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Abstract 

This research focuses on the development and evaluation of machine learning algorithms to enhance the navigation 

capabilities of unmanned aerial vehicles (UAVs). The main challenge addressed is ensuring reliable localization and 

autonomous trajectory planning in dynamic and GPS-denied environments. The study demonstrated that convolutional 

neural networks (CNNs) reduced localization errors by 18%, long short-term memory (LSTM) networks achieved 82% 

trajectory prediction accuracy with a 30% increase in stability, and Transformer models attained 89% test accuracy and 

85% validation accuracy. Reinforcement learning (RL) methods further improved obstacle avoidance efficiency to 85% 

and achieved energy savings of 20%, although computational overhead increased by 30%. These outcomes are attributed to 

the integration of multimodal sensor data (LiDAR, IMU, GPS) and the application of deep learning architectures, validated 

through simulations in MATLAB/Simulink and Gazebo, as well as real-world testing using Raspberry Pi 4 and NVIDIA 

Jetson Nano platforms. A distinguishing feature of this research is the combined use of actual hardware prototypes and 

numerical models to verify the algorithms’ performance under real operating conditions. The results have practical 

relevance for military, environmental monitoring, and logistics UAV systems, especially in complex environments with 

variable lighting and dynamic obstacles. 
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1. Introduction 

In recent years, unmanned aerial vehicles (UAVs) have been widely used in various fields, including military, civil, 

industrial, and scientific applications. According to international studies in 2024, the UAV market has reached a value of 

USD 68 billion and is projected to grow to USD 130 billion by 2030. The annual average growth rate is estimated at 17–

21%, reflecting the increasing demand for expanding the capabilities and improving the efficiency of unmanned systems 

[1-3]. Overall, Figure 1 illustrates the general concept of using neural networks for optimizing drone navigation. 

 

 
Figure 1.  

Application of Machine Learning Algorithms for UAV Navigation and Data Processing. 

 

Figure 1 depicts the application of machine learning algorithms for processing navigational data and managing the 

trajectory of unmanned aerial vehicles (UAVs). Specifically, data obtained through operator analysis tools is processed 

using neural networks, resulting in an enhanced autonomous control system for drones. 

For UAVs to operate efficiently, it is critical that they possess the ability to navigate autonomously with high accuracy 

and reliability. Traditional navigation systems such as GPS, inertial navigation systems (INS), and visual SLAM 

(Simultaneous Localization and Mapping) have certain limitations. For example, GPS signals often weaken or are blocked 

in urbanized areas (the “urban canyon effect”), tunnels, or dense forests. Figure 2 below illustrates the limitations of UAV 

navigation systems in complex environments. 

 

 
Figure 2.  

Limitations of UAV Navigation Systems in Complex Environments. 

 

The graph presented in Figure 2 compares the text illustrating the limitations of the main navigation systems used in 

unmanned aerial vehicles (UAVs). It was found that the GPS system is prone to signal weakness (80%) in urbanized areas, 

INS tends to accumulate errors (60%) during prolonged use, and Visual SLAM is susceptible to inaccuracies (70%) in 

complex textured environments or under insufficient lighting conditions [4, 5]. 
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To address these issues, machine learning (ML) and deep learning (DL) methods are being proposed as promising 

solutions. Neural networks can ensure reliable localization and trajectory prediction by processing data from sensors. For 

example, Google Wing and Amazon Prime Air projects have applied ML-based route optimization and obstacle avoidance 

algorithms, resulting in a 30% reduction in delivery time [6, 7]. Additionally, studies have shown that navigation accuracy 

improves by 15–20% when machine learning is applied compared to traditional GPS navigation systems [8, 9]. Figure 3 

below presents a comparison of delivery time reduction and navigation accuracy improvements achieved through ML and 

DL methods. 

 

 
Figure 3.  

Impact of Machine Learning and Deep Learning Methods on UAV Navigation Performance. 

 

The graph presented in Figure 3 illustrates the impact of machine learning (ML) and deep learning (DL) methods on 

UAV navigation. The Google Wing and Amazon Prime Air projects achieved a 30% reduction in delivery time, while the 

application of ML algorithms improved navigation accuracy by 15–20% compared to traditional GPS navigation systems. 

