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The publication presents a pilot assistance system that is based on video camera frames and uses the developed 3AFPBB-
YOLO artificial neural network model. The model is able to determine the relative location of other aircraft in the vicinity of an 

aircraft equipped with this system. Current solutions, the model development process, training, validation, and testing are presented. 

In the development process, different types of solutions as well as sizes of detection models were tested. In addition, the model 
inference time with the use of a single-chip mini-computer was examined. The developed model has better values of metrics compared 

to other solutions. A number of tests were conducted both using a ground station and actual use of the system in flight. The tests 

conducted using the ground station and the auxiliary hyper-inference algorithm showed that the effective distance from which the 
model is able to detect an aircraft is 705.09 m. At a fixed distance, the model's effectiveness is 90.14%. In the flight test using the 

auxiliary tracking algorithm, the model's effectiveness was 100%. The developed model is capable of real-time inference. 
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1. Introduction 

Aircraft collisions may result from the intensifying air traffic brought on by aviation's progress. It 

gets harder to control air traffic and keep safe distances between aircraft as the number of aircraft using the 

airspace grow. Increased traffic raises the possibility of crashes during takeoff and landing operations, both 

on the ground and in the air. Maintaining flight safety in general aviation requires a thorough situation 

awareness of the surrounding environment. Therefore, it is becoming necessary to implement advanced air 

traffic management systems that help monitor aircraft positions and alert pilots to potential dangers. Such 

solutions include: 

• TCAS - Traffic Collision Avoidance System (Tang, 2017); 

• ADS-B - Automatic Dependent Surveillance-Broadcast (Yang et al., 2023); 

• On-Board RADAR (Maas et al., 2020); 

• Systems using aviation communication network (Džunda et al., 2022). 

TCAS is a popular and effective method for reducing the likelihood of aircraft collisions. This tools 

are actually a family of airborne equipment that operate independent of the ground-based air traffic control 

(ATC) system. TCAS version II provides traffic advisories as well as resolution advisories, which can 

include recommendations for escape maneuvers. The main components of the device are the computer unit 

and the transponder. The computer unit is responsible for processing sensor data and controlling the 

collision avoidance logic. Transponder is responsible for communication - receiving and transmitting 

signals. The on-board device does not make decisions on its own but only displays a suggestion to pilots 

(Federal Aviation Administration, 2011; Tang, 2017). Another method that makes flight surveillance 

possible is ADS-B. Its foundation is the usage of a device that tracks its location by satellite navigation or 

other sensors, then broadcasts that position and other relevant data on a regular basis to allow for tracking. 

The information can be received by ATCs or satellite-based receivers (Yang et al., 2023).  

Even though the majority of light aircraft have Global Position System (GPS) receivers, their pilots 

are unable to determine the location of other flying objects that are in close proximity to them. Light 

airplanes usually do not have the anti-collision system installed. Only a small percentage of them use the 

more recent ADS-B technology to track the positions of other aircraft in their vicinity (Džunda et al., 2022). 

One solution that can assist pilots is Frequency Modulated Continuous Wave (FMCW) radar. This 

device is responsible for creating a continuous signal whose frequency varies relative to a central value. 

Radar sends out a signal, which is reflected off the surfaces of objects in its vicinity and is then received by 
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antennas. Based on the differences that occur between the transmitted and received signals, delay 

calculations can be made and the distance can be determined from them. Using this method, it is possible 

to determine the distance to the target and the radial velocity of the target. FMCW radars are not expensive, 

due to the reading of lower frequencies, energy consumption is much lower than that of pulse radar. By 

using FMCW radar, the object the vicinity of an aircraft can be taken into account to predict other aircraft, 

where any conflicts occurring between the speed of one's own aircraft and the routes of other aircraft can 

be noted at an earlier stage of forecasting (Fursich et al., 2016; Maas et al., 2020). 

