
Journal of Civil, Construction and Environmental Engineering 

2025, Vol. 10, No. 2, pp. 60-74 

https://doi.org/10.11648/j.jccee.20251002.12  

 

 

*Corresponding author:  

Received: 31 December 2024; Accepted: 3 February 2025; Published: 11 March 2025 

 

Copyright: © The Author(s), 2025. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

 

Review Article 

A Review on Aerospace-AI, with Ethics and Implications 

Derrick Mirindi
1, * 

, David Sinkhonde
2 

, Frederic Mirindi
3 

, Tajebe Bezabih
2 

 

1
School of Architecture and Planning, Morgan State University, Baltimore, USA 

2
Department of Civil and Construction Engineering, Pan African University Institute for Basic Sciences, Technology and 

Innovation, Nairobi, Kenya 
3
Department of Economics, University of Manitoba, Winnipeg, Canada 

 

Abstract 

The rapid advancement of aerospace technology, coupled with the exponential growth in available data, has catalyzed the 

integration of artificial intelligence (AI) across the aerospace sector. This comprehensive review examines the state-of-the-art 

applications of AI, machine learning (ML), deep learning (DL), and generative artificial intelligence (GenAI) in aerospace. Our 

analysis reveals that ML algorithms demonstrate remarkable capabilities: Random forest (RF) algorithm achieves precision 

within 10 meters for trajectory prediction, while support vector machines (SVMs) algorithms show 99.89% accuracy in aircraft 

fault detection. Decision trees (DTs) algorithms excel in aircraft system diagnostics with adaptive learning capabilities. In the 

realm of deep learning, convolutional neural networks (CNNs) algorithms achieve 79% accuracy in satellite component 

detection and structural inspection, while recurrent neural networks (RNNs) algorithms and Long Short-Term Memory (LSTM) 

networks demonstrate superior performance in 4D trajectory prediction and engine health monitoring. GenAI, particularly 

through Generative adversarial networks (GANs), has revolutionized airfoil design optimization, achieving less than 1% error in 

profile fitting and 10% error in aerodynamic stealth characteristics. However, these algorithms face scalability challenges when 

processing large-scale datasets in real-time applications, particularly in mission-critical scenarios. Our research also identifies 

four ethical considerations, including bias prevention in automated systems, transparency in decision-making processes, privacy 

protection in data handling, and the implementation of important safety protocols. This study provides a foundation for 

understanding the current landscape of aerospace-AI integration while highlighting the importance of addressing ethical 

implications in future developments. The successful implementation of these technologies will require continuous innovation in 

validation methodologies, establish universal ethical considerations standard, and enhanced community engagement through 

citizen science initiatives to involve stakeholders. 
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1. Introduction 

The rapid progress of artificial intelligence (AI) in the 

aerospace sector has led to major changes and transformations 

within the industry. Indeed, this has impacted areas such as 

aviation, including equipment maintenance and safety sys-
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tems [1, 2]. The advent of AI is not a recent phenomenon but 

has its origins in the early 1950s. Researchers such as John 

McCarthy and Marvin Minsky initiated AI [3, 4]. Subse-

quently, researchers employed machine learning (ML) tools 

such as support vector machines (SVM) [5, 6], gradient 

boosting machine (GBM) [7], k-nearest neighbors (kNN) [8], 

random forest (RF) [9], and decision trees (DT) [10] to en-

hance aerospace. Additionally, researchers have developed 

and utilized deep learning (DL) tools, including artificial 

neural network (ANN) [11], convolutional neural network 

(CNN) [12], long short-term memory (LSTM) [13], deep 

reinforcement learning (DRL) [14], and recurrent neural 

network (RNN) [15]. Furthermore, aerospace has recently 

utilized generative artificial intelligence (GenAI) [16] to im-

prove the design and optimization of aircraft components. 

This allows engineers to simulate various scenarios and im-

prove performance efficiencies. 

Aerospace is defined as the branch of technology and in-

dustry concerned with both aviation and space flight. This 

field encompasses the design, development, and production of 

aircraft, spacecraft, satellites, and related systems and 

equipment. The aerospace field began its development in the 

early 20th century, marked by significant milestones such 

as the Wright brothers' first powered flight in 1993 [17].

NASA, one of the popular industries, has been at the 

forefront of aerospace advancements, investing in numerous 

missions that have expanded the understanding of space. 

From the Apollo moon landings to the Mars Rover 

explorations, NASA's in-novations have also inspired 

generations to pursue careers in science, technology, 

engineering, and mathematics (STEM) [18, 19]. The 

evolution of AI has significantly influenced the sustainable 

development of the aerospace sector. However, this 

evolution raised various ethical considerations that must be 

addressed to ensure responsible use of technology. 

Indeed, the ethical implications of integrating AI in 

aero-space present challenges that require rigorous 

examination and innovative solutions. For instance, the 

fundamental question of accountability in AI-driven 

decision-making processes has become increasingly 

critical, particularly in scenarios where autonomous 

systems must make decisions affecting human lives. The 

industry must address complex ethical dilemmas, 

including the delicate balance between human control and 

machine autonomy, ensuring transparency in AI decision-

making processes, and establishing important protocols for 

life-critical situations. Also, it was observed that there is not 

currently any study that combines the use of AI, DL, ML, 

and GenAI in aerospace and the implication of their ethical 

considerations. 

Therefore, this research aims to investigate the 

potential use of AI in aerospace and the implication of 

ethical concerns. The ML algorithms involved in this study 

are the decision tree (DT), the random forest (RF), the 

support vector machine (SVM), the k-nearest neighbor 

(kNN), and the gradient boosting machine (GBM). On 

the other hand, the DL algo-rithms included in this 

research are the convolutional neural 

network (CNN), recurrent neural network (RNN), time series 

analysis, transformer neural network, deep reinforcement 

learning (DRL), and long short-term memory (LSTM). In 

addition, the generative algorithms involved in this study are 

the generative adversarial network (GAN), deep generative 

model (DGM), evolutionary algorithms, physics-informed 

neural network (PINN), and hybrid AI. Lastly, we also in-

vestigated the most important ethical considerations, includ-

ing bias and discrimination, transparency, privacy and com-

pliance, and safety protocols. 