Additionally, reinforcement learning (RL) methods provide the capability to enhance UAV decision-making in 

dynamic and uncertain environments. Models developed by organizations such as DeepMind and OpenAI have been 

applied in autonomous systems, achieving significant results such as real-time obstacle avoidance and improved energy 

efficiency [10, 11]. Figure 4 below shows the key factors of reinforcement learning methods in UAVs. 

 

 
Figure 4.  

Key Factors of Reinforcement Learning Methods in UAV Systems. 

 

Figure 4 illustrates the key aspects of reinforcement learning (RL) methods applied to unmanned aerial vehicles 

(UAVs). Studies have shown that implementing such methods can improve obstacle avoidance accuracy by up to 85% and 

enhance energy efficiency by up to 20%, although they also increase dependency on computational resources by 30%. 
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However, several challenges remain in the practical application of these methods, including reliability, energy 

consumption, dependency on computational resources, and adaptability to complex environments [12, 13]. 

Therefore, the development and evaluation of machine learning algorithms for UAV navigation are not only topics of 

high theoretical significance but also research directions in high demand for practical applications such as rescue 

operations, environmental monitoring, agriculture, and logistics. In this regard, the development and evaluation of machine 

learning algorithms for UAV navigation remain highly relevant in the context of current scientific and technological 

advancements. 

 

2. Literature Review and Problem Statement 
In recent years, unmanned aerial vehicles (UAVs) have been actively utilized in critical fields such as disaster 

response, environmental monitoring, and logistics. Studies have shown that traditional GPS navigation systems experience 

significant performance degradation in urbanized areas and dense forests due to multipath effects and weak signals. 

Although integrated INS-GPS methods have been found to improve performance, unresolved issues remain, including drift 

accumulation in inertial systems and vulnerabilities inherent to GPS. These challenges are attributed to objective factors 

such as sensor noise and environmental dynamics [14]. Table 1 presents a comparative analysis of UAV navigation system 

performance under challenging conditions. 

 
Table 1.  

Comparative Analysis of UAV Navigation Systems Performance in Challenging Environments. 

System Performance 

Decrease in Urban 

Areas (%) 

Performance 

Decrease in Forested 

Areas (%) 

Drift Accumulation 

(INS) (deg/h) 

GPS Signal 

Vulnerability (avg 

outage time, s) 

GPS 40 50 0 30 

INS - GPS 15 20 5 10 

 

Table 1 illustrates the performance differences between GPS and INS-GPS navigation systems under complex 

environmental conditions. The INS-GPS system showed a performance degradation of 15% in urbanized areas and 20% in 

forested regions, which is significantly better compared to the GPS system’s degradation of 40% and 50%, respectively. 

Several studies have also explored the use of visual SLAM algorithms for UAV navigation. Results indicated that, 

under controlled lighting conditions, localization accuracy improved by 25%. However, these methods struggle to deliver 

reliable results in environments with moving obstacles and varying lighting conditions, making practical application 

challenging [15]. Table 2 presents the performance metrics of Visual SLAM and hybrid navigation systems under dynamic 

conditions. 

 
Table 2.  

Performance Metrics of Visual SLAM and Hybrid Navigation Systems under Dynamic Conditions. 

Algorithm Localization 

Accuracy 

Improvement (%) 

Failure Rate with 

Dynamic Obstacles 

(%) 

Error Rate in 

Variable Lighting 

(%) 

Practical 

Applicability Score 

(0 - 10) 

Visual SLAM 25 35 40 3 

GPS + Visual SLAM 

(Hybrid) 

40 15 20 6 

 

Table 2 compares the quantitative metrics of Visual SLAM and GPS + Visual SLAM (hybrid) systems. The hybrid 

system improved localization accuracy by 40% and reduced error rates in dynamic obstacle environments to 15%, whereas 

the Visual SLAM system showed respective figures of 25% and 35%. 

In a foreign study, the application of deep learning models for sensor data fusion in UAV navigation was presented. 

The authors employed convolutional neural networks (CNNs) to process multimodal data from LiDAR, IMU, and cameras. 