(Džunda et al., 2022) presented a concept for an Anti-Collision System for Small Civil Aircraft that 

operates on the premise that all flying objects are part of the aviation communication network and send 

positional information. Another premise is that that the communication network must be synchronized, as 

well as each user has a specific time in which information transmission must be made. The system is based 

on determining the unknown point 𝑃𝑢𝑛 based on knowledge of the location of a minimum of four other 

points and their distance to 𝑃𝑢𝑛. 

Artificial neural network (ANN) models are used in a wide range of fields, from signal processing 

(Kulisz et al., 2024) to object detection (Kateb et al., 2021) through generative models (Rombach et al., 

2021). Therefore, in order to increase air traffic safety, it was decided to develop a solution that would 

provide pilots with information regarding the location of other aircraft that are in their vicinity. The 

discussed solution is aimed at use in light aircraft for training and tourism purposes. The solution is based 

on the use of a video camera placed on the aircraft. The frames from the camera are analyzed by an artificial 

neural network model, which is based on the YOLO architecture. A light airplane, at a great distance from 

the camera is represented by a few pixels for this reason in the architecture it is necessary to use solutions 

that will allow the detection of such objects, while keeping in mind that model must inference in real-time. 

Therefore, the model architecture uses P2-level features along with Neck in the form of AFPN. The 

developed model was named 3AFPBB-YOLO. The described solution can help locate other aircraft without 

the need for each one to have the right device. 

1.1. Overview of You Look Only Once (YOLO) architecture 

The Yolo family models share a similar architecture, with the three primary parts — the Head, Neck, 

and Backbone — distinguishable in each instance. Depending on the YOLO model version, each of these 

components is in charge of a distinct kind of activity and has a variable number and types of layers that 

contribute to it. The foundation of Backbone is the idea of receptive cells in each case. The yolo models 

typically use feature levels from 1 to 5 {𝑃1, 𝑃2, 𝑃3, 𝑃4, 𝑃5}, with the standard version using data from levels 

3-5 {𝑃3, 𝑃4, 𝑃5}. The designation 𝑃𝑛  specifies the stride 𝑠  (the element number used to move the filter 

throughout the input tensor) for the output of a given block, such that 𝑠 = 2 ∙ 𝑛𝑝, where 𝑛𝑝 is the tuple 

(𝑛, 𝑛) for a given 𝑃𝑛, and the ∙ operator denotes element-wise multiplication. The features gleaned from the 

various levels of the backbone model are combined by the Neck. The YOLOv8 architecture uses Neck in 

the form of a Feature Pyramid Network (FPN). The last component is Head, which is responsible for the 

final predictions in the form of bounding boxes and classes including confidence scores (Tan et al., 2020; 

Terven and Cordova-Esparza, 2023). A schematic of the simplified architecture of the yolov8 model is 

shown in Figure 1. 

 

 

Figure 1. Schematic of the simplified architecture of the yolov8 model 
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The main building block that is used in the yolov8 architecture is a fast implementation of cross-

stage partial bottleneck with two convolutions — denoted as C2f. This block is used in Neck without the 

usage of residual connections, however in Backbone it is utilized with residual connections for the 

bottleneck. The first element used in this block is the convolution layer, which output is tensor 𝑋𝑐 with 

dimension 𝐶 × 𝐻 × 𝑊, where: 𝐶 - the number of channels, 𝐻 - the height of the image, 𝑊 - the width of 

the image. The dimension B corresponding to the batch was omitted for simplicity. Tensor 𝑋𝑐 is divided in 

half with respect to dimension C, by which two tensors of dimension 
𝐶

2
× 𝐻 × 𝑊 are obtained - 𝑋1 and 𝑋2. 

Tensors 𝑋1 goes through a Bottleneck block (2 consecutive convolutional layers with a kernel of size 3 × 3 

and stride equal to 1 × 1), the number of Bottlenecks is 𝑛 and for each of them, depending on the place of 

occurrence, a residual connection can be used. The data from each of the 𝑛 Bottlenecks are concatenated 

with the 𝑋2 tensor by channel dimension 𝐶. The merged tensors pass through the convolution layer which 

results in the output tensor 𝑌 of C2f block. 

