applications. 

A particularly practical architecture could use a lightweight detector for the 

majority of images and invoke a more computationally expensive forensic 

model only when the initial prediction is uncertain. 

This would provide a balance between efficiency and forensic depth. 

5.10. Detection and Content Provenance 

An important distinction should be made between detecting synthetic 

evidence and verifying content provenance. 

Image detectors infer authenticity from visual evidence contained within an 

image. Provenance systems instead provide information about how a digital 

asset was created, modified, or distributed. 

The Coalition for Content Provenance and Authenticity (C2PA) provides a 

technical framework for cryptographically verifiable Content Credentials. The 
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current C2PA 2.4 specification, released in April 2026, includes mechanisms 

for manifests, assertions, content bindings, signatures, and provenance-related 

information.  

These approaches solve different problems. 

A detector can analyze an image even when provenance information is 

unavailable. However, its conclusion remains probabilistic. 

A valid cryptographic provenance record can provide stronger information 

about an asset's history, but provenance information may be absent. 

Importantly: 

Absence of Content Credentials does not mean that an image is fake. 

Therefore, provenance and forensic detection should be considered 

complementary rather than competing approaches. 

5.11. Toward Trustworthy Visual Authenticity Verification 

The limitations discussed throughout this chapter suggest that future systems 

should move beyond isolated binary classifiers. 

A trustworthy authenticity system could combine four layers of evidence: 

Layer 1 – Intrinsic Forensic Evidence Spatial, spectral, representation-level, 

and generation-related characteristics. 

Layer 2 – Reliability Assessment Cross-generator robustness, 

transformation robustness, and uncertainty. 

Layer 3 – External Verification Provenance, Content Credentials, 

watermark information, and available metadata. 

Layer 4 – Interpretable Decision Authenticity label, confidence, 

localization, and supporting explanation. 

This proposed direction is illustrated in Fig. 5. 
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Fig. 5. Proposed multi-layer framework for trustworthy visual authenticity 

verification integrating intrinsic forensic evidence, reliability assessment, external 

provenance information, and interpretable decision support. 

Intrinsic Forensic Evidence 

↓ 

Reliability Assessment 

↓ 

External Verification 
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↓ 

Interpretable Decision 

Label | Confidence | Localization | Explanation 

5.12. Summary of Future Research Priorities 

The major challenges discussed in this section are summarized in Table 4. 

Table 4. Major Challenges and Future Research Priorities 

Challenge Current limitation Future direction 

Unseen generators 
Dependence on training 

generators 

Zero-shot and generator-

independent learning 

Image 

transformations 

Forensic traces can be 

degraded 

Transformation-robust 

representations 

Semantic bias 
Content shortcuts inflate 

performance 

Semantically controlled 

datasets 

Partial generation 
Binary classification 

misses local edits 
Detection + localization 

Emerging 

generators 

Large retraining datasets 

required 
Few-shot adaptation 

Continuous 

evolution 

Static detectors become 

outdated 
Continual learning 

Uncertain 

evidence 
Forced binary predictions Calibrated uncertainty 

Explainability 
Prediction lacks forensic 

support 

Evidence-grounded 

explanations 

Computational 

cost 

Advanced methods can be 

expensive 

Lightweight and cascaded 

inference 



225 

Challenge Current limitation Future direction 

Provenance 
Image-only detection 

remains probabilistic 

Forensics + provenance 

integration 

Taken together, these research directions indicate that the next generation of 

synthetic-image forensic systems will need to be more than accurate 

classifiers. 

They must be generalizable, robust, adaptive, uncertainty-aware, 

interpretable, and computationally practical. 

Most importantly, future systems should integrate multiple independent forms 

of evidence rather than assuming that a single artifact will remain reliable as 

generative technologies continue to evolve. 

The field is therefore moving from: 

AI-Generated Image Detection toward: Trustworthy Visual Authenticity 

Verification 

6. CONCLUSION 

The rapid evolution of generative artificial intelligence has transformed AI-

generated image detection from a relatively narrow classification problem into 

a broader challenge of digital visual authenticity. Modern generative systems 

can produce increasingly realistic and diverse imagery, while new models and 

editing capabilities continue to emerge at a pace that makes exhaustive 

generator-specific detector training impractical. Consequently, the long-term 

effectiveness of synthetic-image forensics depends not only on detection 

accuracy but also on generalization, robustness, adaptability, and the 

reliability of the evidence supporting a decision. 

This chapter examined AI-generated image detection from an evidence-

oriented perspective. Existing approaches were organized according to four 

principal sources of forensic information: spatial evidence, spectral 

evidence, representation-level evidence, and generation-related evidence. 

This perspective provides a useful alternative to classifications based 

exclusively on neural-network architecture because different architectures 

may exploit similar forensic information, while similar architectures may rely 

on fundamentally different evidence. 
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The analysis also demonstrates that no single evidence category currently 

provides a complete solution. Spatial characteristics can support efficient 

detection but may be sensitive to generator changes and image processing. 

Spectral representations can reveal subtle synthesis-related patterns but may 

be altered by compression and resizing. Pretrained visual representations 

provide strong transfer potential but can encode semantic shortcuts. 

Reconstruction and inversion methods connect detection more directly to 

generative processes but generally introduce additional computational 

requirements. These limitations motivate increasing interest in hybrid and 

multi-evidence forensic systems. 

A central conclusion of this chapter is that high benchmark accuracy should 

not be interpreted as equivalent to forensic reliability. A detector may 

perform extremely well when evaluated on generators and semantic 

distributions similar to those used during training while failing under unseen 

conditions. Accordingly, evaluation should explicitly address cross-generator 

generalization, cross-semantic generalization, transformation robustness, real-

world image circulation, and localized synthetic editing. 

Dataset design is equally important. Differences in content, resolution, 

compression, format, or source between authentic and synthetic images can 

introduce shortcuts that allow a detector to achieve strong results without 

learning meaningful generation evidence. Future datasets should therefore 

place greater emphasis on generator diversity, semantic alignment, controlled 

preprocessing, and carefully separated evaluation protocols. 

The emergence of partially generated and generatively edited images further 

challenges conventional binary classification. Future forensic systems should 

increasingly determine not only whether synthetic content exists, but also 

where that content occurs. Localization can provide valuable supporting 

evidence and improve the interpretability of authenticity decisions. 

Another important requirement is adaptability. The generator population 

encountered in the future cannot be fully represented by today's datasets. Zero-

shot detection, few-shot adaptation, and continual learning therefore represent 

complementary strategies for maintaining forensic effectiveness as generative 

technologies evolve [19]–[21]. Rather than functioning as static classifiers, 

future detectors may increasingly operate as adaptive forensic systems. 
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At the same time, uncertainty should become an explicit component of 

forensic decision-making. Not every image provides sufficient evidence for a 

reliable binary conclusion. Heavy compression, re-digitization, editing, or 

previously unseen generation mechanisms may produce ambiguous cases. A 

trustworthy system should therefore be capable of communicating uncertainty 

rather than presenting every prediction with artificial confidence. 

The broader future direction identified in this chapter is a transition from AI-

generated image detection to trustworthy visual authenticity verification. 

In such a framework, intrinsic forensic analysis is combined with reliability 

assessment, external provenance information, and interpretable decision 

support. Provenance frameworks such as C2PA [22] can complement image-

based detection by providing cryptographically verifiable information about 

digital content history when such information is available. 

Importantly, forensic detection and provenance should not be treated as 

interchangeable. Image-based detectors provide probabilistic evidence 

derived from visual content, whereas provenance systems provide external 

information about content origin and modification history. Combining these 

independent sources can provide a stronger basis for authenticity assessment 

than relying on either approach alone. 

The future of AI-generated image forensics can therefore be understood 

through five interconnected objectives: 

Generalization – maintaining detection capability across unseen generators 

and semantic domains. 

Robustness – preserving useful forensic evidence after realistic image 

transformations. 

Adaptability – responding efficiently to newly emerging generative 

technologies. 

Interpretability – providing understandable and evidence-supported forensic 

decisions. 

Verification – integrating intrinsic forensic analysis with independent 

provenance information. 

These objectives are summarized conceptually in Fig. 6. 
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Fig. 6. Conceptual evolution of AI-generated image forensics from conventional 

synthetic-image detection toward generalizable, robust, adaptive, interpretable, and 

trustworthy visual authenticity verification. 

Ultimately, the key question facing the field is changing. The objective is no 

longer merely to determine whether an image resembles the outputs of 

generators already known to the detector. Instead, the goal is to establish 

reliable, transferable, and interpretable evidence about the authenticity 

and production history of digital visual content. 

This transition will require closer integration between digital image forensics, 

generative modeling, representation learning, uncertainty estimation, 

continual learning, and content provenance. Systems capable of combining 

these perspectives are more likely to remain useful as synthetic-image 

generation continues to evolve. 

Accordingly, trustworthy visual authenticity verification should be considered 

not as a single classification model, but as a multi-evidence forensic process 

in which detection, reliability assessment, localization, uncertainty, 

explanation, and provenance jointly contribute to the final decision. 
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1. INTRODUCTION 

Recent advances in artificial intelligence have substantially transformed the 

nature of human–computer interaction. In particular, Large Language Models 

(LLMs), which were initially developed to perform conventional natural 

language processing tasks such as text classification, translation, 

summarization, and information extraction, have evolved into general-

purpose artificial intelligence components capable of generating content, 

following complex instructions, utilizing external knowledge sources, and 

exhibiting certain forms of reasoning behavior. This transformation has 

positioned LLMs at the core of the contemporary generative artificial 

intelligence ecosystem. 

The fundamental objective of language modeling is to learn the probabilistic 

structure of a sequence of words, symbols, or tokens and to predict subsequent 

elements according to the available context. Early approaches relied 

predominantly on statistical techniques and n-gram language models. With the 

increasing use of artificial neural networks in natural language processing, 

distributed word representations, Recurrent Neural Networks (RNNs), Long 

Short-Term Memory (LSTM) networks, and Gated Recurrent Units (GRUs) 

became prominent. Although these architectures significantly improved 

sequential modeling, their inherently sequential computation, limited ability 

to capture very long-range dependencies, and restricted parallelization 

capabilities created substantial challenges when scaling to extremely large 

datasets. 