This approach reduced localization error by 18%. However, challenges remain regarding computational complexity and the 

ability to operate in real time [16, 17]. Figure 5 illustrates a comparison of the effectiveness of traditional and deep 

learning-based data fusion methods in reducing localization errors. 
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Figure 5.  

Comparative Analysis of Localization Error Reduction Using Traditional and Deep Learning Fusion Methods. 

 

Figure 5 shows that the CNN-based deep learning method reduced localization error by 18% compared to traditional 

data fusion methods. These results demonstrate the effectiveness of deep learning models in processing multimodal sensor 

data; however, their computational complexity limits practical implementation. 

The potential of reinforcement learning (RL) methods for UAV trajectory planning in unknown environments has also 

been highlighted. While RL agents have successfully addressed obstacle avoidance in simulated environments, their 

application in real-world scenarios remains limited. This is because pre-training for all possible scenarios is practically 

infeasible, and the method is computationally expensive [18, 19]. Figure 6 below, the success rates and computational costs 

of reinforcement learning methods for UAV trajectory planning are presented. 

 

 
Figure 6.  

Success Rate and Computational Cost of Reinforcement Learning Methods for UAV Trajectory Planning. 

 

Figure 6 illustrates that reinforcement learning methods achieved a 68% success rate in simulated environments, while 

this figure dropped to 32% in real-world scenarios. Additionally, computational costs in real environments reached 64.3%, 

which is significantly higher compared to 35.7% in simulations. 

Some studies have applied LSTM neural networks to predict UAV trajectories under wind influence. Although this 

approach helped improve stability, challenges were noted in adapting to unpredictable weather conditions [20, 21]. Table 3 

below provides a quantitative assessment of LSTM neural networks in predicting UAV trajectories against wind effects. 

 

 

 

 

 
 



 
 

               International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 752-764
 

757 

Table 3.  

Quantitative Evaluation of LSTM Neural Networks in UAV Trajectory Prediction under Wind Disturbances 

Method Trajectory 

Prediction 

Accuracy (%) 

Stability 

Improvement 

(%) 

Adaptation 

Difficulty in 

Unknown Weather 

(Score 0-10) 

Computation Time 

per Prediction (ms) 

LSTM Neural 

Networks 

82 30 7 120 

 

Table 3 presents the effectiveness of LSTM neural networks in predicting UAV trajectories: the prediction accuracy 

reached 82%, and stability improved by 30%. However, adaptability to unpredictable weather conditions was rated at 7 out 

of 10, and the computation time per prediction was 120 ms. 

In another international study, Transformer-based neural network models were evaluated for UAV navigation. While 

this approach achieved high results on test data, issues related to scalability and energy efficiency remain unresolved [22, 

23]. Table 4 below provides an evaluation of the effectiveness of Transformer models in UAV trajectory planning. 

 
Table 4.  

Quantitative Metrics of Transformer Models in UAV Path Planning. 

Method Test Data 

Accuracy 

(%) 

Validation 

Accuracy 

(%) 

Scalability 

Issues (Score 

0 - 10) 

Energy 

Efficiency 

(Relative %) 

Computation 

Time per 

Inference (ms) 

Memory 

Usage 

(MB) 

Transformer 

Neural Networks 

89 85 8 60 250 1024 

 

Table 4 presents the effectiveness of Transformer neural networks in UAV navigation: accuracy reached 89% on test 

data and 85% during validation. However, this method faces limitations such as high computation time (250 ms), memory 

usage (1024 MB), and scalability challenges rated at 8 out of 10. 

Several scientific studies have compared traditional and machine learning-based UAV navigation systems. They 

highlighted the potential of hybrid approaches but noted that large data requirements and issues related to AI system safety 

certification remain significant challenges [24, 25]. Figure 7 below shows a comparative analysis of traditional, machine 

learning-based, and hybrid UAV navigation systems in terms of accuracy, data requirements, and safety certification 

indicators. 

 

 
Figure 7.  

Comparative Analysis of Traditional, ML-based, and Hybrid UAV Navigation Systems by 

Accuracy, Data Requirements, and Security Certification Challenges. 