2. Data and Methods

This review utilized a systematic methodology to identify,

analyze, and synthesize the existing research on AI, ML, and 

DL algorithms within aerospace contexts by examining five 

ethical considerations. Indeed, this systematic review meth-

odology provides a thorough and transparent approach for the 

selection and assessment of pertinent literature while reducing 

bias. The review process started with the establishment of a 

precise research question and the delineation of inclusion and 

exclusion criteria for study selection. The research question 

directing this review was: "What are the current algorithms 

employed, applications, methodologies, and ethical consid-

erations of AI, ML, and DL techniques within the aerospace 

context?" The inclusion criteria consist of peer-reviewed 

journal articles, conference proceedings, and book chapters 

published in English within the past decade (2010-2024). We 

carried out a comprehensive search strategy to identify per-

tinent literature by utilizing various electronic databases such 

as Web of Science, Scopus, IEEE Xplore, and Google Scholar. 

The search query combines keywords relevant to AI, ML, DL, 

ethical considerations, and aerospace contexts, including 

"artificial intelligence," "machine learning," "deep learning," 

"aerospace," "safety," "bias," "discrimination," "transparen-

cy," and "ethical consideration." Moreover, we conducted 

both forward and backward citation analyses of additional 

relevant studies. We used data extraction on selected studies, 

which included essential information such as research objec-

tives, data sources, methodologies, results, and ethical con-

siderations. This methodology allowed us to identify themes, 

trends, and challenges within this literature. The review re-

search showed the potential of aerospace-AI and the ethical 

considerations of incorporating AI into aerospace deci-

sion-making processes. 

3. Artificial Intelligence

AI has emerged as a transformative force in aerospace. It

revolutionizes traditional approaches to flight operations, 

maintenance protocols, and safety systems. The evolution of 

AI encompasses several distinct but interconnected domains 

that are reshaping aerospace capabilities. At its core, AI rep-

resents the broader field of computer systems capable of 
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performing tasks that typically require human intelligence. In 

aerospace applications, AI systems demonstrate deci-

sion-making capabilities across flight control, navigation, and 

system monitoring, transcending simple rule-based pro-

gramming to achieve adaptive and intelligent responses to 

complex scenarios. 

ML algorithms, as a subset of AI, introduce autonomous 

learning capabilities where systems evolve through experi-

ence without explicit programming. In aerospace contexts, 

ML algorithms analyze vast datasets from aircraft sensors, 

flight operations, and maintenance records to identify patterns 

and optimize performance. These systems continuously refine 

their models through iterative learning. They enhance pre-

diction accuracy and decision-making reliability [20]. 

DL algorithms represent a branch of ML, employing neural 

networks that mirror human cognitive processes. In aerospace 

applications for instance, DL systems process complex, mul-

tidimensional data through hierarchical layers of abstraction, 

enabling advanced capabilities in image recognition, sensor 

data interpretation, and autonomous navigation. These net-

works excel at handling the intricate relationships present in 

aerospace systems, from aerodynamic modeling to structural 

health monitoring [21]. 

Generative Artificial Intelligence (GenAI) marks the latest 

evolution in AI, capable of creating novel content and solu-

tions from existing data patterns. In aerospace, GenAI appli-

cations extend beyond traditional analytical tasks to generate 

design alternatives, simulate flight scenarios, and create syn-

thetic training data. This technology, particularly through 

Large Language Models (LLMs), enables human-machine 

interactions and knowledge synthesis across aerospace do-

mains [22]. 

As depicted in Figure 1, this hierarchical progression from 

AI (1950’s) to GenAI (2020’s) represents not just techno-

logical advancement but a fundamental shift in how aerospace 

systems learn, adapt, and create solutions to complex chal-

lenges in aviation and space exploration. 

Figure 1. Schematic representation of AI, ML, DL, and GenAI in aerospace context. 

3.1. Machine Learning Algorithm 

3.1.1. Random Forest Random forest (RF) algorithm is 

a powerful unsupervised  learning method that was

introduced by Leo Breiman in 2001 

[23, 24]. RF algorithm has become one of the most widely 

used ML techniques due to its versatility, robustness, and 

excellent predictive performance across various domains. In 

the field of aerospace, it can be applied for predictive 

maintenance of aircraft engines, trajectory prediction with 

errors under 10 meters (Moradi et al., 2024), fault detection in 
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unmanned aerial vehicles (Lee et al., 2014), and magnetic 

navigation in GPS-denied environments (Moradi et al., 2024). 

[25] 

RF algorithm operates on the principle of ensemble learn-

ing, specifically utilizing the bagging (Bootstrap Aggregating) 

technique. The algorithm creates multiple decision trees (e.g., 

1000 trees for aircraft engine fault detection) using randomly 

sampled subsets of the training data (e.g., sensor readings 

from aircraft components) and features (e.g., vibration pat-

terns, temperature measurements, pressure readings). Each 

tree in the forest is trained independently on a bootstrap 

sample drawn with replacement from the original dataset. The 

random feature selection process, known as feature bagging, 

occurs at each split of the tree, where only a subset of features 

is considered for splitting. For classification tasks such as 

aircraft component fault detection, the typical number of 

features considered at each split is approximately the square 

root of the total number of features, while for regression tasks 

including remaining useful life prediction of aircraft engines, 

it is typically one-third of the total features (Rizvi & Markani, 

2023). This randomization helps to reduce correlation be-

tween individual trees, thereby improving the model's gener-

alization capability and reducing overfitting. 

The majority voting mechanism combines predictions from 

all trees in the ensemble. For classification problems such as 

aircraft system fault detection, each tree casts a vote for the 

predicted class, and the final prediction is determined by the 

majority vote [26]. For regression problems, for instance 

predicting aircraft engine degradation, the predictions are 

averaged across all trees to produce the final output. 