The introduction of the Transformer architecture represented a major turning 

point in overcoming these limitations. Proposed by Vaswani et al. (2017), the 

Transformer replaced recurrent connections with the self-attention 

mechanism, allowing relationships among different elements of a sequence to 

be modeled directly. This architectural shift enabled long-range contextual 

dependencies to be captured more effectively while also facilitating highly 

parallelized computation. As a result, Transformer-based models could be 

trained on substantially larger datasets and with much greater model capacity 

than previous sequential architectures. The success of the Transformer 

subsequently laid the foundation for pretrained language models such as 

BERT and the GPT family. 

While BERT demonstrated the effectiveness of bidirectional contextual 

representations (Devlin et al., 2019), the GPT family showed that 
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autoregressive language modeling could achieve broad task generalization 

when scaled using large datasets and increasingly large parameter counts. The 

introduction of GPT-3 by Brown et al. (2020) was particularly influential 

because it demonstrated that a single model could perform a wide variety of 

tasks through natural-language prompting and few-shot examples without 

requiring task-specific retraining. This development contributed significantly 

to the transition from narrowly specialized language models toward more 

general-purpose foundation models. 

However, the capabilities of modern LLMs cannot be explained solely by 

increasing parameter counts. Model architecture, training-data quality and 

diversity, computational resources, optimization objectives, and post-training 

adaptation methods all play decisive roles in determining final model 

performance. Research on neural scaling laws has demonstrated relatively 

predictable relationships among model size, training data, computational 

resources, and language-modeling performance (Kaplan et al., 2020). 

Subsequent studies further showed that simply increasing the number of 

model parameters is not sufficient; instead, model size and training-data 

volume must be scaled in a computationally balanced manner to achieve 

efficient performance improvements (Hoffmann et al., 2022). 

Post-training methods have also become essential for enabling LLMs to 

interact effectively with human users. Instruction tuning improves the ability 

of models to interpret and follow natural-language instructions, whereas 

Reinforcement Learning from Human Feedback (RLHF) aims to align model 

behavior more closely with human preferences. Ouyang et al. (2022) 

demonstrated that post-training based on human preference data can 

significantly improve instruction-following behavior and perceived response 

quality. Nevertheless, the complexity of RLHF, including the need to train 

separate reward models and perform reinforcement-learning-based 

optimization, has motivated the development of alternative alignment 

techniques. 

One notable approach is Direct Preference Optimization (DPO), which 

reformulates preference-based alignment as a more direct optimization 

problem without requiring a separately trained reward model or a conventional 

reinforcement-learning stage. Rafailov et al. (2023) showed that DPO can 

learn effectively from human preference data while offering a simpler training 

pipeline. Consequently, modern LLM development has evolved from a single 

pretraining stage into a multilayered process involving large-scale pretraining, 



235 

supervised instruction tuning, preference optimization, safety alignment, and 

task- or domain-specific adaptation. 

Another important transformation concerns the relationship between language 

models and external knowledge. Although large language models can encode 

substantial amounts of information in their parameters, their knowledge is 

inherently constrained by the data and time period used during training. They 

may also lack sufficient domain-specific information and may occasionally 

generate fluent yet factually incorrect responses. These limitations are 

particularly important in domains in which information accuracy, traceability, 

and recency are critical, including scientific research, law, finance, medicine, 

and technical decision support. 

Retrieval-Augmented Generation (RAG) has emerged as an important 

approach for addressing these limitations by integrating language models with 

external information sources. In a typical RAG architecture, documents or 

information fragments that are relevant to a user query are retrieved from an 

external knowledge base and incorporated into the model context before 

response generation. This mechanism reduces exclusive dependence on the 

model's parametric knowledge and can improve access to current, domain-

specific, and verifiable information. Contemporary RAG systems have also 

evolved beyond simple retrieval-and-generation pipelines and increasingly 

incorporate query rewriting, hybrid retrieval, reranking, iterative retrieval, 

context filtering, and response verification mechanisms. 

The development of LLMs has also expanded beyond text-only processing. 

Modern multimodal models increasingly integrate text with images, speech, 

audio, video, and other forms of structured or unstructured information. 

Vision-language models, for example, can perform image description, visual 

question answering, document interpretation, diagram analysis, and scene 

understanding through a natural-language interface. This progression suggests 

that LLM-based systems should no longer be considered exclusively as natural 

language processors but rather as general-purpose artificial intelligence 

frameworks capable of integrating heterogeneous sources of information. 

One of the most significant recent developments in generative artificial 

intelligence is the emergence of LLM-based agents capable of using tools and 

performing actions. Conventional language models primarily generate textual 

responses to user prompts. In contrast, agentic systems may decompose a 

complex objective into subtasks, retrieve external information, invoke 
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software tools, interact with application programming interfaces, evaluate 

intermediate results, maintain task-related memory, and determine subsequent 

actions. In this respect, LLMs are evolving from passive content-generation 

systems into interactive computational components capable of operating 

toward predefined objectives. 

The emergence of agentic systems has also increased interest in multi-agent 

architectures. Rather than relying on a single model instance, multiple LLM-

based agents can be assigned distinct roles such as planning, execution, 

verification, critique, retrieval, or coordination. These agents may exchange 

intermediate information and collaboratively solve complex tasks. Although 

such systems provide substantial flexibility, they also introduce new 

challenges related to communication overhead, error propagation, 

coordination, security, and evaluation. 

Despite their rapid progress, modern generative AI systems continue to 

present significant technical, ethical, and societal challenges. Hallucination 

remains one of the most prominent reliability problems. A language model 

may generate a statement that is grammatically coherent and highly 

convincing even when the underlying information is unsupported or incorrect. 

Such behavior becomes particularly problematic in high-stakes environments 

where users may interpret model outputs as authoritative knowledge. 

Security risks have similarly become more complex as LLMs are integrated 

with external tools and information systems. Prompt injection attacks, 

jailbreak techniques, malicious retrieved content, unauthorized tool execution, 

and unintended information disclosure demonstrate that LLM security extends 

well beyond harmful text generation. In systems capable of taking actions, a 

compromised instruction may influence not only the generated response but 

also downstream operations. For this reason, modern LLM security 

increasingly requires system-level safeguards including input validation, 

retrieval filtering, permission control, tool isolation, monitoring, and output 

verification. 

Bias, privacy, copyright, and data governance constitute additional areas of 

concern. Since large language models are trained using extensive and 

heterogeneous datasets, problematic patterns contained in those datasets may 

influence model outputs. Furthermore, the use of copyrighted or sensitive data 

during training has generated substantial legal and ethical debates. 

Responsible development therefore requires not only improvements in model 
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performance but also transparent data-management strategies, systematic 

evaluation procedures, and appropriate governance mechanisms. 

Computational cost represents another major challenge in the development 

and deployment of LLMs. Training large-scale models requires substantial 

GPU resources, memory, electrical energy, and supporting infrastructure. 

Even after training, inference costs can become significant when models are 

deployed at scale or expected to process long-context inputs. Consequently, 

current research increasingly focuses not only on developing larger models 

but also on designing more efficient architectures and adaptation methods. 

Several techniques have gained importance in this context, including 

knowledge distillation, pruning, quantization, low-rank adaptation, and other 

Parameter-Efficient Fine-Tuning (PEFT) methods. Low-Rank Adaptation 

(LoRA), for instance, allows a pretrained model to be adapted without 

updating the full set of model parameters. QLoRA further combines low-rank 

adaptation with quantized model representations, reducing memory 

requirements and making the adaptation of large models more accessible on 

comparatively limited hardware. These developments have contributed to the 

growing importance of smaller, domain-oriented, and computationally 

efficient language models. 

Another architectural direction is the use of Mixture-of-Experts (MoE) 

models. Instead of activating the complete parameter set for every input, MoE 

architectures dynamically route tokens to a limited subset of specialized expert 

networks. This strategy allows overall model capacity to increase while 

keeping the computational cost of individual inference operations 

comparatively manageable. As a result, sparse architectures have emerged as 

an important alternative to conventional dense scaling. 

The contemporary evolution of large language models should therefore not be 

interpreted simply as a continuous increase in parameter count. The field is 

increasingly shifting toward generative AI systems that can retrieve 

knowledge, reason over multiple information sources, process different 

modalities, use external tools, maintain contextual memory, and perform 

actions toward specified goals. This transition is transforming LLMs from 

standalone predictive models into central components of broader artificial 

intelligence infrastructures incorporating retrieval systems, vector databases, 

external tools, memory mechanisms, verification layers, multimodal encoders, 

and autonomous agents. 
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The technological evolution of language modeling can be viewed as a 

sequence of major paradigm shifts, beginning with statistical approaches and 

progressing toward neural sequence models, Transformer-based architectures, 

large-scale pretrained models, instruction-aligned LLMs, and, more recently, 

knowledge-augmented and agentic generative AI systems. As illustrated in 

Figure 1, this progression reflects not only an increase in model scale, but also 

a transition toward broader generalization, multimodal interaction, external 

tool use, and goal-directed behavior. 

 

Figure 1. Evolution from traditional language models to modern generative AI 

systems. 

Figure 1 summarizes the principal stages in the evolution of language-

modeling technologies. While early statistical and recurrent approaches were 

primarily designed for sequence prediction and task-specific applications, 

Transformer-based pretrained models enabled large-scale knowledge 

representation and generalization. More recent systems extend these 

capabilities through instruction alignment, retrieval augmentation, 

multimodal processing, tool use, memory mechanisms, and agentic decision-

making. 

This book chapter examines this transformation from a comprehensive and 

contemporary perspective. First, the architectural foundations of Transformer-

based language models are discussed, including tokenization, embeddings, 
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self-attention, pretraining, instruction tuning, and preference-based alignment. 

The chapter then examines the transition from conventional scaling strategies 

toward computationally efficient approaches, including Mixture-of-Experts 

architectures and parameter-efficient fine-tuning techniques. Subsequently, 

Retrieval-Augmented Generation, advanced RAG architectures, reasoning 

mechanisms, tool use, and LLM-based agent systems are investigated. 

Multimodal generative AI is then considered as an important extension of 

language-centered models. Finally, major issues concerning reliability, 

hallucination, security, privacy, computational efficiency, sustainability, and 

responsible artificial intelligence are evaluated, and emerging research 

directions are discussed in relation to the future development of generative AI 

systems. 

2. TECHNOLOGICAL FOUNDATIONS OF LARGE LANGUAGE 

MODELS 

The rapid development of large language models has been enabled by the 

convergence of several technological advances, including scalable neural 

architectures, large-scale pretraining, efficient token representation, attention 

mechanisms, and post-training alignment strategies. Although modern 

generative AI systems incorporate retrieval components, external tools, 

multimodal encoders, and agentic mechanisms, their core capabilities remain 

strongly dependent on the underlying language model architecture. 