1.2. Overview of solutions used for small objects detection 

Detection of very small objects in images is a topic often covered by researchers. In most cases, 

introduced solutions to detection model architectures are associated with an increase in model parameters, 

and hence the need for computing power, which increases the inference time. The solution developed by 

(Tong and Wu, 2024) is based on the use of two new blocks in the YOLO model architecture. These blocks 

are reparametrized module with channel shuffle and multi-scale feature enhanced convolution. The use of 

these blocks allowed to increase the mAP50 metric relative to the base model by 0.3 in the case of model 

size n and m. For model size s, this metric was reduced by 0.1. However, in each of these cases, the 

introduction of the blocks in question was associated with an increase in inference time. Similar results 

were obtained by (Hu et al., 2023), the improvement of model metrics was associated with a significant 

increase in the number of parameters and an increase in inference time. The one developed by (Huo et al., 

2021), unlike the presented research, is not based on the YOLO architecture, but uses a modified U-NET 

architecture for detection of very small objects. The solution achieves a faster inference time of 25FPS 

relative to the baseline YOLOv4 model, which achieved an inference time of 22FPS with much worse 

metrics. The solution presented was optimized only for the detection of small objects, not objects at 

different scales. It should be noted that in this publication the emphasis is not only on the detection of small 

objects, but on the detection of objects at various scales from very small to large, due to the need to locate 

aircraft both very distant and those in close proximity. For this reason, the following part of the article will 

analyze methods that allow the detection of small objects, as well as reduce computing power requirements 

due to the fact that the pilot information system must operate in real time. 

Researchers (Zhai et al., 2023) proposed improving the YOLO architecture with an additional 

branch for processing features from P2. In YOLO models, the standard size of the input image is equal to 

640 ×  640px, therefore the size of the feature maps in 𝑃2 is 160 × 160px, and a single detection cell has 

a size of 4 × 4px relative to the input frame. By having a high density of feature detection cells from the 

𝑃2 level, it makes it possible to detect small objects with high precision, since each element of the feature 

map can represent a small part of the image. In each subsequent level, the detection cells are responsible 

for detecting larger and larger objects. Therefore, the architecture of yolo models using features from 𝑃2 

should do well in detecting both very small and large objects. This solution allowed to achieve micro-target 

identification. Features from this level were incorporated into Neck with FPN structure. Features from P2 

were concatenated with up-sampled features from the lower level layers {𝑃3, 𝑃4, 𝑃5}, and thus passed on to 

the second step in Neck. The researchers also added an additional Head to detect micro-sized objects. The 

P2 layer detection Head may successfully decrease the negative impacts of scale variance when combined 

with the original detection head. This solution has improved the identification of small objects by using 

both features from P2 and adding Head, but such a solution translates into increased computing power 

requirements as well as memory overhead. 

A solution that can allow reducing the number of parameters in Neck while maintaining or even 

improving the overall metrics of the model is the Asymptotic Feature Pyramid Network (AFPN) structure. 

This solution allows to reduce the parameters of the model and thus reduce the need for computing power 

and memory (Yang et al., 2023). The Adaptively Spatial Feature Fusion (ASFF) block can be used in the 

AFPN. This block is responsible for scaling tensors from other levels. In the case of up-sampling, a 

convolution layer with a 1x1 kernel is applied in order to compress the 𝐶 dimension of the tensor, and then 

linear interpolation is used. For downsampling, depending on the level, a convolution layer or a convolution 

layer with max-pooling operation is used. The tensors are scaled to the 𝐻 × 𝑊  dimension from the 



Transport and Telecommunication Vol. 26, no.2, 2025 

106 

corresponding P level from the Backbone (Liu et al., 2019). The principle of AFPN with ASFF block is 

shown in Figure 2. 