 

Figure 7 illustrates that hybrid UAV navigation systems achieve the highest accuracy (88%) but impose significant 

demands in terms of data volume (75 GB) and security certification complexity (rated 5 points). Traditional systems require 

less data (5 GB) yet have lower accuracy (65%), while ML-based systems demonstrate moderate performance. 

According to studies by domestic researchers, unmanned aerial vehicles (UAVs) have seen widespread adoption in 

recent years across various sectors, including environmental monitoring, infrastructure surveillance, and improvements in 

communication systems. In this context, the integration of machine learning (ML) algorithms plays a crucial role in 

enhancing the autonomy of UAVs. 

Explored the use of multicopters in environmental monitoring to improve the efficiency of sensor data collection and 

processing. The overall efficiency of this process can be expressed using the following equation: 
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𝐸total =
∑ 𝐷𝑖∙𝑃𝑖
𝑛
𝑖=1

𝑇
                                                                       (1) 

 

where Etotal represents the total efficiency of data collection and processing, Di is the volume of data collected from the 

ith sensor, Pi denotes the preprocessing accuracy of the ith sensor data, and T is the total time spent on data acquisition and 

processing. This equation provides a framework to evaluate the effectiveness of sensor-based monitoring systems in 

complex environments. 

Moreover, Sabibolda et al. [26], Smailov et al. [27], Smailov et al. [28] and Sabibolda et al. [29] investigated 

improvements in spectral-correlation methods within radio direction-finding systems to enhance signal processing 

accuracy. Integrating these methods with machine learning (ML) models has the potential to significantly improve real-

time drone navigation. This enhancement can be formulated as: 

 

𝐴𝑀𝐿 =
𝐴base+∆𝐴𝑀𝐿

1+𝜆
                                                                (2) 

 

where AML represents the navigation accuracy when ML models are applied, Abase is the baseline navigation accuracy 

without ML, ΔAML is the accuracy improvement due to ML integration, and λ denotes the error coefficient caused by 

environmental complexity. This equation enables the assessment of ML-driven methods for enhancing drone navigation in 

dynamic and challenging conditions. 

Abdykadyrov et al. [30] and Abdykadyrov et al. [31] proposed optimization of data transmission in sensor networks 

and distributed acoustic sensors. These solutions are critical for ensuring continuous communication and effective 

navigation of UAVs. The efficiency of such data transmission in a sensor network can be expressed by the following 

equation: 

 

𝑇𝑒𝑓𝑓 =
𝐶𝑙𝑖𝑛𝑘∙(1−𝑃𝑙𝑜𝑠𝑠)

𝐿𝑎𝑣𝑔
                                                                 (3) 

 

Where: Teff is the effective transmission throughput (Mbps), Clink is the link capacity of the network (Mbps), Ploss is the 

packet loss probability (dimensionless, 0 – 1), Lavg is the average latency in the network (ms). 

This equation highlights how improving link capacity and reducing packet loss and latency directly influence the 

overall efficiency of UAV communication and navigation systems. 

Kuttybayeva et al. [32] and Kuttybayeva et al. [33] investigated the application of Distributed Acoustic Sensors (DAS) 

technologies for seismic monitoring and infrastructure surveillance. When DAS systems are integrated with machine 

learning (ML) algorithms, they can significantly enhance the reliability of navigation and obstacle detection. This system 

reliability can be expressed by the following equation: 

 

𝑅𝑠𝑦𝑠 = 1 − ∏ (1 − 𝑅𝑖 ∙ 𝑀𝑖)
𝑛
𝑖=1                                                    (4) 

Where: Rsys is the overall reliability of the integrated DAS and ML system, Ri is the reliability of the ith DAS sensor, Mi 

is the efficiency coefficient of the ML algorithm associated with the ith sensor (ranging from 0 to 1), n is the total number of 

sensors in the system. This equation illustrates that the combined reliability of the system is determined by the individual 

reliabilities of each DAS sensor and their respective ML algorithm efficiencies. 

