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ABSTRACT 

This article addresses the development of an intelligent military aircraft identification system using artificial intelligence, 
machine learning, and deep self-learning technologies to enhance national security and military efficiency. The system 
aims to automatically and accurately recognize and classify aircraft in images, offering advantages over traditional 
methods such as higher productivity, speed, accuracy, and the elimination of human error. The importance of deep 
learning solutions for threat detection and operational efficiency is emphasized. Modern visual data-based object 
recognition methods and tools are analysed. The methodology includes collecting and preprocessing data, developing a 
high-precision recognition system based on Yolov8, annotating objects with Roboflow, and creating training, validation, 
and testing subsets in the yolo format. The paper details the dataset formation process and presents satisfactory results in 
fast recognition of military aircraft with high classification accuracy. A comparative analysis of Yolov8, R-CNN, and 
GPT-4 models shows Yolov8's superiority in prediction accuracy and performance. The article describes the model 
management system for adjusting hyperparameters, selecting object categories, and initiating the training and forecasting 
process. Testing results demonstrate Yolov8's optimality for military aircraft identification, achieving accurate target 
identification in complex situations using advanced deep learning algorithms. 
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1. INTRODUCTION 

Computer vision systems are now widely and successfully used across various industries, extracting information from 
digital images to perform actions and provide recommendations. These systems are prevalent in energy, utilities, 
manufacturing, automotive, retail, and healthcare, addressing problems such as obstacle avoidance in trajectory planning. 
Thanks to advances in neural network algorithms, the area of application is constantly growing19,20. One significant 
application of deep learning is in military aircraft identification. Traditional methods, often relying on human operators, 
are time-consuming, error-prone, and susceptible to manipulation. To overcome these challenges, an advanced, 
automated system leveraging artificial intelligence (AI), machine learning (ML), and deep learning (DL) technologies is 
essential. Such a system can automate the identification process, offering greater accuracy and speed, and significantly 
reducing human error. Algorithms trained on extensive data can recognize and classify military equipment with high 
precision, aiding in military planning and national security. 

The goal is to develop a highly accurate and efficient object recognition system based on the YOLOv8 architecture. This 
system must process and analyse large volumes of visual data, including public datasets and high-quality satellite and 
aerial imagery. It should demonstrate superior performance compared to existing models like R-CNN and GPT-4 in 
terms of prediction accuracy and operational efficiency, even under challenging conditions such as poor lighting, adverse 
weather, and partial occlusions. 
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Furthermore, the system should include a model management framework for flexible adjustment of hyperparameters, 
selection of object categories, and seamless initiation of training or prediction processes using pre-trained models. This 
adaptability is crucial for meeting various operational requirements and ensuring continuous improvement. In summary, 
there is a pressing need for a state-of-the-art AI-based identification system to significantly enhance the accuracy and 
efficiency of military aircraft recognition. This advancement will bolster national security and operational effectiveness, 
highlighting the growing role of AI and ML in defence and beyond. 

2. MATERIAL AND METHODS 

In recent years, technologies related to computer vision have attracted a lot of attention from researchers. Traditional 
object detection methods based on manually created features and surface architecture are already outdated and do not 
meet modern requirements. In digital processing, an image can be represented as a two-dimensional function f(x, y), 
where x and y are coordinates on the plane. The value of the function f at any point given by a pair of coordinates (x, y), 
corresponds to the color at that point. For efficient digital image processing, it is appropriate to use the image shape. In 
this case, each pixel of the image (raster element) is characterized by the following parameters: 

 f(x, y) = �	, 
���, 
, ��, (1) 

where �	, 
� are the pixel coordinates, and ��, 
, �� are the color components in the additive color model. Thus, a digital 
image is defined by a raster matrix, where each element corresponds to a pixel with specified coordinates and colour 
values: 
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Richter et al. provides a detailed overview of deep learning object detection frameworks that address various problems 
such as occlusion, obstacles, and low resolution with different levels of modification based on R-CNN (convolutional 
neural networks based on regions)1. Through numerous changes, the object detection algorithm has improved in terms of 
speed and accuracy. Thanks to the tireless efforts of numerous researchers, deep learning algorithms are rapidly evolving 
and delivering higher performance in object detection. Applications such as pedestrian recognition, medical imaging, 
robotics, driverless cars, and facial recognition can help save labour in many industries. Another papers provide a basic 
overview of object detection methods, including two classes of object detectors2-5. The two-stage detector uses R-CNN, 
Fast R-CNN, and even Faster R-CNN algorithms, while the one-stage detector uses YOLO v1, v2, v3, and SSD.  