Understanding these foundations is therefore essential for explaining how 

contemporary LLMs process information, learn linguistic regularities, adapt 

to user instructions, and generalize across heterogeneous tasks. 

Modern LLMs are primarily built on Transformer-based architectures. Unlike 

earlier recurrent approaches, Transformers process input sequences through 

attention mechanisms that enable each token to establish contextual 

relationships with other tokens in the sequence. This architecture provides two 

major advantages. First, it improves the modeling of long-range dependencies. 

Second, it enables parallel computation during training, making it possible to 

scale models to billions of parameters and train them on extremely large 

corpora. However, Transformer architecture alone does not explain the 

capabilities of contemporary LLMs. Tokenization, positional information, 

large-scale pretraining, instruction tuning, preference optimization, and 

inference-time strategies collectively contribute to the behavior of modern 

models. 
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2.1. From Sequential Neural Networks to Transformer Architectures 

Before the widespread adoption of Transformers, recurrent neural 

architectures formed the dominant paradigm for sequential language 

modeling. Recurrent Neural Networks process an input sequence 

incrementally, maintaining a hidden state that carries information from 

previous time steps. This mechanism made RNNs suitable for natural 

language tasks in which word order and sequential dependencies are 

important. Nevertheless, standard RNNs encountered difficulties when 

attempting to preserve information across long sequences, particularly 

because of vanishing and exploding gradient problems. 

Long Short-Term Memory networks were introduced to address these 

limitations by incorporating memory cells and gating mechanisms that 

regulate the flow of information. Similarly, Gated Recurrent Units provided a 

simplified gating structure while maintaining the ability to model longer 

dependencies. These architectures significantly improved machine 

translation, speech recognition, language modeling, and sequence prediction. 

However, recurrent processing remained inherently sequential. Each hidden 

state depended on the preceding state, limiting the degree to which training 

operations could be parallelized. 

The Transformer architecture proposed by Vaswani et al. (2017) represented 

a fundamental departure from this sequential processing paradigm. Instead of 

using recurrent connections, the architecture relies primarily on attention 

mechanisms. The central idea is that the representation of each token can be 

dynamically constructed by considering its relationships with other tokens in 

the same sequence. This allows the model to capture dependencies without 

processing every element strictly in temporal order. 

The original Transformer consists of encoder and decoder components. The 

encoder transforms an input sequence into contextual representations, whereas 

the decoder generates output tokens based on previously generated 

information and encoded context. In contemporary LLMs, however, different 

architectural configurations are commonly employed. Encoder-only 

architectures, such as BERT, are particularly suitable for language 

understanding tasks. Decoder-only architectures, which form the basis of 

many generative LLMs, predict subsequent tokens autoregressively. Encoder–

decoder architectures remain important in sequence-to-sequence tasks such as 

translation and structured text generation. 
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The widespread adoption of decoder-only Transformers has been strongly 

associated with the success of large-scale generative models. Their 

autoregressive formulation provides a conceptually simple learning objective: 

given a sequence of previous tokens, the model estimates the probability 

distribution of the next token. When applied repeatedly, this mechanism 

enables the generation of coherent sequences of arbitrary length. At 

sufficiently large scale, such models can perform translation, summarization, 

question answering, coding, reasoning, and other tasks using the same 

underlying architecture. 

An important characteristic of the Transformer is its ability to scale with data 

and computational resources. Unlike recurrent models, attention-based 

computation can be parallelized more effectively during training. This 

property enabled the transition from relatively small language models toward 

large pretrained foundation models. Consequently, architectural scalability 

became one of the principal factors behind the emergence of contemporary 

LLMs. 

2.2. Tokenization, Embeddings, and Self-Attention 

Before a Transformer can process natural language, raw text must first be 

converted into numerical representations. This process usually begins with 

tokenization. A token may correspond to a complete word, part of a word, 

punctuation, a character sequence, or another unit defined by the tokenizer. 

Modern LLMs commonly use subword-based tokenization because it 

provides a practical balance between vocabulary size and the ability to 

represent rare or previously unseen words. 

Subword tokenization enables a model to decompose unfamiliar words into 

smaller reusable units. This is particularly important in multilingual 

environments, technical terminology, programming languages, and 

morphologically rich languages. However, tokenization is not a neutral 

preprocessing step. The choice of vocabulary and segmentation strategy 

affects sequence length, computational cost, multilingual representation, and 

the model's ability to process specialized terminology. 

Following tokenization, individual tokens are mapped into continuous vector 

representations known as embeddings. Rather than representing tokens as 

isolated categorical identifiers, embeddings encode them in a 

multidimensional numerical space. During model training, these 
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representations are optimized so that linguistic and contextual relationships 

can be captured more effectively. 

Because the Transformer does not inherently process tokens sequentially, 

information about token position must also be incorporated into the 

representation. Different positional encoding strategies have been proposed to 

enable models to distinguish between identical tokens appearing at different 

positions within a sequence. Positional information therefore complements 

token embeddings by allowing the architecture to preserve ordering 

relationships. 

The central computational mechanism of the Transformer is self-attention. 

Self-attention allows each token to evaluate the relevance of other tokens in 

the sequence and dynamically construct a context-sensitive representation. 

Conceptually, each token is transformed into query, key, and value 

representations. Attention scores are then calculated by comparing queries and 

keys, after which the resulting weights determine how strongly the 

corresponding value representations contribute to the output. 

This mechanism differs significantly from fixed-window or strictly sequential 

approaches. A token appearing early in a sequence can directly interact with 

another token located much later in the same context. As a result, 

dependencies such as pronoun references, semantic relationships, syntactic 

structures, and long-range conceptual connections can be represented more 

effectively. 

Multi-head attention extends this mechanism by performing several attention 

operations simultaneously. Different attention heads can focus on different 

patterns within the same input. One head may capture local syntactic 

relationships, while another may focus on broader semantic dependencies. 

The outputs of these parallel attention operations are subsequently combined 

to produce richer contextual representations. 

The self-attention mechanism is complemented by feed-forward neural layers, 

residual connections, and normalization operations. These elements support 

stable optimization and enable the model to construct increasingly abstract 

representations as information passes through successive Transformer layers. 

The principal processing stages of a Transformer-based language model are 

summarized in Figure 2. The figure illustrates how raw text is converted into 
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tokens and embeddings, processed through repeated attention and feed-

forward blocks, and subsequently transformed into contextual representations 

that can be used for next-token prediction or downstream generative tasks. 

 

Figure 2. Core processing architecture of a Transformer-based large language 

model, including tokenization, embedding, self-attention, feed-forward 

transformation, and output generation. 

Figure 2 highlights that Transformer-based language modeling is not based on 

a single operation. Instead, it represents a hierarchical processing pipeline in 

which token representations are repeatedly contextualized across multiple 

layers. The ability to combine local lexical information with long-range 

contextual dependencies provides the representational foundation upon which 

large-scale pretraining and subsequent alignment procedures operate. 

2.3. Large-Scale Pretraining and Foundation Models 

The development of modern LLMs is strongly associated with the pretraining 

paradigm. Instead of training a neural network separately for every 

downstream task, a large model is initially trained on broad and heterogeneous 

datasets using a general language-modeling objective. The knowledge 

acquired during this stage can subsequently be adapted to multiple 

applications. 

In causal language modeling, which is commonly used for decoder-only 

models, the model learns to predict the next token based on previously 
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observed tokens. Despite the apparent simplicity of this objective, large-scale 

training exposes the model to extensive linguistic, factual, structural, and 

procedural patterns. As model size, dataset diversity, and training compute 

increase, the resulting representations can support a surprisingly wide range 

of downstream tasks. 

Pretraining therefore establishes a reusable model foundation. Rather than 

encoding only a fixed set of predefined classes or task labels, foundation 

models learn representations that can be applied across many tasks and 

domains. This characteristic has significantly altered the conventional 

machine-learning development workflow. Instead of constructing a separate 

architecture and dataset for each problem, researchers can begin with a 

pretrained model and adapt it using prompting, fine-tuning, retrieval 

augmentation, or other strategies. 

The effectiveness of this paradigm is closely related to scaling. Early scaling-

law studies demonstrated systematic relationships among model size, training 

data, compute, and predictive performance (Kaplan et al., 2020). Subsequent 

research showed that computationally efficient training requires a more 

balanced relationship between model size and the amount of training data 

(Hoffmann et al., 2022). These findings contributed to a shift from simply 

maximizing parameter counts toward more systematic compute-optimal 

model design. 

The foundation-model paradigm also changed the notion of task 

generalization. Large pretrained models can perform previously unseen tasks 

through zero-shot or few-shot prompting. In-context learning enables a model 

to infer the structure of a task from examples presented directly in the prompt, 

without updating model parameters. This characteristic distinguishes modern 

LLMs from many earlier machine-learning systems that required explicit 

training for each application. 

2.4. Instruction Tuning and Preference-Based Alignment 

Although pretraining provides broad linguistic and representational 

capabilities, the training objective does not explicitly teach a model how to 

respond to user instructions. A model trained only for next-token prediction 

may generate grammatically plausible text while failing to follow a requested 

format, refusing to complete a task, or providing irrelevant information. 
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Instruction tuning addresses this gap by training the model on collections of 

instructions paired with desired responses. 

Instruction tuning has become an important component of modern LLM 

development because it bridges the difference between generic next-token 

prediction and practical instruction-following behavior. Recent survey 

research emphasizes that instruction tuning improves model controllability 

and generalization across diverse tasks by exposing models to structured 

instruction–response examples (Zhang et al., 2026). 

An instruction-tuning dataset may include question answering, 

summarization, classification, reasoning, rewriting, information extraction, 

coding, and other task formats. Training across diverse instructions enables 

models to learn a more general relationship between user intent and expected 

output behavior. Research on instruction following has therefore become a 

major area of LLM development and evaluation (Lou et al., 2024). 

However, supervised instruction tuning alone cannot fully capture nuanced 

human preferences. Several responses may be technically valid while differing 

substantially in helpfulness, clarity, safety, relevance, or style. Preference-

based alignment methods attempt to incorporate these qualitative distinctions. 

Reinforcement Learning from Human Feedback is one of the most influential 

alignment approaches. In a typical RLHF pipeline, human evaluators compare 

alternative model outputs, and these preferences are used to construct a reward 

signal. The model is then optimized to produce responses that receive higher 

preference scores. RLHF can improve helpfulness and instruction compliance 

but introduces additional training complexity because it commonly requires 

preference-data collection, reward-model training, and reinforcement-

learning optimization. 