 

 

Figure 2. AFPN with ASFF block 

Another noteworthy solution is the use of a preprocessing and postprocessing algorithm — Slicing 

Aided Hyper Inference (SAHI). This algorithm allows dividing a high-resolution image into smaller 

overlapping fragments (slice). Each slice is separately analyzed by the model, allowing increased efficiency 

for small objects. The solution also removes duplicates in the case of overlapping fragments (Akyon et al., 

2022). A diagram of the operation of the algorithm in question is shown in Figure 3. 

 

 

Figure 3. Schematic of the SAHI algorithm (Akyon et al., 2022) 

2. Materials and methods 

The Yolo family of model architectures for object detection was the subject of the investigation. The 

Yolov8 model was chosen in order to assess its efficacy and make necessary adjustments. The primary goal 

of the study described in the article is to create and refine the architecture so that the model can infer at a 

frequency of at least 25Hz and with adequate accuracy on a device like a single-board computer. 

The model was examined and validated using a subset of the MS COCO 2017 (Lin et al., 2014) set, 

specifically the aircraft-containing photos with annotations. Additionally, a mosaicking procedure was used 

to include the AVOIDDIS (Smyers et al., 2023) set to the dataset. An example of the application of a 

mosaicking operation on an AVOIDDIS data set is shown in Figure 4. 
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Figure 4. An example of the application of a mosaicking operation on an AVOIDDIS data set 

First of all, different sizes of the standard yolov8 and yolov8 using features from 𝑃2 models were 

tested. Based on the tests, the optimal model size was determined. The models were compared with each 

other using metrics in the form of total number of parameters, theoretical computing power requirements 

expressed in Giga Floating-Point Operations Per second (GFLOPs), Average Precision (AP) metric for 

Intersection over Union (IoU) threshold greater than 50 and in the variable range of 50-95, F1-score, 

Precision, Recall and inference time and Frames Per Second (FPS). The IoU metric is defined as the 

quotient of the co-part of bounding boxes from the model's prediction and bounding boxes ground truth 

and their union. The IoU is schematically depicted in Figure 5. 

 

 

Figure 5. Schematic representation of the IoU 

Both Precision 𝑀𝑃 and Recall 𝑅𝑃 metrics require True Positive (TP) values, which in the case of 

object detection occur if the IoU metric for a given bounding box is greater than 0.5, otherwise False 

Positive (FP) occurs. False Negative (FN) occurs when the model has not predicted a given ground truth 

bounding box at all. The metrics discussed are represented by Equations 1 and 2. 

𝑀𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
. (1) 

𝑀𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
. (2) 

The F1 metric used is the harmonic mean of Precision and Recall and is defined by Equation 3. 

𝑀𝐹1 = 2 ∙
𝑀𝑃∙𝑀𝑅

𝑀𝑃+𝑀𝑅
. (3) 
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The AP metric was used due to the presence of only one class in the entire data set. This metric 

defines the area under the Precision-Recall curve — Equation 4. 

𝐴𝑃 = ∫ 𝑀𝑃(𝑀𝑅)
1

0
. (4) 

The metrics presented were used to determine the optimal size of the model and allowed the 

development of an improved model architecture – 3AFPBB-YOLO. The modified version of the 

architecture features better metrics as well as maintaining a correspondingly small inference time. 

The developed model was tested in 3 different types of tests. The first tests focused on determining 

the maximum distance from its model is able to detect an aircraft. The main focus of the second test was to 

test the effectiveness of the model to locate an aircraft when the distance is fixed. The last test was an actual 

test — recording the aircraft's flight from a camera installed on another aircraft. All tests were conducted 

on a PZL-110 Koliber 150 aircraft. A photo of the Koliber 150 aircraft is shown in Figure 5. 