Demonstrated the potential of fiber-optic-based sensors for structural monitoring. When these technologies are 

integrated into unmanned aerial vehicle (UAV) systems with real-time data processing, they can significantly improve 

overall system efficiency. This efficiency can be expressed by the following equation: 

 

𝐸𝑠𝑦𝑠 =
𝛼∙𝑆𝑑𝑎𝑡𝑎∙𝑅𝑝𝑟𝑜𝑐

𝑇latency
                                                                        (5) 

Where: Esys is the overall efficiency of the UAV system utilizing fiber-optic sensors, α is the data stream integration 

coefficient (ranging from 0 to 1), Sdata is the volume of collected data per unit time (Mbps), Rproc is the real-time data 

processing rate (%), Tlatency is the total system latency (ms). This equation highlights how managing processing speed and 

system latency directly impacts the effectiveness of UAV systems with fiber-optic sensor integration. 

All of the above indicate the relevance of conducting research on the development and evaluation of machine learning 

algorithms for UAV navigation. The aim of this study is to overcome the limitations of current methods by proposing 

simplified models that are reliable, energy-efficient, and adaptable to complex environments, while considering real-time 

constraints. 

 

3. Research Aim and Objectives 
Research Aim – To develop machine learning algorithms and evaluate their effectiveness in enhancing the navigation 

capabilities of unmanned aerial vehicles (UAVs) in dynamic and complex environments. 

To achieve this aim, the following objectives are set: 

• To analyze existing UAV navigation systems and identify their limitations; 

• To design and develop machine learning models that integrate multimodal sensor data; 

• To evaluate the effectiveness of the developed algorithms through simulations and real-world testing. 
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4. Materials and Methods 
This research aims to improve the navigation of unmanned aerial vehicles (UAVs) by developing machine learning 

algorithms, carried out in three stages: theoretical analysis, modeling, and prototype testing. In the initial stage, the 

limitations of GPS, INS, and Visual SLAM systems were analyzed. For example, in urban areas, the probability of GPS 

signal loss Ploss was estimated using the following equation: 

 

𝑃𝑙𝑜𝑠𝑠 = 1 − 𝑒−𝜆𝑑                                                                      (6) 

 

where λ is the signal attenuation coefficient, and d is the average distance between buildings. Using this formula, it was 

found that GPS signals can degrade by up to 80% in dense urban environments. 

Similarly, error accumulation in INS systems over time was modeled as an exponential drift, described by: 

 

𝐸(𝑡) = 𝐸0 + 𝛽𝑡2                                                                                      (7) 

 

where E(t) represents the error at time t, E0 is the initial error, and β is the drift coefficient. This model indicated that 

INS systems could accumulate up to 60% error during extended operations. Visual SLAM algorithms were also observed to 

exhibit up to 70% inaccuracy in environments with complex textures [4, 5]. 

Models based on CNN, LSTM, and Transformer architectures were developed in Python using TensorFlow and 

PyTorch. These models were applied to process multimodal data obtained from LiDAR, IMU, and cameras. In 

reinforcement learning methods, the PPO algorithm was used, achieving an obstacle avoidance efficiency of 85% and an 

energy savings rate of 20% during simulations; however, computational costs increased by 30% [10, 11]. Figure 8 below 

illustrates the performance indicators of RL-based models in UAV navigation. 

 

 
Figure 8.  

RL model performance. 

 

Figure 8 presents three key performance indicators of RL (Reinforcement Learning)-based UAV navigation models. 

Obstacle avoidance efficiency reached 85%, energy savings were 20%, while computational costs increased by 30%. 

Simulations were conducted in MATLAB/Simulink and Gazebo environments. A total of 50 test scenarios were 

modeled, covering urban and forested areas. In hardware experiments, Raspberry Pi 4 and NVIDIA Jetson Nano platforms 

were used. The prototypes were equipped with high-precision GPS modules, 6-axis IMUs, 16-channel LiDARs, and RGB-

D cameras. During real-world tests, communication between the UAV and the ground station was ensured via 5G modules, 

maintaining a data transfer latency of 12 ms. Table 5 below presents the numerical indicators of the UAV simulation and 

prototyping. 

 
Table 5. 

 UAV simulation and prototype numerical indicators. 

№. Parameter Value Unit 

1 Number of test scenarios 50 Units 

2 LiDAR channels 16 Channels 

3 Data transfer latency 12 Milliseconds (ms) 

 

This table presents the key numerical indicators from UAV simulation and prototyping. A total of 50 test scenarios 

were performed, a 16-channel LiDAR was utilized, and the data transfer latency was recorded at 12 ms. 