Direct Preference Optimization provides an alternative formulation in which 

preference data can be used without explicitly training a separate reward 

model. DPO optimizes the model to increase the likelihood of preferred 

responses relative to rejected responses. This approach has become an 

important research direction because it simplifies preference-based alignment 

while maintaining competitive performance. Recent studies characterize DPO 

as an RL-free alternative to traditional RLHF pipelines, although different 

DPO variants introduce their own assumptions and optimization trade-offs 

(Xiao et al., 2024). 
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Contemporary post-training strategies should therefore be viewed as 

complementary rather than mutually exclusive. Supervised instruction tuning 

establishes general instruction-following behavior, whereas preference 

optimization can refine the resulting model toward desired response 

characteristics. Safety-oriented datasets, domain-specific examples, synthetic 

preference generation, and iterative model evaluation may further extend this 

post-training process. The overall progression from architectural foundations 

to post-training alignment is summarized in Table 1. 

Table 1. Major stages in the development of modern large language models and their 

primary technical characteristics. 

Development 

Stage 

Main 

Mechanism 
Primary Objective 

Representative 

Capability 

Sequential 

neural 

modeling 

RNN, LSTM, 

GRU 

Learning sequential 

dependencies 

Context-aware 

sequence modeling 

Transformer 

modeling 

Self-attention 

and parallel 

processing 

Modeling long-

range contextual 

relationships 

Scalable contextual 

representation 

Large-scale 

pretraining 

Self-supervised 

language 

modeling 

Learning reusable 

general 

representations 

Zero-shot and few-

shot generalization 

Instruction 

tuning 

Supervised 

instruction–

response training 

Improving 

instruction-

following behavior 

Task adaptation 

through natural-

language 

commands 

Preference 

alignment 

RLHF, DPO and 

related methods 

Aligning outputs 

with human 

preferences 

More useful and 

controllable 

responses 

Modern 

generative AI 

systems 

Retrieval, tools, 

multimodality, 

agents 

Extending model 

capabilities beyond 

Knowledge-

augmented and 

action-oriented AI 
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Development 

Stage 

Main 

Mechanism 
Primary Objective 

Representative 

Capability 

parametric 

knowledge 

As shown in Table 1, the development of large language models reflects a 

transition from sequence modeling toward increasingly general, aligned, and 

interactive systems. Architectural improvements enabled scalability, large-

scale pretraining established transferable capabilities, and post-training 

methods improved the correspondence between model outputs and user 

expectations. These stages provide the foundation for more recent 

developments such as parameter-efficient adaptation, mixture-of-experts 

architectures, retrieval augmentation, multimodal processing, and agentic AI. 

3. THE TRANSFORMATION OF THE MODERN LLM ECOSYSTEM 

The development of large language models has traditionally been associated 

with increasing model size, training-data volume, and computational capacity. 

However, the contemporary LLM ecosystem is undergoing a significant 

transition from purely scale-oriented development toward architectures and 

adaptation strategies that seek to improve computational efficiency, 

accessibility, and deployment flexibility. This shift has become increasingly 

important because the continued growth of dense models imposes substantial 

requirements in terms of GPU memory, energy consumption, inference 

latency, and infrastructure cost. 

Modern research therefore focuses not only on constructing larger models but 

also on determining how computational resources can be used more 

effectively. Sparse architectures, parameter-efficient adaptation, low-

precision computation, and smaller domain-oriented models have emerged as 

complementary strategies. These approaches aim to preserve the capabilities 

of large pretrained models while reducing the computational burden 

associated with training and deployment. 

3.1. From Scaling Laws to Compute-Efficient Language Models 

Scaling has played a central role in the development of modern language 

models. Early studies demonstrated that language-model performance 

improves systematically when model size, training data, and computational 
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resources are increased together. This observation encouraged the 

construction of increasingly large neural architectures and contributed to the 

rapid growth of foundation models. 

However, the practical limitations of dense scaling have become increasingly 

apparent. In a conventional dense Transformer, most model parameters 

participate in the processing of every token. As the number of parameters 

increases, memory requirements, computational operations, communication 

overhead, and inference cost also increase substantially. Consequently, simply 

increasing parameter count may become economically and environmentally 

unsustainable. 

Compute-efficient model design attempts to obtain improved performance 

without proportionally increasing the computational cost of every inference 

operation. This objective can be pursued through several complementary 

strategies. One approach is to optimize the relationship between model size 

and training-data volume. Another is to reduce the numerical precision of 

model parameters. A third strategy is to activate only a subset of model 

parameters for each input, as in sparse Mixture-of-Experts architectures. 

Efficiency is also becoming increasingly important during inference. A model 

may be trained only once but deployed millions of times, meaning that 

inference cost can represent a substantial portion of its total computational 

footprint. For practical applications, relevant performance criteria therefore 

extend beyond benchmark accuracy to include latency, throughput, memory 

consumption, energy efficiency, and hardware compatibility (Sardana et al., 

2024). 

This broader view has encouraged a transition from the assumption that the 

largest model is necessarily the most useful model. In many real-world 

applications, a smaller or sparsely activated model can provide a more 

favorable balance between accuracy and operational cost. 

3.2. Mixture-of-Experts and Sparse Model Architectures 

Mixture-of-Experts (MoE) architectures represent an important strategy for 

increasing model capacity without activating every parameter for every input. 

Rather than processing each token through the entire network, an MoE layer 

consists of multiple specialized expert networks and a routing mechanism that 

determines which experts should process a particular token. 
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The basic principle is selective computation. For a given token representation, 

the routing mechanism assigns probability scores to available experts. Only a 

limited number of the highest-ranked experts are activated, while the 

remaining experts are skipped. Consequently, the total parameter count of the 

model can be considerably larger than the number of parameters actively used 

during a single forward pass. 

A representative example of this approach is Mixtral, which employs sparse 

expert routing so that only a subset of available experts is activated for each 

token. This design illustrates how model capacity can be increased while 

maintaining substantially lower active computation than would be required by 

an equivalently sized dense architecture (Jiang et al., 2024). 

This sparse activation strategy offers an important distinction between model 

capacity and active computational cost. A model may contain a very large 

number of total parameters while requiring only a subset of them for 

individual token processing. Such architectures provide a pathway for 

expanding representational capacity without requiring computational cost to 

grow proportionally with total parameter count. 

The expert structure also enables specialization. During training, different 

experts may become more responsive to particular linguistic patterns, 

knowledge domains, token distributions, or processing characteristics. 

However, this specialization is not necessarily predefined. It typically emerges 

through the routing and optimization process. 

Despite their advantages, MoE models introduce new engineering challenges. 

If the router repeatedly selects a limited subset of experts, some experts may 

become overloaded while others remain underutilized. Load-balancing 

objectives are therefore commonly incorporated to encourage more effective 

distribution of tokens across experts. In addition, sparse models may create 

communication overhead in distributed training environments because tokens 

must be transferred between devices hosting different experts. 

MoE architectures therefore illustrate an important shift in model design: 

increasing capability no longer necessarily requires activating all available 

parameters simultaneously. This principle is becoming increasingly relevant 

as the computational requirements of dense LLMs continue to rise. 
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3.3. Parameter-Efficient Fine-Tuning: LoRA and QLoRA 

Adapting a pretrained language model to a specific domain or downstream 

task traditionally involves full fine-tuning, in which most or all model 

parameters are updated. While this approach can provide strong task 

adaptation, it becomes increasingly expensive as model size grows. Fine-

tuning billions of parameters requires substantial GPU memory not only for 

model weights but also for gradients and optimizer states. 

Parameter-Efficient Fine-Tuning (PEFT) addresses this limitation by updating 

only a relatively small portion of the model while keeping most pretrained 

parameters unchanged. PEFT has therefore become particularly important for 

adapting large language models in environments where computational 

resources are limited. 

Current PEFT methods include adapter-based tuning, prompt tuning, prefix 

tuning, low-rank adaptation, and related techniques. Recent surveys 

emphasize that PEFT can considerably reduce the number of trainable 

parameters and hardware requirements while maintaining competitive 

downstream performance. This makes the approach particularly attractive for 

domain adaptation, personalization, and experimentation with large pretrained 

models. 

Low-Rank Adaptation (LoRA) is one of the most widely adopted PEFT 

strategies. Rather than updating the complete pretrained weight matrices, 

LoRA introduces small trainable low-rank matrices into selected layers while 

keeping the original model parameters frozen. This substantially reduces the 

number of trainable parameters and the memory required for downstream 

adaptation (Hu et al., 2022). 

This design provides several practical advantages. First, the number of 

trainable parameters is dramatically reduced. Second, different LoRA 

adapters can be trained for different tasks while sharing the same underlying 

foundation model. Third, adapter weights can be stored and exchanged 

independently, reducing storage requirements when a single base model must 

support multiple applications. 

Recent surveys identify LoRA as one of the most prominent PEFT paradigms 

because of its favorable balance between parameter efficiency and 

downstream performance. The method has also inspired numerous extensions 
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designed to improve rank allocation, optimization stability, memory 

efficiency, and task adaptation. 

Quantized Low-Rank Adaptation (QLoRA) further improves memory 

efficiency by combining low-rank adaptation with quantized representations 

of the pretrained model. In this approach, the base model is stored at reduced 

numerical precision while the lightweight LoRA parameters remain trainable, 

enabling comparatively large language models to be adapted using 

substantially lower GPU memory (Dettmers et al., 2023). 

This combination makes the adaptation of large models more accessible in 

resource-constrained environments and has contributed significantly to the 

practical adoption of parameter-efficient fine-tuning. 

The relationships among full fine-tuning, LoRA, QLoRA, quantization, 

pruning, and knowledge distillation are illustrated in Figure 3. The figure 

emphasizes that these approaches address different components of the 

computational burden: some reduce the number of trainable parameters, while 

others reduce numerical precision, model size, or redundant computation. 

 

Figure 3. Parameter-efficient adaptation and model-efficiency strategies for large 

language models, including full fine-tuning, LoRA, QLoRA, quantization, pruning, 

and knowledge distillation. 

As illustrated in Figure 3, model efficiency can be improved at different stages 

of the LLM lifecycle. LoRA and QLoRA primarily focus on adaptation 
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efficiency, whereas quantization and pruning reduce deployment 

requirements. Knowledge distillation introduces a different strategy by 

transferring capabilities from a larger teacher model to a smaller student 

model. These techniques can also be combined, creating increasingly flexible 

optimization pipelines for resource-constrained applications. 