 

 

Figure 5. Photo of the Koliber 150 aircraft 

The first 2 tests were carried out using a ground station and a device installed in the aircraft, which 

allows the collection of information regarding its geographical position. The data from the ground station 

as well as from the on-board unit are synchronized with each other using exactly the same real-time server, 

which allows them to be correlated. A photo of the on-board unit as well as the ground station is shown in 

Figure 6. 

 

a) b) 

  

Figure 6. a) Photo of the on-board device, b) Photo of the ground station 

In the third test, a video camera was installed on the PZL-104 Wilga-35A aircraft. This allowed to 

make a recording of the Koliber 150 aircraft in flight. The camera was installed on the wing of the aircraft. 

A photo of the aircraft in question with the installed camera is shown in Figure 7. 
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Figure 7. Photo of PZL-104 Wilga-35A aircraft with camera installed 

3. Training and validation 

The yolov8 models in medium (m), small (n) and nano (n) sizes, in both standard and feature 

versions with 𝑃2, were trained and validated on the data set in question. The study showed that in each case 

the models with features from 𝑃2 had better metrics. As expected, the best metrics were shown by the model 

in the largest size – medium with 𝑃2 . The model achieved an F1-score of 0.87. Models using 𝑃2  have 

significantly higher theoretical computing power requirements expressed in Giga-Floating Point Operations 

Per second (GFLOPs) relative to the version without features from 𝑃2 , which translates into longer 

inference times. For example, the model with features from 𝑃2 achieved an inference time of 10.99FPS 

with 97.9GFLOPs, while the model without this improvement achieved 15.08FPS with 78.7 GFLOPs. A 

summary of the discussed metrics obtained in the learning process is presented in Table 1. 

Table 1. Comparison of model metrics obtained from the training process 

Model Parameters GFLOPs mAP50 mAP90 F1-score 

Yolov8m 25840339 78.7 0.7683 0.5754 0.79 

Yolov8m-p2 25034292 97.9 0.8453 0.6494 0.87 

Yolov8s 11125971 28.4 0.7661 0.5469 0.79 

Yolov8s-p2 10626708 36.6 0.8330 0.6150 0.86 

Yolov8n 3005843 8.1 0.7449 0.5041 0.78 

Yolov8n-p2 2921172 12.2 0.8150 0.5720 0.84 

3AFPBB-YOLO (my) 10103441 31.3 0.8360 0.6210 0.86 

 

During the training process, the best metrics were obtained by the Yolov8m-p2 model, which has 

the second largest number of parameters, and the largest theoretical computing power requirements. Models 

with a large number of parameters may be prone to the phenomenon of overfitting. Therefore, a more 

detailed analysis of the parameters will be presented on the metrics obtained from the validation set. 

Tests of metrics on the validation set were also carried out, which also included determination of 

inference time on a cost-efficient and power-efficient Jetson Xavier NX single-board mini-computer 

(Jabłoński et al., 2022). The tests were conducted without additional optimization of the models for the 

hardware architecture, so the inference time results are based on PyTorch graphs (PyTorch, 2024). Table 2 

shows the metrics obtained in the validation process.  

Table 2. Comparison of model metrics obtained from the validation process 

Model mAP50 mAP90 Precision Recall 
Inference 

time [ms]* 
FPS ** 

Yolov8m 0.826 0.681 0.975 0.664 62.1 15.08 

Yolov8m-p2 0.891 0.733 0.973 0.791 86.8 10.99 

Yolov8s 0.819 0.65 0.97 0.654 29.4 30.08 

Yolov8s-p2 0.886 0.702 0.968 0.783 38.9 23.20 
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Continuation of Table 2 

Model mAP50 mAP90 Precision Recall 
Inference 

time [ms]* 
FPS ** 

Yolov8n 0.815 0.614 0.965 0.647 12.4 61.58 

Yolov8n-p2 0.875 0.661 0.954 0.769 19.6 42.99 

3AFPBB-YOLO (my) 0.891 0.727 0.964 0.795 35.8 27.9 
* Preprocessing and postprocessing times were not included in the inference time. The study shows that the average pre-processing 
time will be 1ms, while the post-processing time will be 3.2ms. 