The mathematical foundation of the RF algorithm can be 

expressed through several key formulas. For a given dataset D 

with n samples and m features, each tree Ti in the forest is 

trained on a bootstrap sample Bi where: 

𝐵𝑖 = 𝐵𝑜𝑜𝑡𝑠𝑡𝑟𝑎𝑝(𝐷, 𝑛) (1) 

The final prediction for a new input x in classification is: 

𝑓(𝑥) = 𝑚{𝐶𝑏(𝑥)}1
𝐵   (2) 

where B represents the number of trees (typically 500-1000 

for aerospace applications), fb(x) is the prediction of the bth 

tree, and Cb(x) is the class prediction of the bth tree. 

3.1.2. Support Vector Machine 

The support vector machine (SVM) algorithm was raised as 

a ML algorithm, first developed by Vladimir Vapnik and his 

colleagues at AT&T Bell Laboratories in 1963 [27]. The 

algorithm has since evolved into one of the most robust and 

versatile classification methods in the field of aerospace. SVM 

can be used for aircraft fault detection achieving 99.89% accu-

racy [28], composite wing panel design optimization [29], 

aerodynamic data modeling [30], and flow separation classi-

fication in quantum computing applications [31]. 

Indeed, SVMs algorithms operate on the fundamental 

principle of finding the optimal hyperplane that maximally 

separates different classes in a feature space. This optimal 

hyperplane is determined by maximizing the margin, which is 

the distance between the hyperplane and the nearest data 

points from each class. These nearest points are called support 

vectors, as they literally "support" the boundary decision and 

are important in defining the classifier. In cases where data is 

not linearly separable in the original feature space (e.g., air-

craft component fault detection), SVMs algorithms employ a 

technique known as the kernel trick, which implicitly maps 

the data into a higher-dimensional space where linear separa-

tion becomes possible [28]. The algorithm maintains effi-

ciency by performing computations in the original space 

through kernel functions, without explicitly computing the 

high-dimensional transformation. Common kernel functions 

include linear (e.g., aircraft material classification), polyno-

mial (e.g., aerodynamic data modeling), and radial basis 

function (RBF) kernels (e.g., flight control actuator fault 

detection), each suited for different types of classification 

problems [32]. 

Mathematically, SVM can be expressed through its opti-

mization problem as depicted the Equation 3. For a binary 

classification task with training data where 

, the primal optimization problem is: 

𝑚𝑖𝑛𝑤,𝑏
1

2
‖𝜔‖2 + 𝑐 ∑ 𝜉𝑖

𝑛
𝑖=1  (3) 

subject to 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1, ∀𝑖

where w represents the normal vector to the hyperplane, and b 

is the bias term. For non-linearly separable cases, the dual 

formulation incorporating kernel functions becomes: 

𝑚𝑎𝑥𝛼 ∑ 𝛼𝑖 −
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗)𝑛

𝑖,𝑗=1
𝑛
𝑖=1  (4) 

subject to ∑ 𝛼𝑖𝑦𝑖 = 0𝑛
𝑖=1  and 0 ≤ 𝛼𝑖 ≤ 𝐶, ∀𝑖

where K(xi,xj) is the kernel function,  are Lagrange mul-

tipliers, and C is the regularization parameter controlling the 

trade-off between margin maximization and classification 

error minimization [33]. The decision function for classifying 

new points becomes: 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏)𝑛
𝑖=1 (5) 

This mathematical equation allows SVMs to handle both 

linear and non-linear classification tasks efficiently while 

maintaining robust generalization capabilities. 

3.1.3. k-Nearest Neighbors 

The k-Nearest Neighbors (k-NNs) algorithms 

fundamen-tally rely on one critical component namely

the distance metrics . The distance metrics form the 

backbone of the algorithm, with Euclidean 

( , )i ix y

1,1iy 

i
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distance being the most employed measure, expressed as: 

𝑑(𝑥, 𝑦) = √∑ (𝑥𝑖 − 𝑦𝑖)
2𝑛

𝑖=1              (6) 

where x and y represent feature vectors of aerospace com-

ponents or flight parameters. 

The alternative distance metrics include Manhattan dis-

tance: 𝑑(𝑥, 𝑦) = ∑ |𝑥𝑖 − 𝑦𝑖|𝑛
𝑖=1  and Minkowski dis-

tance: 𝑑(𝑥, 𝑦) = (∑ |𝑥𝑖 − 𝑦𝑖|𝑝)
1

𝑝𝑛
𝑖=1

. The selection of k, 

representing the number of neighbors to consider, profoundly 

impacts the algorithm's performance. A smaller k value in-

creases the model's sensitivity to noise, while a larger k value 

smooths decision boundaries but risks overgeneralization. 

The optimal k value is typically determined through 

cross-validation, considering the specific characteristics of the 

dataset and the desired balance between bias and variance. 

In aircraft engine predictive maintenance, k-NN algorithm 

achieves 80% accuracy in fault detection by analyzing sensor 

data patterns [34]. The algorithm processes multiple param-

eters including vibration patterns, temperature fluctuations, 

and pressure readings to predict potential component failures 

before they occur. For instance, when monitoring turbofan 

engines, k-NN algorithm analyzes operational cycles to pre-

dict remaining useful life with high precision [34]. 

For aerospace component classification, the weighted 

k-NN algorithm variant employs the following prediction 

formula: 

𝑓(𝑥) =
∑ 𝑤𝑖𝑦𝑖

𝑘
𝑖=1

∑ 𝑤𝑖
𝑘
𝑖=1

               (7) 

where wi typically equals 1/di to give more weight to closer 

neighbors in the feature space of aerospace parameters. 

3.1.4. Gradient Boosting Machine 

Gradient Boosting Machines (GBMs) algorithms emerged 

as a powerful ML algorithm when Jerome H. Friedman in-

troduced it in 2001 [35, 36]. This sequential ensemble method 

has revolutionized predictive modeling by combining multi-

ple weak learners into a strong predictor through an iterative 

process of error correction. In aerospace for example, the 

algorithm allows to process flight data for trajectory optimi-

zation, fuel consumption prediction, and maintenance sched-

uling [37]. 