3.4. Quantization, Pruning, and Knowledge Distillation 

Quantization reduces the numerical precision used to represent model 

parameters and, in some cases, intermediate activations. Conventional model 

weights may be represented using 32-bit or 16-bit floating-point values, 

whereas quantized models can use 8-bit, 4-bit, or other lower-precision 

representations. The resulting reduction in memory footprint can significantly 

improve deployment efficiency. 

The principal challenge of quantization is maintaining model accuracy while 

reducing numerical precision. Aggressive quantization may introduce 

approximation errors that affect downstream performance. Consequently, 

different strategies have been developed to determine how weights and 

activations should be scaled, grouped, and represented. 

Quantization is particularly valuable during inference because lower-precision 

model representations require less memory bandwidth and can enable 

deployment on hardware with limited resources. It also plays an important role 

in QLoRA, where a quantized base model is combined with trainable low-

rank adapters. 

Pruning addresses model efficiency from a different perspective. Instead of 

reducing numerical precision, pruning removes parameters, connections, 

attention heads, or other components considered less important to model 

performance. The objective is to eliminate redundant computation while 

preserving the essential representational structure of the model. 

Pruning methods may produce either structured or unstructured sparsity. 

Unstructured pruning removes individual weights, potentially achieving high 

sparsity but requiring appropriate hardware or software support to translate 

sparsity into actual speed improvements. Structured pruning removes larger 

components such as neurons, channels, or attention heads, making the 

resulting model easier to accelerate on conventional hardware. 
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Knowledge distillation represents another major efficiency strategy. In this 

approach, a large and capable teacher model provides supervision for a smaller 

student model. Rather than learning solely from conventional labels, the 

student attempts to reproduce outputs, probability distributions, intermediate 

representations, or reasoning patterns generated by the teacher. 

The resulting student model can often preserve a substantial portion of the 

teacher's capabilities while requiring fewer parameters and less computation. 

Distillation is therefore particularly attractive when low-latency inference, 

reduced energy consumption, or local deployment is required. 

3.5. Small Language Models and Edge Generative AI 

The increasing computational requirements of large language models have 

renewed interest in Small Language Models (SLMs). These models are 

designed to provide useful generative and reasoning capabilities while 

operating with substantially lower memory and computational requirements 

than very large foundation models. 

The distinction between an LLM and an SLM is not defined by a universally 

accepted parameter threshold. Rather, the term usually refers to models 

deliberately optimized for efficient execution, domain specialization, local 

deployment, or constrained hardware environments. An SLM may therefore 

prioritize operational efficiency over maximal general-purpose capability. 

Small models offer several important advantages. They can provide lower 

inference latency, reduced energy consumption, improved privacy through 

local execution, and decreased dependence on remote cloud infrastructure. 

These characteristics are particularly relevant for mobile devices, embedded 

systems, industrial platforms, and other edge-computing environments. 

Recent work on generative AI at the edge identifies model size and 

computational demand as central barriers to local deployment. Software 

optimization, hardware acceleration, and specialized deployment frameworks 

are therefore becoming increasingly important for bringing generative models 

to resource-constrained devices. 

Local execution can also provide privacy benefits. In cloud-based systems, 

user data must typically be transmitted to remote servers for processing. Edge-

based models can process sensitive information directly on the device, 
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reducing data-transfer requirements and potentially improving user control 

over information. 

However, smaller models also involve trade-offs. Reducing parameter count 

may decrease broad world knowledge, multilingual capability, long-context 

performance, or complex reasoning ability. Consequently, SLM development 

increasingly focuses on compensating for limited model capacity through 

high-quality training data, domain specialization, distillation, retrieval 

augmentation, and efficient post-training strategies.The main efficiency 

techniques discussed in this section are compared in Table 2. 

Table 2. Comparison of major adaptation and efficiency techniques used in 

contemporary large language models. 

Technique 
Main 

Principle 

Primary 

Benefit 

Main 

Limitation 
Typical Use 

Full Fine-

Tuning 

Updates most 

or all model 

parameters 

Strong task 

adaptation 

High memory 

and compute 

requirements 

High-resource 

domain 

adaptation 

LoRA 

Trains low-

rank update 

matrices 

while 

freezing base 

weights 

Very low 

number of 

trainable 

parameters 

Performance 

depends on rank 

and target layers 

Efficient 

task/domain 

adaptation 

QLoRA 

Combines 

quantized 

base weights 

with LoRA 

adapters 

Major 

reduction in 

fine-tuning 

memory 

Quantization 

may introduce 

approximation 

effects 

Fine-tuning 

large models 

on limited 

GPUs 

Quantization 

Represents 

parameters 

using lower 

numerical 

precision 

Reduced 

memory and 

faster 

inference 

Possible 

accuracy 

degradation 

Local and 

efficient 

inference 
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Technique 
Main 

Principle 

Primary 

Benefit 

Main 

Limitation 
Typical Use 

Pruning 

Removes 

redundant 

parameters or 

structures 

Reduced 

model size 

and 

computation 

Hardware 

acceleration may 

depend on 

sparsity 

structure 

Model 

compression 

Knowledge 

Distillation 

Transfers 

capabilities 

from teacher 

to student 

model 

Smaller and 

faster model 

Student may 

lose some 

teacher 

capabilities 

Small 

language 

models and 

edge AI 

Mixture-of-

Experts 

Activates 

only selected 

experts for 

each token 

High capacity 

with sparse 

computation 

Routing and 

load-balancing 

complexity 

Large-scale 

sparse LLMs 

Table 2 demonstrates that no single efficiency method addresses every 

computational constraint. Full fine-tuning provides extensive adaptation but 

imposes high resource requirements, whereas LoRA and QLoRA significantly 

reduce adaptation cost. Quantization and pruning primarily improve 

deployment efficiency, while knowledge distillation enables the construction 

of smaller models. MoE architectures address scalability at the architectural 

level by separating total model capacity from active computation. 

Overall, the emerging LLM ecosystem is moving toward a heterogeneous 

model landscape rather than a single trajectory of continuously increasing 

parameter counts. Large dense models remain important, but sparse expert 

architectures, parameter-efficient adaptation, quantized inference, and smaller 

specialized models increasingly provide alternative pathways for achieving 

practical performance. This shift is particularly important for applications in 

which computational resources, latency, privacy, energy consumption, or 

deployment cost constitute significant design constraints. 
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4. KNOWLEDGE-AUGMENTED AND AGENTIC LLM SYSTEMS 

Large language models possess extensive parametric knowledge acquired 

during pretraining; however, this knowledge is neither continuously updated 

nor guaranteed to be complete, domain-specific, or factually reliable. As a 

result, modern generative AI systems increasingly combine LLMs with 

external information sources, retrieval components, software tools, and 

decision-making mechanisms. This shift has transformed LLMs from 

standalone text generators into broader computational systems capable of 

retrieving knowledge, interacting with external environments, and performing 

multi-step tasks. 

Two major directions characterize this transformation. The first is knowledge 

augmentation, particularly through Retrieval-Augmented Generation (RAG), 

in which external information is dynamically retrieved and incorporated into 

the generation process. The second is agentic computation, in which LLMs 

are equipped with reasoning, planning, memory, and tool-use mechanisms 

that enable them to perform actions toward a specific objective. 

4.1. Retrieval-Augmented Generation 

Retrieval-Augmented Generation addresses a fundamental limitation of large 

language models: the reliance on static parametric knowledge. Although 

pretrained models can encode extensive information, their internal knowledge 

reflects the data available during training and may become outdated over time. 

Moreover, specialized information may be absent or insufficiently 

represented, while hallucinated statements can appear linguistically 

convincing despite lacking factual support. 

RAG introduces an external retrieval mechanism into the generation pipeline. 

Instead of relying exclusively on the model's internal parameters, the system 

identifies information relevant to a user query from an external knowledge 

source and provides the retrieved content as additional context to the language 

model. This architecture can improve factual grounding, information recency, 

and domain specificity. 

Recent surveys describe RAG as an important approach for addressing 

hallucination, knowledge-update limitations, and missing domain expertise in 

LLMs (Wu et al., 2024). RAG also provides a comparatively flexible 
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alternative to continuously retraining or fine-tuning a model whenever 

external knowledge changes. 

A typical RAG pipeline begins with the construction of an external knowledge 

base. Source documents are collected, cleaned, divided into smaller textual 

segments, and converted into vector representations using an embedding 

model. These vectors are then stored in a searchable vector index or related 

retrieval structure. 

When a user submits a query, the query is also converted into an embedding 

representation. A retrieval mechanism compares this query representation 

with the stored document representations and identifies the most relevant 

chunks. The selected information is then included in the prompt provided to 

the language model. 

The LLM subsequently generates a response conditioned on both the original 

query and the retrieved contextual information. Conceptually, this process 

separates knowledge storage from language generation: the LLM provides 

general linguistic and reasoning capability, while the external knowledge base 

supplies dynamically accessible information. 

The core architecture is illustrated in Figure 4. 

 

Figure 4. End-to-end Retrieval-Augmented Generation architecture integrating 

document processing, embedding, retrieval, context augmentation, and LLM-based 

response generation. 
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As shown in Figure 4, RAG systems typically consist of two broad phases. 

The first is an offline indexing stage in which documents are processed and 

stored in a retrievable representation. The second is an online query stage in 

which relevant content is retrieved and incorporated into the LLM context 

before response generation. 

This separation provides an important operational advantage. Updating the 

knowledge base does not necessarily require modifying the underlying LLM 

parameters. Therefore, new documents, regulations, technical manuals, 

scientific publications, or institutional information can be added to the 

retrieval layer independently of the language model. 

4.2. From Naive RAG to Advanced and Modular RAG 

Early RAG implementations commonly followed a relatively simple retrieve-

then-generate structure. In this architecture, a user query was submitted to a 

retriever, a small number of relevant documents were selected, and the 

retrieved text was inserted directly into the prompt. Although this approach 

can improve factual grounding, the quality of the final output remains highly 

dependent on retrieval accuracy and context quality. 

Modern RAG research therefore increasingly focuses on improving each stage 

of the pipeline. Huang and Huang (2024) categorize RAG processes into pre-

retrieval, retrieval, post-retrieval, and generation stages, emphasizing that 

performance is determined by the interaction among these components rather 

than retrieval alone. 

Pre-Retrieval Processing 

Pre-retrieval methods attempt to improve the query or the indexed knowledge 

before similarity search occurs. Query rewriting, query expansion, metadata 

filtering, document cleaning, and adaptive chunking are representative 

techniques. 