** A post- and pre-processing time of 3.2ms was added to the calculation of the average FPS. 

 

The study shows that the optimal frame rate (~25FPS) range includes small size models, of which 

the model using 𝑃2 features has much better metrics than the standard yolo model architecture. This is due 

to the fact that in most images the objects the model is designed to detect are quite small. For this reason, a 

modified architecture of the yolo model was developed - 3AFPBB-YOLO. The architecture of the 

developed model is based on the AFPN solution with a modified Basic Block. According to a study 

conducted by (Yang et al., 2023), the use of AFPN translates into a reduction in the number of model 

parameters while maintaining or improving model performance. A detailed description of the architecture 

is presented in the section 3.1. Architecture, training and validation – 3AFPBB-YOLO. 

The main assumption for model selection was the inference time on the Jetson Xavier NX must be 

greater than 25FPS while maintaining the best possible mAP50 metric. The Yolov8m, Yolov8m-p2 and 

Yolov8s-p2 models do not meet the basic assumption regarding inference time. The models in question are 

characterized by a large number of parameters and computational complexity, and therefore their inference 

time is longer, but they are characterized by a high value of the mAP50 metric. All tested models with the 

use of P_2 level features are characterized by increased inference time. Therefore, in order to reduce the 

inference time and to improve the metrics, a modification of the architecture was applied in the form of 

Neck of AFPN architecture with modified Basic Block and including features from level 𝑃2 . The 

combination of this solutions, allowed the mAP50 metric to achieve the same level as the Yolov8m-p2 

model, with an almost 60% decrease in the number of parameters and theoretical computing power 

requirements. In addition, the inference time of the developed model for processing one frame is 35.8ms, 

while for the Yolov8m-p2 model this time is equal to 62.1ms, which translates into a 42.32% reduction in 

inference time. The developed solution is also characterized by the highest value of the Recall metric among 

all the tested solutions. Compared to models of the same size - small, the developed solution has 0.076 

more mAP50 metrics than the standard yolo model with a decrease in inference time of only 6.4ms. 

Compared to the yolov8s-p2 model, the inference time of the developed solution is faster by 3.1ms while 

reducing the number of parameters by about 5%. A visual comparison of the models is shown in Figure 8. 

In Figure 8, the size of the markers is proportional to the number of parameters of a given model. 

 

Figure 8. Visual comparison of models 
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3.1. Architecture, training and validation – 3AFPBB-YOLO 

Due to the fact that the yolov8s-p2 model infer at a lower speed than the standard yolov8, it was 

decided to introduce an improvement in the form of AFPN using 3 stages. This solution is based on the use 

of ASFF blocks, which for the purpose of this solution were modified with Basic Block (ASFF-BB). An 

ASFF block in 3 stages is used, this means that in the first stage 2 ASFF blocks process data from 𝑃2 and 

𝑃3, in the next stage features from 𝑃4 are added, and in the last stage together all previous levels and the 𝑃5 

level features are processed. In each of these cases, new ASFF-BB blocks are added. 

Basic Block is the block in which the input tensor 𝑋 is the output tensor from ASFF, it is processed 

sequentially through the convolution layer, the batch normalization layer, the activation function in the 

form of SiLu, again the convolution and batch normalization layers. After which, the 𝑋 tensor (residual 

connection) is added to the output tensor from the operation in question, and the SiLu activation function 

is used in the final step. A diagram of the architecture of the 3AFPBB-YOLO model including BB is shown 

in Figure 9. 

 

 

Figure 9. Simplified diagram of the architecture of the 3AFPBB-YOLO model 

The developed model was trained on exactly the same data set as previous models. In the learning 

process, for 130 epochs the model used mosaic augmentation, and for the last 20 epochs the images were 

fed without mosaic augmentation. This increased the mAP50-95 from 0.563 to a level of 0.727 in case of 

training procedure. The exact changes in the value of the loss functions as well as the metrics per epoch are 

shown in Figure 10. 