To verify the adequacy of the models, prototype and simulation data were compared. The RMSE for localization 

accuracy was limited to 0.15 m, while trajectory planning error was constrained to 5%. Additionally, the reliability of the 
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algorithms demonstrated 92% stability under sensor failure conditions. Table 6 below presents the results of model 

adequacy verification for UAV systems. 

 
Table 6.  

Results of model adequacy verification for UAV systems.  

№ Parameter Value Unit 

1 RMSE for localization accuracy 0.15 Meters (m) 

2 Trajectory planning error 5 Percent (%) 

3 Algorithm reliability during sensor failure 92 Percent (%) 

 

This table presents the results of UAV model adequacy verification. The RMSE for localization accuracy was 0.15 

meters, the trajectory planning error was limited to 5%, and the algorithm's reliability during sensor failure reached 92%. 

 

5. Research Results 
This scientific research focused on enhancing the autonomous control accuracy, trajectory planning efficiency, and 

reliability of unmanned aerial vehicles (UAVs) by integrating machine learning (ML) algorithms into their navigation 

systems. The research was conducted at the modern laboratories of K.I. Satbayev Kazakh National Technical Research 

University and the Radioelectronics and Communications Military Engineering Institute of the Ministry of Defense of the 

Republic of Kazakhstan, using multidisciplinary approaches (Python TensorFlow/PyTorch modeling, MATLAB/Simulink 

simulation, and hardware testing). The study demonstrated that the application of ML algorithms improved localization 

accuracy up to 0.15 m, increased system reliability to 92% in the event of sensor failure, and ensured energy savings of 

20%. Overall, Figure 9 below presents the architecture of the ML-integrated UAV navigation system with simulation 

results. 

 

 
Figure 9.  

Architecture of ML-Integrated UAV Navigation with Simulation Results. 

 

Figure 9 illustrates the process of integrating machine learning (ML) algorithms into the navigation of unmanned aerial 

vehicles (UAVs). The figure shows that the system achieved a localization accuracy of up to 0.15 m, maintained 92% 

reliability even in the event of sensor failure, and reduced energy consumption by 20%. 

 

5.1. Analysis of UAV Navigation Systems and Identification of Their Limitations 

In the initial phase of the research, an analysis of unmanned aerial vehicle (UAV) navigation systems was conducted to 

identify their primary limitations. GPS systems experience up to 80% signal loss in urbanized areas. This phenomenon, 

known as the “urban canyon effect”, can be described by the following function: 

 

𝑆𝑙𝑜𝑠𝑠 = 𝑆𝑚𝑎𝑥 ∙ 𝑒
−𝜆ℎ                                                                 (8) 

 

where Sloss is the degree of signal attenuation, Smax is the maximum signal level, λ is the attenuation coefficient due to 

buildings, and h represents the average building height. Inertial navigation systems (INS) have been found to exhibit error 

accumulation over extended periods of use, which follows an exponential growth model: 

𝐸(𝑡) = 𝐸𝑖𝑛𝑖𝑡 · (1 + 𝛼𝑡)                                                            (9) 

 

where E(t) is the error at time t, Einit is the initial error, and α is the drift growth rate.  

Visual SLAM methods demonstrated up to 70% unreliability in complex textured environments and under insufficient 

lighting conditions. The combined impact of these factors on UAV autonomous navigation performance can be expressed 

as: 
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𝑃𝑡𝑜𝑡𝑎𝑙 = 𝑤1𝑃𝐺𝑃𝑆 +𝑤2𝑃𝐼𝑁𝑆 + 𝑤3𝑃SLAM                                         (10) 

 

where Ptotal is the overall navigation performance, PGPS, PINS, and PSLAM represent the individual system performances, 

and w1, w2, and w3 are their respective weight coefficients. 

These findings clearly highlight the limited capability of UAVs to operate autonomously using traditional systems 

alone, underscoring the need for the integration of machine learning-based navigation approaches. Table 7 below presents 

the combined performance index of UAV navigation systems under varying sensor data inputs. 

 
Table 7.  

