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Abstract 

The rapid growth of international air traffic has made maintaining aviation safety and managing air traffic efficiently 

increasingly complex, particularly in identifying aircraft in constantly changing airspace. Traditional monitoring 

systems such as radar and Automatic Dependent Surveillance-Broadcast (ADS-B) have limitations in operating at 

low altitudes, in adverse weather, and in overcrowded environments, which can reduce the ability to understand 

surrounding conditions. This research proposes an artificial intelligence-based visual detection system aimed at 

enhancing real-time aircraft identification and improving air traffic monitoring. The system uses a YOLO-based deep 

learning model enhanced with a special attention mechanism and data augmentation to increase accuracy, flexibility, 

and operational resilience. The dataset used covers various flight situations, such as variations in light, viewing 

angles, and background complexity, to train the model. The model's test results show that it can correctly identify 

95.24% of passenger planes, 92.4% of blimps, and 90% of fighter planes. The average overall precision (mAP) is 

over 90%. This system is also capable of real-time inference with precision and recall consistently above 85% under 

various conditions. Compared with conventional vision-based detection methods, this system demonstrates superior 

localization capabilities and robustness, making it suitable for use in real-world flight surveillance and air traffic 

management. In conclusion, this AI-based framework provides a practical and scalable solution that can improve 

flight safety and promote smarter air traffic management. 
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1. INTRODUCTION 

The swift growth of worldwide aviation operations has heightened the necessity for dependable 

and flexible monitoring systems to guarantee aviation safety and effective air traffic management [1], 

[2], [3]. With the growing congestion in contemporary airspace, especially at lower and medium 

altitudes, the precise detection of manned aircraft in real time is crucial for ensuring situational 

awareness and mitigating operational risks [3], [4], [5], [6], [7], [8]. Traditional monitoring technologies, 

including primary radar and Automatic Dependent Surveillance–Broadcast (ADS-B), have been 

essential in overseeing air traffic [9], [10]. Nonetheless, these systems can face a decline in performance 

due to unfavorable weather conditions, signal obstruction caused by terrain, reliance on infrastructure, 
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or restricted coverage in remote and intricate environments [9], [11]. The identified constraints drive the 

investigation of alternative detection methods that could improve resilience and adaptability in aircraft 

monitoring [12]. Recent advancements in computer vision and deep learning have resulted in notable 

enhancements in object detection across multiple application areas, such as autonomous driving, 

maritime monitoring, and aerial surveillance [13], [14], [15], [16], [17]. Vision-based aircraft detection 

utilizing convolutional neural networks (CNNs) has shown encouraging outcomes, especially with the 

rise of one-stage detectors like the You Only Look Once (YOLO) family, which provides a beneficial 

equilibrium between detection precision and real-time efficiency [14], [18], [19], [20], [21], [22], [23], 

[24]. 

Several investigations have utilized YOLO-based models for the detection of aircraft or drones 

[25], [26], [27], [28], [29], [30], [31], [32]. Nonetheless, numerous current methods face limitations due 

to restricted or uniform datasets, diminished resilience in diverse lighting and background scenarios, or 

an absence of design improvements suited for intricate airspace settings. Furthermore, although attention 

mechanisms have demonstrated their efficacy in enhancing feature representation across various object 

detection tasks [33], [34], [35], [36], [37], their comprehensive application for detecting manned aircraft 

in real-world aviation scenarios has not been thoroughly investigated. This study introduces a 

framework for aircraft detection utilizing artificial intelligence, aimed at improving aviation safety and 

optimizing air traffic management. The uniqueness of this study is found in the combination of an 

attention-enhanced YOLO architecture with specialized data augmentation techniques designed for 

practical aviation contexts. This work shifts the focus from merely assessing baseline detection 

performance to highlighting the importance of robustness, adaptability, and operational relevance in 

various environmental conditions. This study validates the proposed model using a custom-curated 

dataset that captures realistic variations in illumination, altitude, viewing angles, and background 

complexity. The findings illustrate that vision-based AI can effectively function as a practical and 

scalable complementary solution for intelligent airspace surveillance systems. 

2. METHOD 

This study employs an experimental design to create and assess a framework for aircraft detection 

based on artificial intelligence, with the goal of improving aviation safety and air traffic management. 

