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1. INTRODUCTION 
The identification of military aircraft in high-resolution satellite images (HRSMs) has become an increasingly 
important part of modern remote sensing and defense-intelligence systems [1]. Due to the many variables in scale, 
orientation, and background of a variety of aircraft, a robust automated analysis framework is necessary. The rise 
of machine learning (ML) and deep learning (DL) via convolutional neural networks and object-detection 
frameworks has greatly enhanced detection accuracy and speed in real time [2]. Using these technologies provides 
the ability to create hierarchical features from complex spatial data to more accurately identify and classify military 
assets. In addition, challenges still exist, including limited datasets, occlusion, low resolution and further research 
will be needed to develop optimized deep-learning pipelines for operational deployment [3]. 

 

2. LIMITATIONS OF TRADITIONAL SYSTEMS 
High-resolution satellite imagery contains many traditional methods of classifying military aircraft based on 
handcrafted feature extraction and rule-based computer vision are limited in their ability to adapt to the high intra-
class variation, partial occlusions, and background clutter that are common in remote sensing data. This is mainly 
because they are dependent on manually developed feature descriptors such as SIFT or HOG, which limit their ability 
to adapt to different imaging conditions [1][2]. In addition, conventional machine learning classifiers do not scale or 
provide robustness to large dimensional geospatial datasets. When tested against variations in luminosity, 
resolution and angle of viewing, they also experienced decreased performance, making them ill-suited for real-time 
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or operational defense applications, while compared to modern deep learning approaches [4][5]. 

3. MOTIVATION FOR WORK 
Rapidly evolving high-resolution satellite imaging technologies are giving way to incredible opportunities for the 
use of machine learning and deep learning methods in the automated detection and classification of military aircraft 
from satellite imagery. Conventional techniques and dependencies on manual and algorithmic processes alone are 
not enough due to increased complexity of data; therefore, it is necessary to develop more adaptable and scalable 
intelligent systems for the purposes of defense intelligence applications. Improved accuracy, robustness, and 
decision support will result from the implementation of this intelligent technology within complex spatial 
environments characterized by varying resolutions and occluded targets, consequently improving situational 
awareness and operational efficiencies in contemporary defense systems architecture. 

4. AIM AND OBJECTIVES OF THE STUDY 
The main aim of this research is to build and test an effective system for classifying military aircraft in high-
resolution satellite images through deep learning algorithms. To achieve this, we will utilize advanced techniques 
for preparing images for analysis in order to improve data quality, explore various data splitting methods for 
appropriate testing, and complete comparative evaluations of each of the custom deep learning models created. The 
objective is also to evaluate the classification results according to different spatial resolutions and other imaging 
factors that impact performance. 

5. CONTRIBUTION OF THIS WORK 
This research contributes a comprehensive approach to classifying military aircraft in high-resolution satellite 
images using deep learning method. The major contributions presented here include a proper implementation of 
sophisticated preprocessing methods to enhance data quality and evaluation of different ways of splitting training 
sets for dataset to verify generalization of classifiers. A thorough comparison between classical and modern machine 
learning and deep learning architectures and performance evaluations using a variety of conditions to identify 
optimal parameter configurations for robust and accurate geospatial object classification tasks. 

6. LITERATURE REVIEW 

6.1 Related Works 

Table 1. Comparative Analysis of Existing Techniques and Methodologies 

Author Year Technology Used Performance 

Alganci U. et al. [1] 2020 YOLOv3, SSD, Faster R-CNN Accuracy 88–93% 

Tahir A. et al. [4] 2021 YOLO framework Accuracy 85–92% 

Azam B. et al. [5] 2022 Faster R-CNN, YOLO, ResNet backbones mAP up to 92% 

Liu Z., et al. [6] 2023 YOLO-based detection + classification mAP 90% 

Patel K., et al. [7] 2022 CNN, Faster R-CNN Accuracy 89–94% 

Pritt M., Chern G. [8] 2020 CNN ensemble + metadata fusion Accuracy 83% 

Chen X. et al. [9] 2024 
YOLO architecture with attention 

mechanisms 
mAP –95% 

El Ghazouali S. et al. 
[10] 