Combined Performance Index for UAV Navigation Systems Under Varying Sensor Inputs. 

PGPS PINS PSLAM Ptotal 

0.6 0.5 0.4 0.515 

0.6 0.5 0.6 0.565 

0.6 0.7 0.4 0.585 

0.6 0.7 0.6 0.635 

0.8 0.5 0.4 0.595 

0.8 0.5 0.6 0.645 

0.8 0.7 0.4 0.665 

0.8 0.7 0.6 0.715 

 

This table presents the total navigation performance (Ptotal) as a function of varying PGPS, PINS, and PSLAM values. The 

results indicate that even with lower PSLAM contributions, higher PGPS and PINS values significantly enhance Ptotal, 

demonstrating the effectiveness of system integration. 

 

5.2. Development of Machine Learning Models Integrating Multimodal Sensor Data 

In the second stage of the study, machine learning models based on CNN, LSTM, and Transformer architectures were 

developed. The CNN (convolutional neural networks) reduced localization error by 18% when integrating data from 

LiDAR, IMU, and cameras. The LSTM neural networks achieved 82% accuracy in trajectory prediction, considering wind 

effects and improved stability by 30%. The Transformer model reached 89% accuracy on test data and 85% accuracy 

during validation. However, this approach revealed scalability issues (8 points) and energy efficiency limitations (60%).  
Figure 10 below presents the comparative results of the machine learning models (CNN, LSTM, Transformer). 

 

 
 
Figure 10.  

Comparative Analysis of CNN, LSTM, and Transformer Machine Learning Models. 

 

Figure 10 shows the comparative performance metrics of CNN, LSTM, and Transformer models. According to the 

results, CNN reduced localization error by 18%, LSTM improved trajectory prediction accuracy to 82% and increased 

stability by 30%, while Transformer achieved 89% accuracy on test data and 85% accuracy during validation, although it 

exhibited limitations in scalability and energy efficiency. 
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5.3 Evaluation of the Effectiveness of the Developed Algorithms in Simulation and Real-World Environments 

In the third stage, the developed models were tested using 50 test scenarios in MATLAB/Simulink and Gazebo 

environments. Reinforcement Learning (RL) methods improved obstacle avoidance efficiency by 85% and energy savings 

by 20%. However, computational costs increased by 30%. Field tests were conducted using Raspberry Pi 4 and NVIDIA 

Jetson Nano platforms. The UAV system was equipped with a 16-channel LiDAR, a high-precision GPS module, and a 6-

axis IMU. Data transmission to the ground station over a 5G connection resulted in a latency of 12 ms. 

As a result of model adequacy verification, the localization accuracy achieved RMSE = 0.15 m, the trajectory planning 

error was 5%, and algorithm's reliability in case of sensor failure reached 92%. These results demonstrate the high 

efficiency and practical applicability of the developed models. Figure 11 below shows the test results of the machine 

learning models for UAV systems. 

 

 
Figure 11.  

Test results of machine learning models for UAV systems. 

 

Figure 11 presents the key performance indicators of the developed models. While reinforcement learning methods 

improved obstacle avoidance efficiency to 85% and energy savings by 20%, computation overhead increased by 30%, and 

field tests demonstrated localization accuracy (RMSE) of 0.15 m, trajectory error of 5%, and reliability of 92%. 

 

6. Discussion of the Results of the Study 
The results of the study presented in Figures 10 and 11, as well as in Tables 5 and 6, demonstrate the effectiveness of 

integrating machine learning (ML) algorithms into UAV navigation systems. The improved localization accuracy (RMSE = 

0.15 m), trajectory planning error (5%), and system reliability (92%) can be explained by the use of CNN, LSTM, and 

Transformer architectures for multimodal sensor data fusion, as described in Section 5.2. Specifically, the CNN model 

contributed to reducing localization errors by 18% (Figure 5), while the LSTM network improved trajectory stability by 

30% under wind disturbances (Table 3). The Transformer model achieved the highest test accuracy (89%) but faced 

scalability and energy efficiency challenges (Table 4). 