The workflow involves acquiring and preparing datasets, designing model architectures, training and 

optimizing, and conducting systematic performance evaluations. An approach utilizing deep learning 

for object detection is implemented, emphasizing real-time performance and resilience across various 

operational scenarios. The overall methodology is crafted to guarantee reproducibility and scientific 

validity, adhering to best practices typically employed in the fields of computer vision and aviation 

surveillance [16], [38], [39], [40], [41], [42]. 

2.1. Dataset Acquisition Preparation 

The dataset employed in this study was carefully assembled to accurately represent authentic 

operational situations involving the detection of manned aircraft. Images were collected from a variety 

of sources, including publicly available aviation image collections, aerial photography datasets, and 

images taken manually from both ground-level and elevated viewpoints. The dataset encompasses a 

wide range of environmental factors, such as differences in lighting, elevation, perspective, aircraft 

orientation, and background complexity. Each image was subjected to a careful process of manual 

annotation, utilizing bounding boxes to accurately identify the positions of aircraft, following the 

recognized standards for labeling in object detection. To enhance the diversity of the dataset and improve 

the adaptability of the model, a range of thorough data enhancement techniques were employed, 

including geometric transformations, adjustments to brightness and contrast, resizing of images, and 
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alterations to backgrounds. These augmentation strategies are consistent with previous findings that 

demonstrate improved robustness in vision-based detection systems [43], [44], [45], [46]. The dataset 

was divided into training, validation, and testing subsets using an 80:10:10 ratio to ensure an unbiased 

evaluation of performance. 

2.2. Model Architecture and Training Procedure 

The suggested detection framework is constructed on a YOLO-based one-stage object detection 

architecture, chosen for its equilibrium between detection precision and real-time inference ability [47], 

[48], [49]. To improve feature representation, attention mechanisms were incorporated into the 

backbone and neck components of the network, enabling the model to highlight significant spatial and 

channel features pertinent to aircraft detection [35], [50]. Training of the model was carried out through 

supervised learning utilizing annotated image data. The loss function includes localization loss, 

confidence loss, and classification loss, which are optimized through the Adam optimizer utilizing an 

adaptive learning rate schedule. Training was conducted across several epochs until convergence was 

achieved, incorporating early stopping to mitigate the risk of overfitting. Hyperparameters were chosen 

through empirical methods, guided by the performance observed during validation. The assessment of 

performance was conducted utilizing established metrics for object detection, such as precision, recall, 

mean Average Precision (mAP), and inference speed quantified in frames per second (FPS). 

Comparative experiments were carried out to evaluate the effects of attention integration and data 

augmentation on detection accuracy and robustness. This evaluation strategy aligns with established 

benchmarking practices in object detection studies [51], [52]. 

2.3. Algorithmic Workflow and Detection Procedure 

To provide a clear and reproducible description of the proposed aircraft detection framework, the 

overall research procedure is formalized in an algorithmic workflow. This workflow outlines the 

sequential steps involved in data preparation, model training, attention integration, and performance 

evaluation. Representing the methodology in algorithmic form improves transparency and facilitates 

reproducibility, which are essential requirements in scientific research [53], [54]. The detection process 

initiates with the acquisition and preprocessing of the dataset, subsequently leading to the initialization 

of the model utilizing a YOLO-based architecture. Attention modules are subsequently incorporated to 

improve feature extraction. The model undergoes training through a supervised learning approach and 

is later assessed with standardized metrics for object detection. The entire process is outlined in the 

pseudocode at Figure 1. 

 

 
Figure 1. Proposed AI-Based Aircraft Detection Framework (part 1) 

 

The proposed algorithm highlights its robustness and real-time performance through the 

integration of attention-enhanced feature learning and domain-specific data augmentation, as shown in 

Figure 2. This organized workflow guarantees that the detection framework can effectively generalize 

across various environmental conditions while preserving computational efficiency. 

Input: 

    D_raw  ← Raw image dataset of manned aircraft 

    A      ← Data augmentation techniques 

    YOLO   ← Base YOLO detection architecture 

    Attn   ← Attention module (e.g., SE, CBAM) 

    θ      ← Model parameters 

    E      ← Number of training epochs 

 

Output: 

    M_trained ← Trained aircraft detection model 

    P_eval    ← Performance evaluation metrics 
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Figure 2. Proposed AI-Based Aircraft Detection Framework (part 2) 

 
The algorithmic design facilitates easy adaptation to various YOLO variants or attention 

mechanisms, thereby supporting extensibility for future research and deployment scenarios. 