The fundamental concept of GBMs algorithms lies in its 

sequential learning approach, where each subsequent model 

attempts to correct the errors made by previous models. For 

instance, in aircraft engine health monitoring, GBMs algo-

rithms analyze sensor data sequences to predict remaining 

useful life with mean absolute errors under 4% [37]. Unlike 

random forests, which build trees in parallel, GBM algorithm 

constructs trees sequentially, with each new tree focusing on 

the residuals of the previous predictions. The process begins 

with a simple initial model, typically a decision tree with 

limited depth, which makes predictions on the training data. 

The algorithm then calculates the residuals, representing the 

differences between the actual and predicted values. These 

residuals become the target variables for the next weak learner. 

Each subsequent model in the sequence specifically aims to 

predict these residuals, effectively reducing the overall pre-

diction error. The final prediction is formed by combining all 

these weak learners through a weighted sum, where each 

model's contribution is scaled by a learning rate parameter. 

This learning rate, also known as the shrinkage parameter, 

helps prevent overfitting by controlling how much each tree 

contributes to the final model. The sequential nature of this 

process ensures that each new model focuses on the aspects of 

the data that previous models struggled with, leading to in-

creasingly accurate predictions. 

GBM algorithm can be computed using the principle of 

functional gradient descent as depicted Equation 8. The al-

gorithm aims to minimize a loss function L(y, F(x)), where y 

represents the true values and F(x) represents the model's 

predictions. The optimization process can be expressed as: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥)         (8) 

where Fm(x) is the model at iteration m, γm is the step length 

and hm (x) is the base learner. The optimization process 

minimizes the loss function: 

𝐿(𝑦, 𝐹𝑚(𝑥)) = 𝐿(𝑦, 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥))     (9) 

This approach has proven particularly effective in opti-

mizing flight operations and predicting maintenance re-

quirements. 

3.1.5. Decision Tree 

Decision trees (DTs) algorithms are one of the foundational 

algorithms in ML, first introduced by Leo Breiman and his 

colleagues in 1973 through their seminal work "Classification 

and Regression Trees" (CART) [38]. This algorithm revolu-

tionized the field of ML by providing an intuitive and inter-

pretable approach to both classification and regression prob-

lems [39, 40]. 

As depicted in Figure 2, DT algorithm operates as a hier-

archical structure that resembles an inverted tree, where de-

cisions flow from top to bottom. The topmost node, known as 

the root node, represents the entire dataset, while subsequent 

nodes represent subsets created by applying specific decision 

rules. Each internal node corresponds to a decision based on a 

particular feature, with branches representing the possible 

outcomes of that decision. The terminal nodes, also called leaf 

nodes, contain the final predictions or classifications. The 

process of building a tree involves recursively partitioning the 

data into smaller subsets based on the most informative fea-

tures. Each split aims to increase the homogeneity of the 

resulting subsets, making the predictions more accurate. The 

depth of the tree, the minimum number of samples required 
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for a split, and the maximum number of leaf nodes are crucial 

hyperparameters that control the tree's complexity and pre-

vent overfitting. 

 

Figure 2. Decision tree algorithm architecture. 

The mathematical foundation of DTs algorithms centers 

around measures of impurity and information gain. The three 

primary metrics used are the entropy, the Gini index, and the 

information gain (IG) [41]. The entropy, derived from in-

formation theory, measures the disorder or uncertainty in a 

dataset and is calculated as: 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ∑ 𝑝𝑖 𝑙𝑜𝑔2( 𝑝𝑖)
𝑐
𝑖=1         (10) 

where pi represents the probability of class i in dataset S (e.g., 

different fault types in aircraft systems), and c is the number 

of classes. Also, the Gini index, an alternative to entropy, 

measures the probability of incorrect classification and is 

computed as: 

𝐺𝑖𝑛𝑖(𝑆) = 1 − ∑ 𝑝𝑖
2𝑐

𝑖   

Furthermore, the Information Gain (IG) quantifies the re-

duction in entropy or Gini impurity after a split and is calcu-

lated as: 

𝐼𝐺(𝑆, 𝐴) = 𝐼𝑚𝑝𝑢𝑟𝑖𝑡𝑦(𝑆)  

− ∑
|𝑆𝑣|

|𝑆|𝑣 ∈ 𝑉𝑎𝑙𝑢𝑒𝑠(𝐴) 𝐼𝑚𝑝𝑢𝑟𝑖𝑡𝑦(𝑆𝑣)        (11) 

where S is the parent node dataset, A is the feature being split 

on, and Sv represents the subset of S for which feature A has 

value v. The algorithm selects splits that maximize infor-

mation gain, ensuring optimal data separation at each node. 

3.2. Deep Learning Algorithm 

3.2.1. Convolutional Neural Network 

Convolutional neural networks (CNNs) algorithms 

emerged as a development in AI, with their foundation laid by 

Yann LeCun and his colleagues at AT&T Bell Laboratories in 

1989 [42]. The architecture was heavily inspired by biological 

research conducted by Hubel and Wiesel in the 1960s, who 

studied the cat's visual cortex and discovered that individual 

neuronal cells responded specifically to small regions of the 

visual field [43]. LeCun's pioneering work culminated in the 

development of LeNet-5 in 1998, which successfully 

demonstrated the practical application of CNNs algorithms in 

recognizing handwritten digits [44]. In aerospace applications, 

CNNs algorithms have demonstrated remarkable capabilities 

in satellite component detection, aircraft recognition, and 

structural inspection, achieving accuracy rates up to 79% in 

complex classification tasks [45]. 

The fundamental operation in CNNs algorithms is the 

convolution operation, which is mathematically expressed as: 

(𝑓 ∗ 𝑔)(𝑡) =  ∫ 𝑓(𝜏)𝑔(𝑡 − 𝜏)𝑑𝜏
∞

∞
      (12) 

In discrete form, for 2D images, this becomes: 

(𝐼 ∗ 𝐾)(𝑖, 𝑗) = ∑ ∑ (𝑚, 𝑛)𝐾(𝑖 − 𝑚, 𝑗 − 𝑛)𝑛𝑚     (13) 
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where I represent the input image and K is the kernel or filter. 