Query rewriting is particularly valuable when the original user request is 

ambiguous, incomplete, or conversational. The system may transform the 

input into a more explicit search-oriented query before retrieval. In more 

advanced pipelines, multiple alternative queries can be generated to increase 

recall. 
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Document segmentation is another important design factor. If chunks are 

excessively large, irrelevant information may dominate the retrieved context. 

Conversely, excessively small chunks may lose essential contextual 

relationships. Chunk size, overlap, metadata, and document structure 

therefore significantly influence retrieval quality. 

Retrieval 

The retrieval stage determines which external information is considered 

relevant to the query. Dense retrieval methods use embedding similarity, 

whereas sparse retrieval techniques rely on lexical matching. Hybrid retrieval 

combines semantic and lexical strategies to exploit the strengths of both 

approaches. 

The retrieved candidate set can also be deliberately larger than the final 

context provided to the LLM. This allows a subsequent reranking process to 

identify the most relevant passages with greater precision. 

Post-Retrieval Processing 

Post-retrieval processing attempts to improve retrieved context before it 

reaches the generation model. Common operations include reranking, 

relevance filtering, duplicate removal, context compression, and ordering. 

Reranking is especially important when the first-stage retriever prioritizes 

recall rather than precision. A more computationally expensive model may 

subsequently evaluate the candidate passages and determine which ones are 

most relevant. 

Context compression can reduce unnecessary text while retaining information 

directly relevant to the query. This can improve computational efficiency and 

reduce the risk that irrelevant passages distract the language model. 

Generation and Verification 

At the generation stage, retrieved evidence is incorporated into the prompt and 

the LLM produces the final answer. More advanced systems may require the 

model to cite retrieved evidence, compare multiple sources, identify 

uncertainty, or verify claims before producing the response. 

Some RAG architectures also incorporate iterative retrieval. Rather than 

retrieving information once, the model may identify missing information 



260 

during reasoning and perform additional retrieval steps. Such systems blur the 

distinction between conventional RAG and agentic information retrieval. 

Fan et al. (2024) describe retrieval-augmented LLMs from architectural, 

training, and application perspectives and highlight the growing importance 

of external, authoritative knowledge sources for improving the reliability and 

adaptability of generative systems. The principal differences among major 

RAG configurations are summarized in Table 3. 

Table 3. Comparison of naive, advanced, and modular Retrieval-Augmented 

Generation architectures. 

RAG 

Type 

Main 

Characteristics 

Retrieval 

Strategy 

Additional 

Processing 
Main Advantage 

Naive 

RAG 

Retrieve once 

and generate 

Basic 

dense or 

sparse 

retrieval 

Minimal 

Simple and 

computationally 

inexpensive 

Advanced 

RAG 

Improved 

retrieval pipeline 

Hybrid or 

optimized 

retrieval 

Query 

rewriting, 

reranking, 

filtering 

Higher retrieval 

precision and 

response quality 

Modular 

RAG 

Flexible multi-

component 

architecture 

Adaptive 

and multi-

stage 

retrieval 

Routing, 

iterative 

retrieval, 

verification, 

tool 

integration 

Greater flexibility 

for complex 

applications 

Table 3 illustrates the progression of RAG from a simple retrieval layer into a 

modular information-processing architecture. This development is 

particularly important because contemporary RAG systems increasingly 

incorporate multiple specialized components rather than depending on a single 

retriever and generator. 
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4.3. Reasoning and Tool Use 

Retrieval augmentation extends an LLM's access to knowledge, but many 

complex tasks require capabilities beyond information retrieval. A system 

may need to perform calculations, execute code, query structured databases, 

search the web, interact with software applications, or invoke domain-specific 

functions. 

Tool-augmented LLMs address this requirement by enabling a language 

model to determine when an external tool should be used, select an appropriate 

tool, construct the required arguments, interpret the returned result, and 

integrate that information into the final response. 

Qu et al. (2024) describe tool learning as an emerging paradigm for extending 

LLM capabilities and organize the process into four major stages: task 

planning, tool selection, tool calling, and response generation. 

This capability represents an important conceptual shift. A conventional LLM 

attempts to solve a task using only internal parametric knowledge and text 

generation. A tool-using model can delegate specific operations to specialized 

external systems. 

For example, arithmetic operations may be delegated to a calculator, real-time 

information may be obtained from a search engine, structured organizational 

data may be retrieved from a database, and code execution may be assigned 

to an external runtime. In this way, the LLM can function as an orchestration 

layer rather than attempting to perform every task internally. 

Reasoning strategies are often closely integrated with tool use. The model 

must determine what information is missing, what operation is required, which 

tool should be selected, and whether the returned result is sufficient. 

One influential framework combining these concepts is ReAct, which 

interleaves reasoning and acting within the same task-solving process. Yao et 

al. (2023) showed that reasoning traces can support planning and exception 

handling, while external actions allow the model to gather additional 

information from environments or knowledge sources. 

The significance of this approach lies in the interaction between internal 

reasoning and external evidence. Rather than generating a long reasoning 
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sequence without environmental feedback, a model can alternate between 

interpretation, action, observation, and subsequent reasoning. 

A simplified cycle can be represented as: 

Goal → Reasoning → Action → Observation → Updated Reasoning → 

Final Response 

This loop forms one of the conceptual foundations of contemporary agentic 

AI. 

4.4. LLM-Based Autonomous Agents 

An LLM-based agent is a computational system in which a language model 

serves as a central decision-making component while interacting with 

memory, tools, external information sources, and an environment. Unlike 

conventional prompt-response systems, agents can perform multi-step 

operations toward an explicit goal. 

A typical agent architecture contains several functional components. 

Planning enables the system to decompose a complex objective into 

manageable subtasks and determine an appropriate execution sequence. 

Memory allows the agent to retain information from previous interactions, 

intermediate results, task history, or external observations. Short-term 

memory may represent the current task context, whereas persistent memory 

can store information across longer periods. 

Tool use provides access to capabilities that are not contained within the LLM 

itself. These may include search systems, databases, code execution 

environments, calculators, external APIs, or specialized software. 

Action execution enables the system to modify or interact with an external 

environment rather than only generating text. 

Observation and feedback allow the agent to inspect the consequences of its 

actions and update subsequent decisions accordingly. 

The interaction among these components is illustrated in Figure 5. 
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Figure 5. General architecture of an LLM-based autonomous agent integrating 

planning, memory, tool use, action execution, environmental observation, and 

iterative feedback. 

As illustrated in Figure 5, agentic processing can be represented as a cyclic 

rather than purely linear workflow. The user provides a goal, the LLM 

develops a plan, appropriate tools or actions are selected, results are observed, 

and the internal state is updated. The system may repeat this cycle until a 

termination condition is satisfied. 

This architecture enables a broader class of applications than conventional 

conversational models. Potential uses include automated research assistance, 

software-development workflows, enterprise process automation, information 

monitoring, scientific data analysis, and decision-support systems. 

However, autonomous operation also introduces new risks. An incorrect 

intermediate decision can influence subsequent actions, producing cumulative 

error propagation. Tool calls may have real-world consequences, while 

externally retrieved information may contain incorrect or malicious 

instructions. As agent autonomy increases, permission boundaries, action 

validation, logging, and human oversight become increasingly important. 

4.5. Multi-Agent Systems 

The agentic paradigm can be extended from a single LLM-based agent to 

multiple interacting agents. In a multi-agent system, different agents may be 
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assigned specialized responsibilities and communicate with one another while 

solving a larger task. 

For example, one agent may act as a planner, another as a retriever, another as 

a code executor, and another as a verifier. The planner decomposes the task, 

the retriever gathers supporting information, the execution agent performs 

required operations, and the verifier evaluates intermediate or final results. 

This division of responsibilities can provide several potential benefits. 

Specialized agents may reduce the complexity faced by a single model, 

improve modularity, and enable independent verification. Multi-agent 

collaboration can also introduce adversarial or critical roles in which one agent 

challenges the output produced by another. 

A simplified multi-agent workflow can be represented as: 

User Goal → Coordinator Agent → Specialized Agents → Shared Results 

→ Verification → Final Output 

Nevertheless, increasing the number of agents does not automatically improve 

performance. Multi-agent systems introduce communication overhead, 

coordination complexity, duplicated computation, disagreement among 

agents, and additional opportunities for error propagation. 

The effectiveness of a multi-agent architecture therefore depends on the clarity 

of role assignment, communication protocols, shared memory design, 

termination rules, and verification mechanisms. In practical systems, 

unnecessary agent proliferation may increase computational cost without 

providing corresponding improvements in output quality. 

The relationship among retrieval, reasoning, tool use, and agentic behavior 

demonstrates that contemporary generative AI systems are increasingly 

modular. RAG provides access to external knowledge, tools extend functional 

capabilities, reasoning enables intermediate decision-making, and agent 

architectures organize these elements into goal-directed workflows. 

Consequently, the LLM is no longer necessarily the complete artificial 

intelligence system. Instead, it increasingly functions as the cognitive and 

linguistic core of a wider architecture composed of retrieval engines, memory 

stores, tools, validation mechanisms, external services, and execution 

environments. This system-oriented perspective represents one of the most 
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important changes in the evolution from conventional large language models 

toward modern generative artificial intelligence. 

5. MULTIMODAL GENERATIVE ARTIFICIAL INTELLIGENCE 

The evolution of large language models has increasingly moved beyond text-

only processing toward systems capable of integrating multiple forms of 

information. Human understanding is inherently multimodal; people interpret 

the world through language, vision, sound, spatial information, and other 

sensory signals. Consequently, artificial intelligence systems that rely 

exclusively on textual information remain limited in their ability to understand 

complex real-world environments. 

Multimodal Large Language Models (MLLMs) extend conventional LLMs by 

integrating language with additional modalities such as images, audio, video, 

documents, and structured signals. These systems aim to construct unified 

representations in which information from different modalities can be 

interpreted jointly. Recent surveys indicate that multimodal generative AI has 

expanded rapidly beyond conventional text–image interaction and 

increasingly incorporates video, audio, 3D content, motion, and other 

heterogeneous data types. 

The central objective of multimodal learning is not merely to process several 

input types independently but to establish meaningful relationships among 

them. For example, an image may contain objects, spatial relationships, 

written text, or contextual cues that are not explicitly described in a user's 

question. A multimodal model must therefore connect visual representations 

with linguistic concepts before generating an appropriate response. 