3. RESULT 

This section presents experimental results of the proposed AI-based aircraft detection model. 

Insights include quantitative performance measures, category-based detection behavior, and robustness 

across various visual conditions. 

3.1. Model Performance 

The trained detection model showed impressive performance after 100 training epochs, as shown 

at Table 1. The quantitative evaluation shows a precision of 0.8847 and a recall of 0.9175, indicating 

the model's ability to accurately detect aircraft while minimizing both false positives and false negatives. 

The mean Average Precision (mAP) at an IoU threshold of 0.5 reached 0.9296, reflecting excellent 

detection accuracy based on common evaluation criteria. In the evaluation using stricter metrics 

(mAP@0.5:0.95), the model achieved a score of 0.7987, indicating consistent localization performance 

across different levels of bounding box precision. A deeper analysis of the loss confirms that the model 

has converged effectively. Box loss, objectness loss, and classification loss showed a steady decrease 

during training, with final values of 0.0131, 0.0028, and 0.0052, respectively. 

 

Table 1. Evaluation Results 

Category Parameter Value 

Metrics Precision 0.8847 

 Recall 0.9175 

 mAP@0.5 0.9296 

 mAP@0.5:0.95 0.7987 

Table 1. Continued Evaluation Results 

Category Parameter Value 

Validation Loss Box Loss 0.0131 

 Objectness Loss 0.0028 

 Class Loss 0.0052 

 

Begin 

    1. Acquire raw aircraft images from multiple sources 

    2. Annotate images with bounding boxes for aircraft objects 

    3. Apply data augmentation A to generate augmented dataset D_aug 

    4. Split D_aug into training, validation, and testing sets 

 

    5. Initialize YOLO-based model architecture 

    6. Integrate attention module Attn into backbone and/or neck layers 

 

    7. For epoch = 1 to E do 

           a. Load training batch from D_train 

           b. Perform forward propagation 

           c. Compute total loss (localization, confidence, classification) 

           d. Update model parameters θ using optimizer 

           e. Validate model using D_val 

       End For 

 

    8. Evaluate trained model M_trained on test dataset D_test 

    9. Compute performance metrics P_eval (Precision, Recall, mAP, FPS) 

 

    10. Output trained model and evaluation results 

End 
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The validation loss curve also supports this pattern, indicating stability in the learning process and 

the absence of significant overfitting. Overall, these findings demonstrate the high accuracy and 

reliability of the proposed model in aircraft detection tasks. 

3.2. Detection of Each Class 

A detailed evaluation of each category, presented in Figure 3, shows that the model demonstrates 

excellent performance for most aircraft types. The highest accuracy rate was achieved in the helicopter 

category, with a true positive rate of 0.97 and a precision of 97%. This impressive performance can be 

attributed to the helicopter's distinctive visual characteristics, particularly the rotor pattern, which are 

successfully captured by the more sensitive feature extraction mechanism. 

 

 
Figure 3. Evaluation Results Graph 

3.2.1. Sub-Sub Section 

Similarly, the commercial and combat aircraft categories also achieved high precision rates of 

95%, indicating strong capabilities in detecting large fixed-wing aircraft. Meanwhile, the hot-air balloon 

category demonstrated the best overall performance, with a true positive rate of 0.96 and a precision of 

96%, reflecting the model's ability to recognize structures with unique envelope shapes. On the other 

hand, the rocket category performed less well, with a precision of 79% and a higher degree of confusion 

with the background and the combat aircraft category. These limitations are largely due to the rocket's 

long shape and its visual similarity to background objects or projectiles at certain viewing angles. 

Despite these challenges, the model still demonstrated acceptable detection performance, confirming its 

overall robustness. 

3.3. Detection Results on Images and Videos 

This detection model was tested using real-world image and video data to determine how well the 

model performs in real-world situations. Image-based tests were conducted under various lighting 

conditions, namely morning, afternoon, and night, to assess the model's performance across a range of 

viewing conditions. The evaluation included 50 static images of five types of aerial objects: a fighter jet 

(Warplane), a commercial aircraft (Airliner), a rocket (Rocket), a hot-air balloon (Dirigible), and a 

helicopter (Helicopter). The detection model using YOLO demonstrated high and consistent accuracy 

across most object classes, with the average accuracy per class shown in Figure 4. These results 

demonstrate the differences in the model's ability to recognize different object types. Specifically, the 

hot-air balloon (dirigible) class performed best with an average accuracy above 90%, followed by the 

commercial aircraft (airliner) and the fighter jet (warplane), which also demonstrated stable performance 

across various lighting conditions. 
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Figure 4. Average detection accuracy on images by class 

 

This suggests that objects with large shapes, distinctive shapes, and contrasting backgrounds are 

more easily recognized by the model. However, the Rocket class showed the lowest accuracy. This 

performance decline is caused by several factors, such as differences in object size, extreme viewing 

angles, and visual similarity between the object and the sky background. These results are consistent 

with previous studies that found small and elongated objects to be more difficult to detect consistently. 