The stride parameter S determines the step size of the con-

volution operation, while padding P helps maintain spatial 

dimensions. The output feature map dimensions can be cal-

culated using: 

𝑂 =
𝑁−𝐹+2𝑃

𝑆
+ 1          (14) 

where O is the output dimension, N is the input dimension, F 

is the filter size, P is padding, and S is stride. 

In aerospace applications, CNNs algorithms have demon-

strated performance in: 

Satellite component detection with R-CNN algorithm ar-

chitectures achieving precise identification of various space-

craft elements [46]. 

Real-time aircraft detection at airports with lightweight 

architectures reaching 13.6 fps processing speed (Li et al., 

2022). 

Structural fault detection in drone-like spacecraft, particu-

larly for accelerometer and Inertial Measurement Unit (IMU) 

monitoring [47]. 

3.2.2. Recurrent Neural Networks and Time Series 

Analysis 

Recurrent neural networks (RNNs) algorithms, first intro-

duced by John Hopfield in 1982, represent a fundamental 

architecture in deep learning specifically designed to handle 

sequential data [48]. The core principle of RNNs lies in their 

ability to maintain an internal state (memory) that captures 

information about previous inputs in the sequence. The inte-

gration of RNNs in aerospace applications continues to evolve, 

with implementations now extending to autonomous naviga-

tion systems and real-time flight control optimization [49, 50]. 

Furthermore, the RNN architecture processes multiple sensor 

inputs simultaneously, including vibration patterns, temper-

ature fluctuations, and pressure readings, to forecast potential 

component failures before they occur. The basic mathematical 

formulation of an RNN can be expressed through its hidden 

state equation: 

ℎ𝑡 = 𝜙(𝑤ℎℎℎ𝑡−1 + 𝑤𝑥ℎ𝑥𝑡 + 𝑏ℎ)          (15) 

where ht represents the hidden state at time step t (e.g., engine 

health status), Ø is an activation function (typically tanh or 

ReLU) (e.g., tanh for normalized sensor readings), Whh is the 

hidden-to-hidden weight matrix (e.g., historical sensor pat-

terns), Wxh is the input-to-hidden weight matrix (e.g., current 

sensor readings), and bh is the bias vector (it provides baseline 

adjustments). The output at each time step is computed as: 

𝑦𝑡 = 𝑊ℎ𝑦ℎ𝑡 + 𝑏𝑦              (16) 

where Why is the hidden-to-output weight matrix and by is the 

output bias vector (Figure 3). 

 

Figure 3. RNN architecture connections description (with time steps t-1, t, and t+1, including hidden state ht, input xt, and output yt, with 

weight matrices Whh, Wxh, and Why labeled). 

On the other hand, the implementation of RNNs algorithms 

for time series analysis involves several techniques and con-

siderations. Time series data, characterized by its sequential 

nature and temporal dependencies, requires a preprocessing 

and model architecture design [51, 52]. The input data is 

structured as sliding windows, where each window contains a 

fixed number of time steps used to predict the next value or 

sequence. The window size, denoted as τ, is an important 
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parameter that determines how much historical information is 

considered for each prediction. 

Feature engineering plays an important role in time series 

implementation. Common techniques include normalization 

using methods such as min-max scaling: 

𝑥𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑖𝑛−𝑥𝑚𝑎𝑥
             (17) 

or standardization: 

𝑥𝑠 𝑡𝑎𝑛 𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 =
𝑥−𝜇

𝜎
              (18) 

where μ is the mean and σ is the standard deviation. Seasonal 

decomposition may also be applied to separate the time series 

into trend, seasonal, and residual components. 

The architecture of RNNs algorithms for time series often 

incorporates multiple layers with varying numbers of hidden 

units. The choice of architecture depends on the complexity of 

the temporal patterns and the available computational re-

sources. For multivariate time series, the input layer must 

accommodate multiple features, leading to modifications in 

the weight matrices and hidden state calculations. The output 

layer can be designed for different prediction tasks: sin-

gle-step prediction produces one future value, while mul-

ti-step prediction generates a sequence of future values. 

3.2.3. Transformer Neural Network 

The transformer model architecture, introduced by Vas-

wani et al. in their seminal 2017 in the paper titled "Attention 

Is All You Need" [53], revolutionized natural language pro-

cessing (NLP) and ML. The core innovation of transformers 

lies in their self-attention mechanism, which allows the model 

to weigh the importance of different parts of the input se-

quence dynamically. The mathematical foundation of 

self-attention begins with three learned matrices: Query (Q), 

Key (K), and Value (V). For an input sequence X such as 

flight data (e.g., position, velocity, attitude) and W matrices 

are learned parameters optimizing trajectory planning. These 

matrices are computed through linear transformations fol-

lowing these equations: 

𝑄 = 𝑋𝑊𝑄 , 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝑉              (19) 

where WQ, WK, and WV are learnable parameter matrices. The 

attention scores are then calculated using the scaled 

dot-product attention formula: 

𝐴(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡 𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉              (20) 

where dk is the dimension of the key vectors, and the scaling 

factor  prevents the dot products from growing too 

large in magnitude. Multi-head attention extends this concept 

by allowing the model to attend to information from different 

representation subspaces simultaneously. Each attention head 

operates on different linear transformations of the input, and 

their outputs are concatenated and linearly transformed to 

produce the final output. 

In air traffic management, Transformer-based trajectory 

prediction models show performance in demand forecasting 

and capacity balancing. The model processes multiple flight 

parameters simultaneously through multi-head attention with 

h heads is: 

𝑀𝑢𝑙𝑡𝑖𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, . . . , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂  (21) 

where each head is computed as: 

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑖
𝑄 , 𝐾𝑊𝑖

𝐾, 𝑉𝑊𝑖
𝑉)       (22) 

This self-attention mechanism allows transformers to cap-

ture complex dependencies between different positions in the 

input sequence, regardless of their distance. This is a signifi-

cant advantage over recurrent architectures, which process 

sequences sequentially and can struggle with long-range de-

pendencies. 