Based on Figure 10, it can be observed that the exclusion of mosaic augmentation for the last 20 

learning epochs allowed the gradient to stabilize, which translated into a firm increase in the mAP50-95 

metric, and a slight increase in the other metrics. In the case of the validation set, the value of the loss 
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function for classes was reduced, and there was a slight decrease in the value of the box loss. Thus, the 

learning method used allowed, in the initial stages, the detection of multiple objects in a single image, thus 

increasing the diversity of the data, and thus increasing the generalization ability of the model. In the last 

20 epochs, the mosaic augmentation was turned off which allowed the model to focus on precise object 

localization and allowed the gradient to stabilize. 

 

 

Figure 10. Changes in the value of the loss functions and the metrics per epoch 

The developed model architecture has fewer parameters and GFLOPs than the architecture using the 

standard solution in Neck with the application of features from 𝑃2. Above the solution allowed to obtain 

larger values of mAP50 and mAP90 relative to the previously presented small size models. In addition, the 

value of the mAP50 metric is the same as for the medium size model, and the value of the Recall metric is 

higher.  

The system adopted a frame-by-frame analysis method, due to the fact that the aircraft detection 

system requires the model to detect the aircraft as quickly as possible. Analyzing a sequence of frames 

could reduce the complexity of the entire solution and negate the need to use other auxiliary algorithms, 

but this would increase the decision time, and could also translate into an increase in computing power 

requirements due to the need to store a sequence of frames in memory. Even in the case of analyzing short 

sequences of frames, the phenomena presented would take place, and in addition, hidden states would have 

to be stored between sequences to preserve temporal context. 

The developed model analyses frames from a video camera, which are scaled to 640x640px 

resolution because of this, in the case of distant objects, after applying the scaling operation, information is 

lost that could allow identification of the aircraft. For this reason, in order to improve, a modified version 

of the SAHI algorithm was used, which allows inference using a batch greater than 1. 

4. Results 

This section presents the results obtained from the previously described tests. The effectiveness of 

the models with auxiliary algorithms is defined as the percentage of correct predictions 𝐸𝑝 in the entire test. 

𝐸𝑝 is represented by Equation 5. 
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𝐸𝑝 =
𝐶𝑃(𝐹)

𝐹𝑛
∙ 100%, (5) 

where: 
 

𝐶𝑃(𝐹) = {
1 for correct prediction
0 for wrong or lack of prediction

, 

𝐹 – frame from the video; 

𝐹𝑛 – number of frames in the video; 

 

The haversine formula D - equation (6) was used to calculate the distance between the base station 

and the aircraft. 

𝐷(𝜑1, 𝜑2, λ1, λ2) = atan2(√𝑎, √1 − 𝑎) ∙ 𝑟, (6) 

where: 

𝑎 = sin2 (
Δ𝜑

2
) + cos 𝜑1 ∙ cos 𝜑2 ∙ sin2 (

Δλ

2
)  

𝜑 – latitude; 

λ – longitude; 

𝑟 – mean Earth radius [m]. 

 

The first test examined the maximum distance from which the model is able to detect an aircraft. 

The second test was conducted at the airport in Radawiec (Poland) using a ground station and an on-board 

device. The main objective of the first test was to determine the effective distance from which the model is 

able to return consistent predictions. The model by itself was not able to determine the location of the 

aircraft quite well, so it was decided to use the SAHI algorithm. Consistent predictions are defined as 

consecutive correct predictions where the determination of the next position does not occur later than 1s 

(25 frames). The first correct prediction occurred at a distance of 1030.18m, but it was not consistent due 

to the fact that jittering occurred and as the aircraft approached the ground station the model was unable to 

determine its position. The sequence of consistent prediction started from a distance of 705.09m. The values 

in question are shown in Figure 11, while Figure 12 shows superimposed 2 frames from the video with first 

prediction and first consistent prediction. 