5.1. Vision–Language Integration 

Vision–language modeling represents one of the most mature areas of 

multimodal artificial intelligence. Early approaches typically relied on 

separate visual and textual encoders, followed by a fusion mechanism that 

combined the resulting feature representations. More recent systems 

increasingly integrate pretrained vision encoders with large language models, 

allowing visual information to be interpreted through a natural-language 

interface. 

A typical vision–language architecture contains three principal components: a 

visual encoder, a modality projection or alignment layer, and a language 
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model. The visual encoder converts an image into a sequence of feature 

representations. These features are subsequently projected into a 

representation space compatible with the LLM. The language model can then 

process visual and textual tokens jointly or through a cross-modal interaction 

mechanism. 

Contrastive pretraining played an important role in establishing strong 

associations between visual and textual information. CLIP demonstrated that 

images and natural-language descriptions could be represented within a shared 

embedding space, enabling effective zero-shot visual recognition and cross-

modal retrieval (Radford et al., 2021). 

Later models shifted toward generative interaction. Instead of merely 

determining whether an image and text description correspond to one another, 

modern multimodal systems can generate detailed textual responses based on 

visual inputs. This capability supports applications such as image captioning, 

visual question answering, document interpretation, chart analysis, and scene 

understanding. 

Visual instruction tuning extends vision–language modeling by training 

models to follow natural-language instructions grounded in visual inputs. 

LLaVA demonstrated that a pretrained visual encoder and a large language 

model could be effectively connected through a comparatively lightweight 

projection mechanism and adapted using visual instruction data (Liu et al., 

2023). More recent developments have focused on improving visual 

reasoning, optical character recognition, high-resolution image understanding, 

and broader world knowledge. 

However, visual information presents challenges that do not occur in 

conventional text-only models. Image resolution, object density, spatial 

relationships, small text regions, multiple images, and visual ambiguity can 

all affect model performance. A model may also produce visually grounded 

hallucinations by describing objects or events that are not actually present in 

the image. 

5.2. Cross-Modal Representation and Fusion 

A central challenge in multimodal AI is determining how heterogeneous 

information should be represented and combined. Text is typically represented 

as discrete token sequences, whereas images consist of spatial pixel structures 
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and audio consists of temporally continuous signals. These modalities 

therefore require different preprocessing and encoding mechanisms before 

they can interact within a shared model. 

One common strategy is projection-based alignment. In this approach, a 

specialized encoder first transforms a non-text modality into intermediate 

features. A learnable projection module subsequently maps these features into 

the embedding space expected by the language model. 

Another strategy uses cross-attention. Instead of directly inserting non-text 

features into the same sequence as text tokens, cross-attention layers allow 

one modality to selectively attend to representations from another modality. 

This enables information exchange while retaining distinct modality-specific 

encoders. 

More integrated architectures attempt to process different modality tokens 

within a unified Transformer. In such systems, text tokens, image patches, 

audio segments, or other representations can participate within a shared 

attention mechanism. Although this provides a flexible architecture, it also 

creates substantial computational and alignment challenges. 

The effectiveness of multimodal fusion depends on more than architecture 

alone. Training data must provide meaningful correspondences among 

modalities. Poorly aligned image–text pairs, noisy captions, incomplete 

annotations, or imbalanced modality distributions can reduce the quality of 

cross-modal learning. 

The multimodal processing pipeline can therefore be viewed as a sequence of 

modality-specific encoding, representation alignment, cross-modal fusion, 

contextual reasoning, and multimodal output generation. 
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Figure 6. General architecture of a multimodal large language model integrating 

text, image, audio, and video representations through modality-specific encoders, 

cross-modal alignment, and a shared generative language model. 

As illustrated in Figure 6, multimodal systems typically preserve modality-

specific processing during the initial representation stage while integrating the 

resulting features before or within the language model. This modular structure 

allows additional modalities to be incorporated without necessarily 

redesigning the entire language-generation architecture. 

5.3. Audio and Speech Integration 

Audio represents another important modality for modern generative AI 

systems. Unlike static images, audio signals contain temporal information and 

may include speech, music, environmental sounds, emotional cues, and 

acoustic events. 

Speech-oriented systems traditionally treated automatic speech recognition 

and language generation as separate tasks. A speech recognition model first 

converted audio into text, after which a language model processed the 

transcription. Modern multimodal systems increasingly attempt to integrate 

these stages more closely. 

Direct audio-language processing offers several advantages. Important 

information can be lost during transcription, including speaker emotion, 

emphasis, background context, pauses, and non-speech sounds. By operating 
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on richer audio representations, multimodal models can potentially preserve 

these characteristics. 

Audio-capable models may therefore support speech recognition, spoken 

dialogue, audio summarization, speaker interaction, music understanding, and 

environmental sound interpretation. 

The integration of speech output also changes the nature of human–AI 

interaction. Rather than relying exclusively on text-based interfaces, 

generative systems can engage in bidirectional spoken interaction. This 

creates opportunities for accessibility technologies, real-time assistants, 

education systems, customer-service applications, and human–machine 

collaboration. 

Nevertheless, real-time audio interaction imposes strict latency requirements. 

A conversational system must process incoming audio, interpret semantic 

content, generate an appropriate response, and synthesize output quickly 

enough to preserve a natural interaction rhythm. 

5.4. Video Understanding and Temporal Reasoning 

Video represents a particularly challenging modality because it combines 

visual content with temporal structure and may also contain audio, text, and 

motion. Understanding a video therefore requires more than analyzing 

independent image frames. 

A multimodal model must determine which events occur, how they evolve 

over time, how objects interact, and which temporal relationships are relevant 

to a user's request. This requirement introduces the problem of temporal 

reasoning. 

Video models may use frame sampling to reduce computational cost, but 

aggressive sampling can omit short or infrequent events. Processing every 

frame, on the other hand, generates extremely long sequences and 

significantly increases memory requirements. 

Temporal compression and hierarchical representation are therefore important 

research areas. A video can be represented using selected frames, visual 

events, motion features, or summarized temporal segments before being 

passed to the language model. 
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Potential applications include video summarization, event detection, question 

answering, surveillance analysis, educational content interpretation, sports 

analysis, and human-activity understanding. 

The expansion from image–language systems toward video-capable MLLMs 

illustrates the broader trajectory of multimodal AI: systems are increasingly 

expected to understand not only static content but also dynamic environments 

and temporal processes. 

5.5. Multimodal Reasoning and Generative Outputs 

Multimodal AI is not limited to interpreting heterogeneous inputs. Modern 

systems increasingly support outputs across multiple modalities as well. 

A user may provide an image and request a textual explanation, provide text 

and request an image, submit a video and request a summary, or provide 

mixed input containing text, images, and structured data. More advanced 

systems may combine several modalities within both the input and output 

spaces. 

This capability creates the possibility of unified generative systems in which 

modality conversion is no longer treated as a collection of independent tasks. 

Instead, a common model infrastructure can coordinate different encoders, 

generators, and external tools. 

Multimodal reasoning is especially important in tasks where the correct 

answer requires integrating information from several sources. For example, 

answering a question about a scientific figure may require interpreting visual 

geometry, reading embedded text, identifying labels, and combining that 

information with domain knowledge. 

Similarly, document intelligence requires more than optical character 

recognition. A model may need to interpret tables, figures, page layouts, 

headings, and natural-language paragraphs simultaneously. 

This capability is particularly relevant for scientific and engineering 

applications because much technical information is inherently multimodal. 

Research papers contain text, mathematical expressions, diagrams, tables, and 

images; industrial systems may combine sensor measurements, visual 

inspection data, maintenance records, and operator notes. 
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Therefore, multimodal LLMs can potentially provide a common reasoning 

interface across heterogeneous technical data. 

5.6. Domain-Oriented Multimodal Systems 

One of the most promising directions for multimodal generative AI is domain 

specialization. In many professional environments, important decisions 

cannot be made using textual information alone. 

In healthcare, for example, multimodal systems may combine medical images, 

clinical records, laboratory results, physiological signals, and genomic 

information. Such integration can support information retrieval, clinical 

summarization, decision support, and medical documentation. Recent 

research on multimodal medical models has emphasized the importance of 

integrating heterogeneous clinical information rather than treating each data 

type independently. 

In engineering, multimodal systems can combine images, sensor signals, 

technical documentation, and structured measurements. Potential applications 

include predictive maintenance, equipment inspection, infrastructure 

monitoring, fault diagnosis, and decision support. 

Domain-specific artificial intelligence applications have also demonstrated 

the value of lightweight deep learning architectures for interpreting sensing 

data in engineering environments. For example, Arvas and Çınar (2026) 

employed a lightweight YOLO-based approach for detecting underground 

objects from Ground-Penetrating Radar (GPR) data, illustrating the potential 

of efficient AI models for subsurface sensing and non-destructive inspection 

applications. 

Scientific research represents another important application area. Multimodal 

systems may assist researchers by interpreting plots, microscopy images, 

satellite imagery, experimental measurements, tables, and technical literature 

within the same analytical workflow. 

Similarly, education can benefit from systems capable of interpreting 

diagrams, handwritten material, spoken explanations, instructional videos, 

and textual content. Such capabilities can support more adaptive and 

interactive learning environments. 
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These examples demonstrate that multimodal AI should not be viewed simply 

as an extension of image captioning. Instead, it provides a framework for 

integrating heterogeneous evidence in complex decision environments. 

5.7. Challenges in Multimodal Large Language Models 

Despite their rapid progress, multimodal large language models introduce 

several challenges beyond those encountered in text-only systems. 

The first challenge is cross-modal alignment. Information represented in 

different modalities must be mapped into compatible semantic structures. 

Weak alignment may cause the model to ignore one modality or incorrectly 

associate information across modalities. 

The second challenge is multimodal hallucination. A model may produce 

statements that are linguistically plausible but inconsistent with the supplied 

image, audio, or video. Such failures can occur when the language model 

relies too heavily on prior knowledge rather than the actual multimodal 

evidence. 

The third challenge concerns computational complexity. High-resolution 

images, long videos, and high-frequency audio streams can generate 

extremely large numbers of input representations. Processing such inputs 

within Transformer-based architectures can impose substantial memory and 

computational costs. 

Another concern is evaluation. Measuring multimodal performance is more 

difficult than evaluating conventional classification systems because the 

output may simultaneously depend on factual correctness, visual grounding, 

linguistic quality, temporal understanding, and reasoning accuracy. 

Finally, privacy and safety concerns may become more significant when 

systems process images, voices, video recordings, or other personally 

sensitive forms of information. 