2024 YOLOv5, YOLOv8, Faster R-CNN, DETR YOLOv5 mAP  94% 

Zhou F. et al.  [11] 2023 
YOLOv5 + Transformer + ConvNeXt 

backbone 
Accuracy 93% 

Guo X., Xu B. [12] 2024 YOLOv8 mAP 94% 

Singla J. et al. [13] 2024 Mask R-CNN, YOLO frameworks Accuracy 94% 

Radionov Y.D. et al. [14] 2024 CNN + contour-based segmentation Accuracy  90% 

6.2 Identified Research Gaps 
Although great strides have been made regarding the use of deep learning to classify military aircraft and other 
objects located in high-resolution satellite images, there remain many areas of research that have not yet been 
addressed. Many studies of military aircraft classification via high-resolution satellite imagery [1] have been based 
on either the YOLO or Faster R-CNN architectures [5][6][10], and there has been little investigation into how hybrid 
and ensemble learning techniques could improve the accuracy of the classifications [3][4]. Many of the classification 
models test accuracy based on mAP without adequately evaluating model performance under real-world conditions 
such as occlusion, atmospheric distortion and domain shift. In addition, while many of the studies mentioned above 
utilized traditional benchmarking datasets, there is an inadequate amount of research on utilizing diverse real-
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world operational satellite data [11][14]. There has also been no systematic evaluation of data preprocessing 
methods or dataset splitting techniques among the many studies performed to date. Finally, there is insufficient 
research into explainability and model interpretability, both of which are necessary to support reliable decision 
making when using these classifiers in defence applications [12]. In image-classification applications, deep-learning 
performance depends not only on the selected network architecture but also on annotation quality, dataset 
characteristics, and appropriate validation procedures. Reviews of CNN- and YOLO-based image analysis have also 
emphasized the importance of external validation and transparent model evaluation [15]. These considerations are 
relevant to the present study because aircraft classification performance should be evaluated for its generalizability 
beyond a single dataset and a particular train–test split. 

7. METHODOLOGY 

7.1 Dataset Description 
The Military Aircraft Detection Dataset [16] is designed as a high-resolution satellite imagery dataset for fine-
grained object detection and classification, containing data on 101 military aircraft types. The dataset contains 
images annotated according to the PASCAL VOC standard, which provides bounding box coordinates, class labels, 
and some additional image metadata like width and height. Military aircrafts included in this dataset are not limited 
to but do consist of fighter aircraft, bomber aircraft, transport and equipment aircraft, unmanned aerial vehicles 
(UAVs), and helicopters. Although the variants are visually similar, they have been combined into one class for ease-
of-use in training machine learning and deep learning models. Within each dataset folder, all annotated categories 
are organized into three separate folders, dataset consists of the images with the corresponding CSV annotations, 
crop consist of the corresponding object-level cropped images to be classified by aircraft type, and annotated 
samples consist of visual examples of the bounding box annotations. 

7.2 Experimental Setup 
The environment consisted of a high-performance computing system running on Windows 11. It had one Intel i7 
CPU, 32 GB of RAM and one NVIDIA GeForce RTX 3080 GPU. The CUDA and cuDNN libraries were used to enable 
GPU acceleration while developing both proposed models using Python version 3.10, TensorFlow 2.x and the Keras 
deep-learning framework to improve training and estimation efficiency. A high-speed solid-state drive (SSD) was 
utilized to help minimize the delay of accessing data from disk and optimize all processes related to preparing or 
storing data. This configuration allowed for the efficient processing of large satellite image datasets and improved 
the rate at which models converged during experimentation and evaluation activities. 

 
Fig. 1. Illustrative Image from Military Aircraft Detection Dataset [15] showcasing different classes with bounding 

boxes. 