The practical implementation of transformer networks in-

volves several crucial technical components that ensure effi-

cient and effective operation. The architecture consists of an 

encoder and decoder stack, each containing multiple identical 

layers. Each encoder layer comprises two main sublayers: a 

multi-head self-attention mechanism and a position-wise fully 

connected feed-forward network. The feed-forward network 

applies two linear transformations with a ReLU activation in 

between: 

𝐹𝐹𝑁(𝑥) = 𝑚𝑎𝑥(0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2      (23) 

A critical aspect of transformer implementation is posi-

tional encoding, which adds information about the position of 

tokens in the sequence. The standard implementation uses 

sine and cosine functions of different frequencies: 

𝑃𝐸(𝑝𝑜𝑠,2𝑖) =  𝑠𝑖𝑛(𝑝𝑜𝑠/100002𝑖/𝑑_𝑚𝑜𝑑𝑒𝑙)  

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) =  cos(𝑝𝑜𝑠/100002𝑖/𝑑_𝑚𝑜𝑑𝑒𝑙)  

where pos is the position and i is the dimension. Layer nor-

malization is applied after each sublayer, following the for-

mula: 

𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑥) = 𝛾
𝑥−𝜇

√𝜎2+∈
+ 𝛽          (24) 

where μ and σ are the mean and standard deviation of the input, 

and γ and β are learnable parameters. 

3.2.4. Deep reinforcement Learning 

DRL represents a groundbreaking fusion of deep learning 

kd
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architectures with traditional reinforcement learning princi-

ples, first gaining prominence in 2013 with DeepMind's in-

troduction of the Deep Q-Network (DQN) algorithm. This 

revolutionary approach enables agents to learn optimal be-

haviors through direct interaction with complex environments, 

utilizing deep neural networks to approximate value functions 

or policies. 

The mathematical foundation of DRL centers on the Mar-

kov Decision Process (MDP), defined by the tuple (S, A, P, R, 

γ), where S represents the state space, A the action space, P the 

transition probability function, R the reward function, and γ 

the discount factor. The primary objective is to maximize the 

expected cumulative reward, expressed using the Bellman 

Optimality Equation for Q-learning as: 

𝑄 ∗ (𝑠, 𝑎) = 𝐸[𝑅𝑡 + 𝛾𝑚𝑎𝑥𝑎′𝑄(𝑠𝑡+1𝑎′) ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎] (25) 

The deep Q-network (DQN) approximates this Q-function 

using a neural network parameterized by weights θ, mini-

mizing the loss function: 

𝐿(𝜃) = 𝐸[(𝑅𝑡 + 𝛾𝑚𝑎𝑥𝑎′𝑄(𝑠𝑡+1, 𝑎′; 𝜃−) − 𝑄(𝑠𝑡 , 𝑎𝑡; 𝜃))2 (26) 

where θ represents the parameters of a target network that 

stabilizes training. For flight control innovation, this loss 

function enables the fault-tolerant control achieving 99.9% 

reliability, the adaptation response to system failures, and the 

optimization fuel consumption through learned policies [54]. 

The practical implementation of DRL systems requires 

careful consideration of several critical components. The 

experience replay buffer, typically storing transitions (st, at, rt, 

st+1), helps break temporal correlations and improves sample 

efficiency. Modern implementations often utilize prioritized 

experience replay, where transitions are sampled based on 

their temporal-difference error. 

Furthermore, architecture selection plays an important role, 

with convolutional layers commonly used for visual inputs 

and fully connected layers for processing state representations. 

The epsilon-greedy exploration strategy, where θ gradually 

decreases over time, balances exploration and exploitation: 

𝑎𝑡 = {𝑟𝑎𝑛𝑑𝑜𝑚 𝑎𝑐𝑡𝑖𝑜𝑛   𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝜖 arg 𝑚𝑎𝑥𝑎 𝑄(𝑠𝑡, 𝑎; 𝜃) − 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 1 − 𝜖       (27) 

Advanced implementations incorporate techniques such as 

double DQN to reduce overestimation bias, dueling networks 

to separate state value and advantage estimation, and distri-

butional RL to model the full distribution of returns. These 

enhancements have enabled DRL to achieve superhuman 

performance in various domains, from game playing to ro-

botic control, marking a significant milestone in artificial 

intelligence development. 

3.2.5. Long short-term Memory 

LSTM algorithms, introduced by Sepp Hochreiter and 

Jürgen Schmidhuber in 1997, represent a significant ad-

vancement in the field of recurrent neural networks [55]. 

These specialized algorithms were designed to address the 

vanishing gradient problem that plagued traditional RNNs 

algorithms, enabling the capture and preservation of 

long-term dependencies in sequential data. LSTMs algorithms 

have revolutionized sequence learning tasks by maintaining a 

more internal memory state, allowing them to remember 

important information for extended periods while selectively 

forgetting irrelevant details. 

The LSTM architecture incorporates three primary gate 

mechanisms: the forget gate, input gate, and output gate, 

working in concert with a memory cell. The forget gate de-

termines which information should be discarded from the cell 

state, operating through the following mathematical formula: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)              (28) 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)              (29) 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)              (30) 

with the final hidden state calculated as: 

ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡)              (31) 

where ft, it, and ot represent the forget, input, and output gates 

respectively. 

For 4D trajectory prediction, attention-enhanced LSTM 

architectures have shown superior performance. The attention 

mechanism is defined as: 

𝛼𝑡 = 𝑠𝑜𝑓𝑡 𝑚𝑎𝑥( 𝑊𝛼 𝑡𝑎𝑛ℎ( 𝑊ℎℎ𝑡 + 𝑊𝑠𝑠𝑡−1 + 𝑏𝛼))  (32) 

where ht represents the hidden state containing flight param-

eters and st-1 is the previous decoder state. 