Two-stage detectors focus on accuracy, while the main advantage of single-stage detectors is speed. The authors present 
also an improved version of YOLO, called YOLO v3-Tiny, and compares it with the previous version6,7. Compared to 
the classical approach, modern data processing methods use advanced artificial intelligence and machine learning 
algorithms such as Yolov8, R-CNN, and GPT-4. Yolov8, the latest version of the famous "you look only once" 
algorithm, effectively improves the speed and accuracy of real-time object detection. R-CNN (Region-based 
Convolutional Neural Networks) significantly improves recognition accuracy by analysing specific areas of the image. 
GPT-4 not only efficiently processes and generates text, but also analyses images, expanding the capabilities of 
multimodal data analysis. This feature makes GPT-4 a particularly valuable and powerful tool for analysis and 
identification. 

In order for a neural network to perform object detection and recognition tasks, it must be trained first. A training 
algorithm or learning is a method or mathematical model for adjusting the parameters of a neural network by modelling 
the input environment. This is achieved by adjusting the weights and thresholds (shifts) of the network. From the 
algorithmic point of view, training a neural network consists in selecting 1 specific model from the set of allowed 
models. Among the most well-known training algorithms are the gradient descent method and its variants, the Broyden-
Fletcher-Goldfarb-Channo family algorithm, the Levenberg-Marquardt algorithm, etc. He also optimized gradient 
descent algorithms such as adaptive motion estimation (Adam), adaptive sub gradient methods for online learning and 
stochastic optimization (Adgrad), and Nesterov acceleration8,-10. 

It is an algorithm that uses a trained neural network model to produce predictions or conclusions for a test data set. This 
stage requires significantly fewer computing resources than training and is error-free, so it can be run on a graphics 
processing unit (GPU). Inference algorithms are usually divided into three stages: matching input data, selecting relevant 
features, and performing calculations to obtain predictions. The type of neural network training algorithm depends on the 

Proc. of SPIE Vol. 13400  134000K-2



nature of the input and output data. Currently, there are 3 main types of training: reinforcement learning, supervised 
learning (with teacher), and unsupervised learning (without teacher)11-14. 

Supervised learning is a process in which pre-labelled data sets are fed to the input of a neural network. Each instance of 
data is fed to the network's input and processed, and the result is compared to the target value, which is the desired 
output of the network. Then, according to certain rules, the error is calculated, which leads to the adjustment of the 
weighting factor in the network. The rules for changing weights are determined by the chosen learning algorithm. The 
vector of training samples is sequentially input into the input data and the error is calculated, and for each vector there is 
also a sub-branch of supervised learning - partial supervised learning (semi-supervised learning), and both labelled and 
unlabeled data are used for training until the total error is equal to the entire training sample reaches an acceptably low 
level. In this case, a small, labelled sample is used to initially train the model, after which it is used to label the remaining 
unlabelled data. This approach can improve the accuracy of object search and recognition when the input sample is small 
and the object class is as close as possible15-18. The supervised learning approach is widely used in the task of searching 
and recognizing objects in images. This is due to the fact that a large, labelled dataset (an image with a specified object) 
is available for such tasks, and a fully connected layer of the neural network is used. The fully connected layer allows the 
neural network to detect complex relationships between the pixels of the input image and the categories of recognized 
objects. The availability of large, labelled datasets provides a sufficient number of examples for efficient training with 
network weight correction by minimizing the error in the training set. Figure 1 shows the basic modern architecture of 
neural networks used to solve object search and recognition tasks. 

 

 

Figure 1. Types of deep neural networks used to recognize and detect objects in an image. 