 

 

Figure 11. Visualization of geographic locations for the first test 
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Figure 12. Two frames from the video with first prediction and first consistent prediction 

The second test examined the model's ability to locate the aircraft at a fixed distance. The aircraft 

was at an average distance from the ground station of 625.75 ± 17.60m (without taking into account the 

altitude of the aircraft). The trajectory of the aircraft as well as the location of the ground station are shown 

in Figure 13. 

 

Figure 13. The trajectory of the aircraft and location of the ground station 

Again, the detection performance of the algorithm alone is poor due to the small object size. The SAHI 

algorithm was used to improve efficiency. The model together with the auxiliary algorithm achieved an 𝐸𝑝 

efficiency of 90.14%. Examples of model prediction with the SAHI algorithm are shown in Figure 14. 

 

 

Figure 14. Examples of model prediction with the SAHI algorithm 
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In the third test, using the developed 3AFPBB-YOLO algorithm only, a model efficiency of 79.80% 

was obtained on the footage taken from the Wilga 35A aircraft, which translates into 139 frames where the 

model failed to detect the presence of another aircraft. Example frames from the recording using the 

discussed model are shown in Figure 15. 

 

 

Figure 15. Example frames from the recording 

However, the obtained efficiency is a satisfactory result, which allows the application of additional 

improvements such as the use of Bounding-box Tracking with Sort (BoT-SORT) algorithm. The algorithm 

is based on the Kalman filter to predict the position of an object in subsequent frames. The Re-ID with 

Hungarian algorithm is also used to match objects (Aharon et al., 2022). By applying the tracking algorithm 

to the footage of a flying aircraft, the efficiency of the developed solution of 100% was achieved for this 

case. The algorithm detected the aircraft on every frame from the recording. An example of the model 

inference and the use of the BoT-SORT algorithm is shown in Figure 16. 

 

 

Figure 16. Example of the model inference and the use of the BoT-SORT algorithm 

5. Conclusions and future works 

The 3AFPBB-YOLO artificial neural network model of small size was developed, which has better 

metrics than the standard yolo model and the yolo model using features from P2. The developed solution 

achieved mAP50 metric of 0.891, which is equivalent to the medium-sized yolo model using features from 

p2. This means that the proposed architecture with fewer parameters is able to achieve comparable metrics 

with models with more parameters. In addition, the model is able to infer in less time than the camera's 

sampling rate - 25FPS, which allows real-time inference. 

Tests conducted showed that the model, using the SAHI algorithm, is able to detect and locate an 

aircraft from a distance of 1030.18m, with an effective distance of 705.09m. At a fixed distance from the 

ground station of 625.75 ± 17.60m, the model achieved an efficiency of 90.14%. In a test conducted using 

a recording of an aircraft in flight, the model by itself achieved an efficiency of 79.80%, but with the 

tracking algorithm, 100% efficiency was achieved. 
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The developed solution can be used in light aircraft, as a system that will allow to increase safety in 

air traffic by informing pilots about the approximate location of other aircraft. Such a solution involves the 

use of more than one camera, which may increase the inference time. However, the developed model has 

not been optimized for the device's architecture. Optimization could definitely improve the inference speed, 

which could allow inference on more than one camera placed on the aircraft in real time. In addition, the 

discussed model can serve as part of a system in autonomous aircrafts, e.g., to the coordination of multiple 

autonomous aircrafts. 

The main limitation of the developed solution is the lack of determination of the exact distance of 

another aircraft, but only an indication of the direction in which it is located. However, based on the size of 

the bounding box determining detection on the basis of regression algorithms, it would be possible to 

determine the approximate distance of the aircraft - this will be the focus of future research. Further research 

will also focus on developing a user interface that shows the direction of where another aircraft is, and 

further tests of the solution will be conducted. 
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