3.3. Generative Algorithms 

3.3.1. Generative Adversarial Network 

Generative adversarial network (GAN) is a machine 

learning framework that pits a generator (data creator) against 

a discriminator (data evaluator). The generator aims to pro-

duce data so similar to real data that the discriminator cannot 

tell the difference (Figure 4). GANs in unsupervised machine 

learning are implemented by two competing neural networks. 

This setup captures or reproduces dataset variability and 

features [56]. GANs have revolutionized synthetic data gen-

eration in aerospace applications through their adversarial 

training architecture. The fundamental GAN equation for 

aerospace applications can be expressed as: 

𝑚𝑖𝑛𝐺𝑚𝑎𝑥𝐷𝑉(𝐷, 𝐺) = 𝐸𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[𝑙𝑜𝑔𝐷(𝑥)] +

𝐸𝑧∼𝑝𝑧(𝑧)[𝑙𝑜𝑔(1 − 𝐷(𝐺(𝑧)))]         (33) 
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where G represents the generator network and D the dis-

criminator network. One of the applications of GANs is air-

craft design optimization. Indeed, GANs achieve remarkable 

results in airfoil design, with conditional GANs (CGANs) 

demonstrating less than 1% error in fitting airfoil profile data 

and within 10% error for aerodynamic stealth characteristics 

[57]. For smooth air-foil generation, specialized architectures 

employ Bernstein polynomials: 

𝑦/𝑐 = (𝑥/𝑐)𝑁1(1 − 𝑥/𝑐)𝑁2 ⋅ 𝐵𝑛(𝑥/𝑐)     (34) 

where N1 and N2 are airfoil shape parameters, and Bn repre-

sents the Bernstein polynomial. 

 
Figure 4. Generative Adversarial Networks architecture. 

In flight path generation, GANs excel at producing syn-

thetic 4D aircraft landing trajectories, enabling enhanced 

training data for air traffic management systems, for simula-

tion of rare events and edge cases and for validation of safety 

protocols [58]. 

3.3.2. Deep generative Model 

DGMs in aerospace focus on component design optimiza-

tion through probabilistic modeling [59]. The core architec-

ture employs variational autoencoders (VAEs) with the fol-

lowing loss function [60]: 

𝜁 = 𝐸𝑞(𝑧∣𝑥)[𝑙𝑜𝑔𝑝(𝑥 ∣ 𝑧)] − 𝐷𝐾𝐿(𝑞(𝑧 ∣ 𝑥) ∣∣ 𝑝(𝑧))     (35) 

where q(z|x) represents the encoder network (e.g., mapping 

aircraft component geometries to latent space) and p(x|z) the 

decoder network (e.g., generating new aerospace designs). 

These models have proven particularly effective in generating 

aerodynamic shapes while maintaining physical constraints. 

The models incorporate specific aerospace constraints 

through conditional probability distributions: 

𝑝(𝑥 ∣ 𝑦) = ∫ 𝑝(𝑥 ∣ 𝑧, 𝑦)𝑝(𝑧 ∣ 𝑦)𝑑𝑧          (36) 

where y represents design constraints such as lift coefficients 

or drag requirements, and structural integrity parameters [61]. 

3.3.3. Evolutionary Algorithm 

Evolutionary algorithms in aerospace optimization utilize 

genetic operations and fitness functions specific to aerody-

namic requirements [62]. The general form of the optimiza-

tion problem can be expressed as: 

𝑚𝑖𝑛𝑥𝑓(𝑥) subject to 𝑔𝑖(𝑥) ≤ 0, ℎ(𝑥) = 0       (37) 

where f(x) represents the objective function (e.g., drag mini-

mization), and gi(x) and hj(x) represent inequality and equality 

constraints (e.g., minimum lift requirements and structural 

limits) [63]. 

The covariance matrix adaptation evolution strategy 

(CMA-ES) has proven particularly effective: 

𝑥𝑘+1 = 𝑥𝑘 + 𝜎𝑘𝑁(0, 𝐶𝑘)                   (38) 

where σk is the step size and Ck is the covariance matrix (e.g., 

adapting to the local fitness landscape) [64]. 
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3.3.4. Physics-Informed Neural Network 

PINNs integrate physical laws directly into neural network 

architectures [65]. The fundamental PINN loss function for 

aerospace applications combines data and physics-based 

terms: 

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑑𝑎𝑡𝑎 + 𝜆ℒ𝑝ℎ𝑦𝑠𝑖𝑐𝑠  

where λ balances the contribution of physical constraints. For 

aerodynamic applications, the physics loss typically incor-

porates the Navier-Stokes equations: 

ℒ𝑝ℎ𝑦𝑠𝑖𝑐𝑠 = ‖
𝜕𝑢

𝜕𝑡
+ (𝑢 ⋅ 𝛻)𝑢 +

1

𝜌
𝛻𝑝−𝜈𝛻2𝑢‖

2
    (39) 

where u represents velocity fields (for aircraft boundary layers) 

and p pressure distributions (around aerodynamic surfaces) 

[66]. 

3.3.5. Hybrid AI System 

Hybrid AI systems combine multiple AI approaches to 

leverage their complementary strengths. The general frame-

work integrates symbolic reasoning with neural networks 

through a hybrid loss function: 

ℒℎ𝑦𝑏𝑟𝑖𝑑 = 𝛼ℒ𝑛𝑒𝑢𝑟𝑎𝑙 + 𝛽ℒ𝑠𝑦𝑚𝑏𝑜𝑙𝑖𝑐 + 𝛾ℒ𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡   (40) 

where α, β, and γ are weighting coefficients optimized for 

specific aerospace applications. These systems have demon-

strated success in aerospace supply chain optimization and 

maintenance prediction. 