 

3. RESULTS AND DISCUSSION 

To ensure the diversity and volume of data, the use of publicly available datasets and open sources was considered. An 
important selection criterion was the quality and relevance of the images to the task of identifying military aircraft. The 
basis for the first dataset was the Military Aircraft Detection Dataset published by Kaggle. This dataset contains a wide 
range of images of military aircraft and provides various data for training models. After selecting the main source, the 
next step was the process of collecting and adapting the data to the requirements of the specific task. Additional analysis 
of the images was performed to assess their suitability and compliance with established standards. The next step was to 
select the most representative images and annotate them for use in model training. The images used can be acquired 
using satellite technology or from aircraft that guarantee high resolution. 
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The analysed data is carefully prepared before being used in the model training process. This preparation included 
checking the quality of the images, labelling, and annotations (Fig. 2), as well as splitting the entire dataset into training 
sets, validating the confidence, and testing the model. The Roboflow resources were used to automatically generate 
annotations and corresponding text files that display the coordinates of objects in the images in the Kaggle dataset. This 
tool helps to create a pair of text files corresponding to the selected coordinates in the image. The last step in the process 
of preparing a dataset is to create the dataset itself, dataset.yaml. This file contains the relative path to the image and the 
corresponding text file (label) with annotations. It also contains information about the number and names of classes that 
the network should identify during training. These class names correspond to the objects detected in the input image. 

 

(a) 

 

(b) 

Figure 2. Illustration of image annotation and highlighting techniques: a – annotation of the desired element in the image, b 
– highlighting airplane polygons in the image. 

 

(a) 

 

(b) 

 

(c) 

Figure 3. The result of recognition and classification of the trained: a – YOLOv8 model, b – R-CNN model, c – GPT-4 
model. 

 
Based on the analysis of Fig. 3, we can conclude that the model successfully managed to recognize all the aircraft in the 
image. The system identified 7 objects with an average accuracy of 95.5% (Fig. 3a). From the analysis of Fig. 3 shows 
that the R-CNN model did not successfully solve its task by failing to recognize one aircraft. The prediction accuracy of 
the R-CNN model is significantly lower than that of YOLOv8 and amounts to 77.2% (Fig. 3c). During the research, the 
next step is to activate the object recognition function in the selected image (Fig. 3). The numbers next to the object 
names indicate the probability of correct recognition and correct classification of these objects. At the same time, other 
images used to test this model also showed positive recognition results and were saved in the model's multimedia 
catalogue. Based on the developed model of the military air object identification and classification system, a table of 
predictions for the YOLOv8, R-CNN, and GPT-4 models was created using machine learning (Fig. 4). From this table, it 
can be concluded that YOLOv8 provides the most accurate predictions, and in addition, the model has a significant 
speed advantage over other models. 

Model management allowed us to create and train our own model for classifying military aircraft. The system allows 
users to improve the model training hyperparameters at their own discretion, as well as the data category programs that 
are used. After that, the model training process is started by sending a POST request to the server. The model is trained 
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in the background, allowing users to continue working with the system. Before starting to train the model, you can 
manually configure the hyperparameters and select the most appropriate category of the dataset using a POST request to 
the server. The model training process takes place in the background. A check is installed on the training page to prevent 
possible problems with the training model. In addition to training the model, you can use a pre-trained model to make 
predictions. Based on the analysis of the classification results presented above, we can conclude that the pre-trained 
YOLOv8 model successfully performs the task. This model is specially designed to accurately detect and classify objects 
in different environments, and it has demonstrated high accuracy in identifying target objects. One of the key factors in 
YOLOv8's performance is its ability to reliably recognize objects even in conditions that can be difficult for other 
models, such as low light, different weather conditions, or partial obscuration of an object. This is achieved thanks to the 
deep learning and advanced algorithms behind YOLOv8. 

 

 

Figure 4. Table of forecast history for YOLOv8, R-CNN and GPT-4 models. 

 

4. CONCLUSIONS 

The development of AI-driven identification systems for military aircraft is crucial for national security and operational 
efficiency. These systems leverage artificial intelligence, machine learning, and deep learning to accurately and rapidly 
recognize and classify aircraft from large datasets, including images. Unlike traditional methods, AI-based systems 
enhance performance, speed, and accuracy while minimizing human error, making them essential for effective military 
operations and threat detection. This paper reviews modern object recognition techniques, focusing on a deep learning 
model based on YOLOv8. The study outlines a process for data collection and preprocessing, including using public 
datasets and high-quality satellite imagery. The dataset was meticulously prepared with quality checks, annotations, and 
splitting into training, validation, and test sets. The YOLOv8 model, tested with this dataset, achieved high accuracy and 
fast recognition of military aircraft. Comparative analysis of YOLOv8, R-CNN, and GPT-4 shows YOLOv8 offers 
superior prediction accuracy and performance. A model management system was developed to adjust hyperparameters 
and manage object categories. YOLOv8 demonstrated exceptional efficiency in detecting and classifying objects, even 
under challenging conditions, proving it to be the most effective model for military aircraft identification. 
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