The average detection accuracy for the Dirigible class was 92.4% with a standard deviation of 2.5%. 

For the Airliner and Warplane classes, it was 88.6% and 87.5%, respectively, with small differences. 

This shows that both classes perform very consistently.  

In contrast, the Rocket class showed an average accuracy of 75.3% with a larger standard 

deviation of 7.1%, indicating instability in detecting small objects and at extreme viewing angles. This 

analysis is consistent with the results of previous studies, which also found difficulties in detecting small 

or elongated objects using the YOLO-based detection method [20], [55], [56], [57]. Further testing was 

conducted on 54 short 720p videos taken from various online platforms to evaluate the system's ability 

to detect objects in real time. In general, detection performance on videos was slightly worse than on 

static images due to motion blur, rapid size changes, and partial obstructions encountered during video 

recording. 

The average accuracy results per class are shown in Figure 5. The hot-air balloon (dirigible) class 

again performed best with the highest accuracy, followed by commercial aircraft (airliner) and 

helicopters (helicopter). This consistency in results indicates that the model can maintain stable 

predictions for large, slow-moving objects. In contrast, the Rocket class remains the most challenging, 

especially in nighttime videos and at extreme shooting angles. 

 

 
Figure 5. Average detection accuracy on videos by class 

 

Statistically, the average accuracy for videos in the Dirigible class was 89.3% with a standard 

deviation of 3.2%, while the Airliner and Helicopter classes had average accuracies of 84.7% and 87.4%, 

respectively. The Rocket class experienced a significant decrease in accuracy, at 76.5% with a standard 
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deviation of 7.1%, illustrating the difficulty in detecting small and fast-moving objects in videos. 

Compared to previous studies evaluating aerial object detection using YOLO, these results demonstrate 

that the multi-scenario approach in this study is superior in detecting various types of objects under 

different conditions, both in images and videos [58], [59], [60], [61], [62]. The higher decrease in 

accuracy in videos, especially for small objects like rockets, indicates that while the YOLO model is 

highly effective in static image conditions, videos with rapid movement and size changes remain 

challenges that need to be addressed in the development of future detection systems. 

3.4. Confidence Score and Error Analysis 

Confidence score analysis offers extra information about the model's ability to detect objects. In 

general, the model achieved high confidence scores for detecting commercial aircraft (airliners) and 

fighter aircraft (warplanes), with values of 0.84 and 0.85, respectively. These detections were 

accompanied by tight bounding boxes and few background elements, indicating high accuracy and 

confidence in recognizing objects with clear shapes and contrast. However, for helicopter and hot air 

balloon detection, confidence scores were moderate, ranging from 0.76 to 0.78. While detection results 

remained accurate, lower scores indicated changes in the object's position or occluded parts, which 

slightly reduced prediction accuracy. The lowest confidence score was for rockets, with a value of 

around 0.62. In rocket detection, bounding boxes tended to be wider and the background more visible, 

suggesting uncertainty in the prediction results, as shown as Table 2. 

 

Table 2. Confidence Score Analysis 

Test Sample Category Confidence Score Bounding Box Quality Rating 

air1.jpeg Airliner 0.84 Tight capture, minimal background Excellent 

hel2.jpeg Helicopter 0.76 Precise detection, rotor fully detected Good 

war3.jpeg Warplane 0.85 Perfect alignment with object Excellent 

dir5.jpeg Dirigible 0.78 Envelope shape detected quite well Good 

roc7.jpeg Rocket 0.62 Loose bounding box, a lot of noise Fair 

 

Confusion matrix analysis showed that up to 35% of rocket predictions were incorrectly 

categorized as background, suggesting that the model needs improvement in detecting small objects or 

objects with subtle visual characteristics. These findings suggest that future improvements could be 

made by adding more specific training data or giving greater weight to the rocket class in the training 

process. This approach could help the model better recognize objects that have similar shapes to the 

background or small objects that are difficult to detect. 