The major modalities and their principal computational challenges are 

summarized in Table 4. 
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Table 4. Major data modalities in multimodal generative AI and their principal 

processing challenges. 

Modality 
Typical 

Representation 

Representative 

Tasks 

Major 

Challenge 

Text 
Tokens and 

embeddings 

Generation, 

summarization, 

question answering 

Long-context 

consistency and 

factual reliability 

Image 
Patches or visual 

features 

Visual question 

answering, 

captioning, 

document analysis 

Spatial 

grounding and 

visual 

hallucination 

Audio 

Temporal 

acoustic 

representations 

Speech 

understanding, 

dialogue, audio 

analysis 

Temporal 

modeling and 

real-time latency 

Video 

Frame and 

temporal 

representations 

Video 

summarization, 

event 

understanding, 

question answering 

Long temporal 

context and 

computational 

cost 

Structured/Sensor 

Data 

Numeric or 

encoded feature 

sequences 

Monitoring, 

forecasting, 

technical decision 

support 

Alignment with 

linguistic 

representations 

Multimodal 

Combination 

Unified or 

aligned latent 

representations 

Cross-modal 

reasoning and 

generation 

Semantic 

alignment across 

heterogeneous 

data 

Table 4 shows that each modality introduces distinct representational and 

computational requirements. Consequently, the development of robust 

MLLMs requires not only powerful language models but also effective 
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modality-specific encoders, alignment strategies, efficient fusion 

mechanisms, and evaluation frameworks. 

Overall, multimodal generative AI represents a transition from language-

centered artificial intelligence toward systems capable of interpreting 

increasingly rich representations of the physical and digital world. The 

significance of this transition lies not merely in adding additional input types 

but in enabling the model to combine heterogeneous evidence within a unified 

reasoning and generation process. 

As multimodal models become increasingly integrated with retrieval 

mechanisms, external tools, and agentic architectures, the distinction between 

language models, perception systems, and decision-support systems is 

becoming progressively less clear. This convergence is likely to play a central 

role in the next generation of generative artificial intelligence. 

6. RELIABILITY, SECURITY, AND SUSTAINABILITY 

The rapid adoption of large language models has introduced important 

concerns related to reliability, security, privacy, computational cost, and 

responsible deployment. As LLMs become integrated with retrieval systems, 

external tools, and autonomous agents, these concerns extend beyond model 

accuracy and increasingly affect the entire generative AI system. 

6.1. Hallucination and Information Reliability 

One of the most widely recognized limitations of LLMs is hallucination, in 

which a model generates information that appears plausible but is unsupported 

or factually incorrect. This issue is particularly critical in scientific, medical, 

legal, and technical applications where incorrect information may directly 

influence decision-making. 

Hallucination cannot be completely eliminated by increasing model size. 

Therefore, modern systems increasingly employ retrieval augmentation, 

source attribution, external verification, and human review. RAG can improve 

factual grounding by providing external evidence during generation; however, 

inaccurate retrieval can itself introduce misleading information. Reliability 

should therefore be addressed across both retrieval and generation stages. 
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6.2. Prompt Injection and System Security 

Security risks become more significant when LLMs interact with external data 

and tools. Prompt injection occurs when malicious or unintended instructions 

influence model behavior and override the intended task. OWASP identifies 

prompt injection as a major security risk for contemporary LLM applications 

and also highlights sensitive information disclosure, excessive agency, vector 

and embedding weaknesses, misinformation, and uncontrolled resource 

consumption as important vulnerabilities (OWASP Foundation, 2024). 

The potential impact of prompt injection is particularly important in agentic 

systems because an attacker may influence not only generated text but also 

tool calls or downstream actions. Appropriate safeguards therefore include 

input filtering, access controls, tool permission boundaries, output validation, 

and continuous monitoring. 

6.3. Bias, Privacy, and Copyright 

LLMs are trained on large and heterogeneous datasets that may contain social 

biases, inaccurate information, copyrighted material, or sensitive data. 

Consequently, generated outputs may reproduce undesirable patterns or 

disclose information that should remain private. 

Responsible deployment requires careful data governance, privacy protection, 

bias evaluation, and clear policies regarding generated content. These 

concerns become especially important in domain-specific applications 

involving personal, institutional, or commercially sensitive information. 

6.4. Computational Cost and Sustainable AI 

Large-scale models require substantial computational resources during both 

training and inference. High GPU usage increases infrastructure costs, energy 

consumption, and environmental impact. For this reason, model efficiency has 

become an important component of sustainable AI research. 

Techniques such as quantization, pruning, knowledge distillation, LoRA, 

QLoRA, and sparse architectures can substantially reduce computational 

requirements. Smaller specialized models may also provide a more 

appropriate solution than very large general-purpose models when the 

application domain is clearly defined. 
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Sustainability should therefore be evaluated not only according to model size 

but also according to inference frequency, hardware utilization, memory 

requirements, latency, and energy consumption throughout the entire model 

lifecycle. 

6.5. Responsible AI and Governance 

Technical safeguards alone are insufficient for ensuring trustworthy 

generative AI. Governance frameworks increasingly emphasize transparency, 

risk assessment, continuous evaluation, accountability, and human oversight. 

The NIST Generative AI Profile extends the AI Risk Management Framework 

specifically to generative AI and provides guidance for incorporating 

trustworthiness considerations throughout the AI lifecycle (Autio et al., 2024). 

Risk management becomes particularly important as AI systems gain greater 

autonomy. Systems capable of retrieving information, calling tools, accessing 

external services, or executing actions require clearly defined permissions and 

monitoring mechanisms. Human oversight should therefore remain 

proportional to the potential consequences of the system's decisions. 

The principal risks and corresponding mitigation approaches are summarized 

in Table 5. 

Table 5. Major risks associated with modern generative AI systems and 

representative mitigation strategies. 

Risk Potential Impact Representative Mitigation 

Hallucination 
Incorrect or unsupported 

information 

RAG, source verification, 

human review 

Prompt injection 
Manipulation of model 

behavior 

Input filtering, permission 

controls, tool isolation 

Sensitive 

information 

disclosure 

Privacy and 

confidentiality violations 

Data minimization, access 

control, output filtering 
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Risk Potential Impact Representative Mitigation 

Bias 
Unfair or discriminatory 

outputs 

Dataset auditing, bias 

evaluation, human 

oversight 

Excessive agency 
Unintended autonomous 

actions 

Restricted permissions, 

action confirmation, 

logging 

Retrieval 

weaknesses 

Incorrect or malicious 

external context 

Trusted sources, reranking, 

retrieval validation 

High computational 

cost 

Increased energy and 

infrastructure 

requirements 

Quantization, PEFT, 

pruning, smaller models 

As summarized in Table 5, trustworthy generative AI requires a system-level 

approach. Reliability, security, efficiency, and governance should be 

considered together rather than treated as independent concerns. This becomes 

increasingly important as LLMs evolve from text-generation models into 

knowledge-augmented and action-oriented AI systems. 

7. FUTURE DIRECTIONS AND CONCLUSION 

The evolution of large language models is increasingly shifting from isolated 

model development toward integrated generative AI systems that combine 

language understanding, external knowledge, multimodal perception, tool use, 

and autonomous decision-making. This transformation suggests that future 

progress will depend not only on increasing model scale but also on improving 

efficiency, reliability, adaptability, and system-level intelligence. 

One major research direction concerns the development of smaller and more 

efficient models. Parameter-efficient fine-tuning, quantization, pruning, 

knowledge distillation, and sparse Mixture-of-Experts architectures are 

expected to play an increasingly important role in reducing computational 

requirements. These techniques may also support broader deployment on local 

devices, embedded platforms, and edge environments where memory, energy, 

and latency constraints are critical. 



278 

Retrieval-Augmented Generation is likely to remain another central research 

area. Future RAG systems are expected to become more adaptive, moving 

beyond static retrieval toward iterative, self-correcting, and context-aware 

information acquisition. Query rewriting, hybrid retrieval, reranking, source 

verification, and dynamic knowledge selection can further improve the factual 

reliability of generated responses. In this context, retrieval mechanisms may 

increasingly become integrated with agent-based workflows rather than 

functioning as independent components. 

Agentic AI represents a particularly important direction for future generative 

systems. LLM-based agents are gradually evolving from simple tool-calling 

mechanisms toward systems capable of planning, memory management, 

multi-step reasoning, environmental interaction, and collaborative task 

execution. However, increasing autonomy also creates new challenges related 

to control, verification, security, and accountability. Future research will 

therefore need to establish robust mechanisms for permission management, 

action validation, monitoring, and human oversight. 

Multimodal models are also expected to become more unified. Rather than 

maintaining separate architectures for text, images, audio, and video, future 

systems may increasingly process heterogeneous modalities within shared 

representation and reasoning frameworks. Such systems could enable richer 

interaction with scientific documents, industrial data, medical information, 

sensor signals, and real-world environments. 

Another important direction concerns domain-specialized generative AI. 

General-purpose models provide broad capabilities, but many professional 

applications require high factual accuracy and detailed domain knowledge. 

Smaller domain-specific models combined with retrieval systems, specialized 

tools, and verified knowledge bases may therefore provide a more practical 

alternative to extremely large general-purpose models in many real-world 

applications. 

Trustworthiness will remain a fundamental requirement throughout this 

development process. Hallucination, bias, privacy, prompt injection, 

information security, copyright, and excessive autonomy cannot be treated as 

secondary concerns. As generative AI systems become increasingly integrated 

into decision-support and automated workflows, reliability and governance 

must be incorporated directly into system architecture and evaluation. 
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Overall, the development of large language models reflects a broader 

transformation in artificial intelligence. The field has progressed from 

statistical language modeling and recurrent neural networks to Transformer-

based foundation models, instruction-aligned LLMs, retrieval-augmented 

systems, multimodal architectures, and autonomous agents. The most 

significant future advances are therefore unlikely to arise from model scale 

alone. 

Instead, the next generation of generative AI will likely be characterized by 

efficient models, external knowledge integration, multimodal reasoning, tool 

use, adaptive memory, agentic behavior, and stronger reliability mechanisms. 

These developments are gradually transforming LLMs from standalone text-

generation models into central components of complex and interactive 

intelligent systems. 

In conclusion, large language models have established a new foundation for 

human–computer interaction and computational intelligence. Their future 

impact will depend on achieving a balanced integration of performance, 

efficiency, reliability, security, and responsible deployment. Research that 

addresses these dimensions collectively will be essential for developing 

generative AI systems that are not only more capable but also more practical, 

trustworthy, and sustainable. 
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