Compared to existing approaches, such as traditional GPS and INS systems, the proposed ML-based methods exhibit 

significantly higher adaptability in dynamic environments (Figure 2). For example, the GPS + Visual SLAM hybrid 

systems reported by Zhang et al. [14] showed a localization accuracy improvement of 40% (Table 2), but the ML models 

developed in this study exceeded these results, particularly in obstacle avoidance efficiency (85%) and energy savings 

(20%) achieved through reinforcement learning (Figure 8). These findings align with prior works [10, 11], but also extend 

them by verifying performance in real-world scenarios using hardware platforms such as Raspberry Pi 4 and NVIDIA 

Jetson Nano (Section 5.3). 

Nevertheless, the study has inherent limitations. The applicability of the proposed algorithms is constrained by their 

computational complexity, which increased by 30% (Figure 8), and by memory consumption, particularly for Transformer-

based models (1024 MB as shown in Table 4). Additionally, reproducibility under varying environmental conditions 

remains a challenge due to the sensitivity of ML models to input data distribution shifts, which was also noted in other 

studies [18, 19]. The algorithms require high-quality sensor data (LiDAR, IMU, GPS) for optimal performance, which 

limits their use in low-cost UAV systems. 

Among the disadvantages, the study did not fully address the problem of long-term autonomous operation in GPS-

denied environments, and only 50 test scenarios were simulated (Table 5). Future work should include larger datasets, 

expanded testing in diverse environments, and exploration of lightweight ML models to reduce computational overhead. 

Looking forward, further development of this research could focus on improving the energy efficiency and scalability 

of Transformer-based architectures. Integrating federated learning and edge computing approaches [24, 25] may also 

enhance performance while reducing dependency on centralized processing. However, challenges such as ensuring system 

robustness against adversarial attacks and maintaining reliability in highly dynamic environments will need to be 

overcome. Experimentally, the integration of emerging technologies like 5G and fiber-optic distributed acoustic sensors 
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(Equation 5 in Section 2) presents promising directions but may require overcoming significant methodological and 

hardware constraints. 

The research was conducted within the framework of the program-targeted funding IRN No. BR249005/0224, titled 

“Development of innovative designs for the production and improvement of unmanned aerial systems for special purposes 

based on the technological infrastructure of a higher military educational institution” (Funding source: Committee of 

Science, Ministry of Science and Higher Education of the Republic of Kazakhstan). 

 

7. Conclusion  
1. Analyzing UAV navigation systems and identifying their limitations. This study identified the limitations of GPS, 

INS, and Visual SLAM systems, revealing their weaknesses in complex environments. GPS systems exhibited up to 

80% signal loss in urban areas, INS accumulated errors of up to 60% during prolonged operation, and Visual SLAM 

demonstrated 70% inaccuracies in complex textured environments (Figure 2, Table 2). These findings emphasize the 

inadequacy of traditional systems for autonomous UAV navigation in dynamic and uncertain conditions and justify 

the integration of machine learning (ML) approaches to overcome these challenges. 

2. Developing machine learning models for multimodal sensor data integration. Machine learning models based on 

CNN, LSTM, and Transformer architectures demonstrated significant improvements in UAV navigation 

performance. The CNN model reduced localization error by 18%, the LSTM network achieved 82% trajectory 

prediction accuracy and improved stability by 30%, while the Transformer model achieved 89% test accuracy and 

85% validation accuracy (Figure 5, Table 4). These results surpass traditional data fusion methods and can be 

attributed to the ability of deep learning architectures to effectively process and analyze multimodal sensor data. 

3. Evaluating the effectiveness of the developed algorithms in simulation and real-world environments. In 50 test 

scenarios conducted in MATLAB/Simulink and Gazebo environments, reinforcement learning (RL) methods 

enhanced obstacle avoidance efficiency to 85% and reduced energy consumption by 20%, although computational 

overhead increased by 30% (Figure 8). Real-world experiments using Raspberry Pi 4 and NVIDIA Jetson Nano 

platforms demonstrated localization accuracy with RMSE=0.15 m, trajectory planning error of 5%, and system 

reliability of 92% under sensor failure conditions (Table 6, Figure 11). These findings validate the practical 

applicability of the developed models and highlight their advantages over traditional methods, particularly in 

enabling autonomous UAV operations in dynamic environments. 
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