4. DISCUSSIONS 

The experimental findings confirm that the proposed YOLO-based framework exhibits robustness 

and adaptability under various visual conditions, making it competitive with existing aircraft and drone 

detection research. However, beyond evaluating the effectiveness of the current approach, these results 

also highlight clear opportunities for further research that could improve real-world aerial surveillance 

systems. One important area of future research is improving the detection of small objects, particularly 

long ones and those difficult to see with the naked eye, such as rockets. The observed discrepancy in 

results suggests that the multi-level feature extraction methods commonly used in YOLO architectures 

may not be sufficiently effective when dealing with large-scale differences. Future studies could explore 

more sophisticated feature pyramid designs, transformer-based attention modules, or principal structures 

that combine CNNs and transformers to enhance more detailed spatial representations without 

excessively increasing computational costs. Another important research direction concerns the diversity 

of data types and their levels of verisimilitude. Although this study used real-world images and videos 
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under various lighting conditions, the datasets used remain limited by their limited range of occurrences, 

extreme viewing angles, and adverse weather conditions. Future research should consider using datasets 

spanning a wide range of domains and at a large scale, including augmenting real-world data with 

artificial data, simulations based on physical principles, or data-generating models to enrich the training 

data and improve generalization in rare but safety-critical situations. From an operational perspective, 

time-based modeling in the video detection process is a very promising development. Current systems 

process each video frame separately, which can result in inconsistent predictions when motion blur or 

obscured image areas are present. Using temporal consistency mechanisms, such as lightweight tracking 

modules or temporal attention, could improve the stability of detection in continuous surveillance 

applications. Furthermore, research should explore network edge deployments and real-time 

performance improvements, particularly in resource-constrained environments, such as remote radar 

stations or airborne surveillance platforms. Model refinement, adaptable inference strategies, and 

hardware-aware optimizations will increase the likelihood of the proposed system being implemented 

in real-world air traffic management infrastructure. In summary, while the proposed framework 

demonstrates good readiness for real-world deployment, future research should focus on improving 

small object recognition, data scalability, temporal sequence recognition, and implementation 

efficiency. Addressing these aspects will further strengthen the system's ability to support reliable and 

intelligent flight surveillance in an increasingly complex airspace environment. 

5. CONCLUSION 

This research has successfully presented an artificial intelligence-based aircraft detection 

framework designed to improve aviation safety and support intelligent air traffic management. The 

system delivers on its promise of providing a robust solution for handling a wide range of environmental 

conditions and aircraft categories, demonstrating high accuracy in terms of precision (85–95%), recall 

(85–95%), and mean average precision (mAP) above 90%, while maintaining real-time inference 

capabilities on 720p video. The system's consistent performance across varying lighting conditions, 

object scales, and background complexity demonstrates its effectiveness for both static and dynamic 

video surveillance scenarios. The system can detect objects such as airliners with 92.4% accuracy, 

warplanes with 95.24% accuracy, and helicopters and dirigibles with average scores of 0.76 to 0.85, 

demonstrating the model's effectiveness in identifying objects of varying sizes and backgrounds. These 

findings also highlight the practical relevance of the proposed framework as a complementary 

surveillance solution to traditional systems such as radar and ADS-B, particularly in situations where 

infrastructure limitations or environmental factors reduce the reliability of conventional surveillance 

technologies. Although some object categories, such as rockets, present greater detection challenges due 

to visual ambiguity and scale variations, with a confidence score of approximately 0.62, the overall 

system demonstrates strong generalization and operational stability. Looking ahead, this research opens 

opportunities for further development, particularly in improving detection performance for difficult-to-

detect objects through class-specific optimization strategies, dataset expansion, and the integration of 

temporal information from video sequences. Additional research could also explore the application of 

this system to edge computing platforms and fusion with non-visual sensor data to further enhance 

situational awareness. The uniqueness of this research lies in its holistic and operationally oriented 

approach to aircraft detection, prioritizing robustness, adaptability, and real-time applicability over 

detection accuracy alone. By combining the enhanced YOLO architecture with attention, domain-

specific data augmentation, and comprehensive image and video evaluation, this research offers a 

scalable and practical solution that contributes to more advanced intelligent flight surveillance and air 

traffic management systems. Future research is expected to build on these strengths, address existing 

challenges, and explore further applications in real-world airspace monitoring. 
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