The decision-making process incorporates both data-driven 

and expert knowledge components: 

𝑃(𝑎𝑐𝑡𝑖𝑜𝑛 ∣ 𝑠𝑡𝑎𝑡𝑒) = 𝑓𝑛𝑒𝑢𝑟𝑎𝑙(𝑠𝑡𝑎𝑡𝑒) ⋅ 𝑔𝑠𝑦𝑚𝑏𝑜𝑙𝑖𝑐(𝑟𝑢𝑙𝑒𝑠) (41) 

where fneural represents the neural network component (pro-

cessing sensor data) and gsymbolic represents the symbolic rea-

soning system (enforcing aerodynamic constraints) [67]. 

4. Ethical Considerations and Mitigation 

Strategies 

In the rapidly evolving field of aerospace-AI integration, 

ethical considerations have become important for the use of 

responsible technological advancement. The aerospace in-

dustry's increasing reliance on AI necessitates a comprehen-

sive framework addressing four important ethical dimensions 

while implementing effective mitigation strategies. These 

ethical considerations focus on ethical AI development prac-

tices in aerospace. The ethical framework encompasses the 

entire lifecycle of AI systems, from conception to deployment 

and maintenance. Furthermore, mitigation strategies extend 

beyond individual considerations to create a comprehensive 

ethical framework. In general, organizations have imple-

mented cross-functional ethics committees that oversee AI 

development and deployment. These committees should reg-

ularly assess potential risks, update guidelines based on 

emerging challenges and ensure alignment with industry best 

practices. Continuous stakeholder engagement, including 

feedback from operators, maintenance personnel, and 

end-users, will help refine these strategies. 

4.1. Transparency 

Aerospace applications should maintain explainable AI 

architectures that allow stakeholders to understand deci-

sion-making processes. This is particularly important in 

safety-critical operations including flight control systems and 

navigation [68]. Organizations involved within the field 

should implement transparency through detailed documenta-

tion of AI models, regular audits, and the development of 

interpretable algorithms [69]. These measures enable engi-

neers and operators to trace and validate AI decisions, en-

suring accountability in both development and deployment 

phases. 

4.2. Bias and Discrimination 

Bias and discrimination prevention represents the second 

critical consideration. AI systems in aerospace applications 

should be designed to avoid perpetuating existing biases or 

creating new ones. The prevention of bias includes ensuring 

that training data represents diverse scenarios and populations, 

particularly in applications such as passenger screening sys-

tems or automated maintenance scheduling [70]. Discrimi-

natory analytics can lead to unfair treatment and self-fulfilling 

prophecies that undermine individual autonomy and societal 

participation [71]. Mitigation strategies consist of imple-

menting rigorous testing protocols for bias detection, utilizing 

diverse development teams, and regularly updating training 

datasets to maintain representational balance. 

4.3. Privacy and Compliance 

Privacy and compliance measures constitute the third eth-

ical pillar. As aerospace-AI systems process vast amounts of 

sensitive data, comprising flight patterns, passenger infor-

mation, and operational metrics, protecting privacy becomes 

crucial. Organizations part on the aerospace field should im-

plement data protection frameworks that comply with inter-

national regulations, such as General Data Protection Regu-

lation (GDPR), California Privacy Rights Act (CPRA), Per-

sonal Information Protection Law, and Brazil General Data 

Protection Law [72, 73], while maintaining operational effi-

ciency. Privacy protection measures should consider encryp-

tion protocols, secure data storage systems, and strict access 

controls. Regular privacy impact assessments and updates to 

security measures will help to maintain the integrity of the 

data protection frameworks. 
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4.4. Safety Protocols 

Safety protocols form the fourth ethical consideration. In 

aerospace applications, where AI systems often control im-

portant operations, specifically predictive maintenance, flight 

control systems, and autonomous navigation [74, 75], ensur-

ing safety is crucial. The implementation encompasses re-

dundant systems, notably multiple inertial measurement units 

and pitot tubes, fail-safe mechanisms comprising fault detec-

tion algorithms and automated fault isolation [76], and com-

prehensive testing procedures through validation and verifi-

cation protocols. Organizations involved in aerospace domain 

should continue developing multi-layered safety frameworks 

that incorporate real-time monitoring for instance for engine 

performance and structural health, emergency override capa-

bilities to return control to human operators, and regular sys-

tem audits that will ensure compliance with safety standards 

and performance requirements. Safety protocols should bal-

ance automation benefits with human oversight to maintain 

optimal safety levels. 

5. Conclusion 

The integration of AI in aerospace represents a change in 

how we approach complex aerospace challenges. This 

comprehensive review has highlighted the synergy between 

traditional aerospace engineering and AI technologies. ML 

algorithms have demonstrated exceptional capabilities. For 

instance, the RF algorithm achieves sub-10-meter accuracy 

in trajectory prediction, while the SVM algorithm shows 

99.89% precision in fault detection systems. DL algorithms, 

particularly CNN algorithms, have revolutionized structural 

inspection with 79% accuracy in satellite component detec-

tion. The emergence of generative AI has opened new fron-

tiers in aerospace design optimization. GANs have achieved 

positive results in airfoil design. Its utilization demonstrates 

a less than 1% error in profile fitting and maintains aero-

dynamic stealth characteristics within 10% error margins. 

PINNs have successfully integrated fundamental physical 

laws into learning architectures. However, this technological 

advancement comes with significant ethical implications 

that demand immediate attention. The industry must address 

critical concerns regarding transparency in AI deci-

sion-making, bias prevention in automated systems, and 

implement safety protocols. Looking ahead, several key 

recommendations emerge. Some of these recommendations 

include the establishment of dedicated ethics boards for AI 

oversight, the development of international collaboration for 

universal safety standards within the aerospace field, and the 

implementation of regular system audits. Future research 

should focus on enhancing AI interpretability, developing 

more validation methodologies, and implementing various 

citizen science programs and the use of AI in the community. 

The successful integration of AI in aerospace depends on 

balancing technological innovation with ethical considera-

tions and human oversight. 
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GBM Gradient Boosting Machine 
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LLM Large Language Model 
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DQN Deep Q-Network 
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CMA-ES Covariance Matrix Adaptation Evolution 
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