7.3 Data Pre-Processing 
The dataset is first parsed from XML annotations using the PASCAL VOC format to extract class labels and bounding 
box coordinates (xmin,ymin,xmax,ymax). Each image I ∈ RH×W×3 is filtered to ensure RGB consistency and corresponding 
regions of interest (ROI) are generated via cropping. For each object, width w=∣xmax − xmin∣ and height h=∣ymax − ymin∣ 
are computed. Cropped images are padded to square dimensions using S = max (w, h), followed by resizing to 64×64. 
Pixel normalization is performed as I′ = I/255. Labels are encoded using one-hot encoding, producing y ∈ {0, 1}C for 
C = 101classes. The dataset is then split into training and testing sets using 90:10, 85:15, 80:20, 75:25, 70:30, 65:35 
and 60:40 ratios. 
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Fig. 2. Illustration of pre-processed images after cropping, resizing, normalization and one-hot encoding. 

7.4 Proposed Pipeline 
The proposed pipeline for military aircraft classification in high-resolution satellite imagery integrates data 
preprocessing, feature learning, and multi-model CNN-based classification. Initially, input images X ∈ RH×W×3 are 
annotated using PASCAL VOC XML format, where each object is defined by bounding box coordinates b = (xmin, ymin, 
xmax, ymax) and class label c ∈ {1,2,…,101}. Object regions are cropped, and spatial dimensions are computed as w = 
∣xmax − xmin∣ and h= ∣ymax − ymin∣. Each ROI is padded using S = max(w, h) and resized to 64×64. Pixel normalization is 
applied as X′ = X/255. Labels are encoded using one-hot representation y ∈ {0, 1}C, where C = 101. 

The dataset is split into training and testing sets with ratios of 90:10, 85:15, 80:20, 75:25, 70:30, 65:35 and 60:40. 
Three CNN architectures are implemented: a baseline model, a moderately deep CNN with k ∈ [1, 3] convolutional 
layers, and an enhanced CNN with extended dense units U ∈ [128, 1024] and dropout p ∈ [0.1, 0.5]. All models utilize 
ReLU activation f(x) = max (0, x), softmax output, 

ŷc =
ezc

∑ ezjC
j=1

 

and categorical cross-entropy loss 

L = −∑y log(ŷ) 

Optimization is performed using Adam with learning rate η ∈ {10−3, 10−4}. Hyperparameter tuning is applied to 
deeper architectures to enhance generalization and classification accuracy across 101 aircraft categories. 

 
Fig. 3. Block diagram of the proposed Military Aircraft detection pipeline 

7.5 Models Utilized 
The proposed framework is a new way to classify military aircraft from very high-resolution satellites, using a 
pipeline of three stages of a convolutional neural network (CNN). Our proposed framework normalizes all input as 
scale them to a range between 0 and 1. First, designed the model to serve as a baseline. The initial Model is comprised 
of a Conv2D layer with 64 filters of size 3x3, an AveragePooling2D layer, and a dense network classifier. The second 
Model extended the feature extraction process by using L ∈ [1, 3] convolutional layers to extract features in a set of 
filters of space and then using pooling operations to downscale these features. The third Model integrated some 
form of hyperparameter optimization as Keras Tuner to tune the number of dense units in the network, the dropout 
probability in the network, and the learning rate of the Adam Optimizer used to converge parameters. Lastly, 
employed two models using softmax activation, output layer activation and categorical cross-entropy loss function 
in order to classify all three models. 
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Fig. 4. Architectural diagram of CNN model. 

7.6 Optimization Algorithms and Hyperparameters 
The proposed CNN pipeline for military aircraft classification utilizes the Adam optimization algorithm for all three 
models, leveraging adaptive moment estimation for efficient convergence. Parameter updates are computed as 

θt+1 = θt − η.
m̂t

√v̂t + ϵ′
 

where η denotes the learning rate. Hyperparameter tuning is performed using Keras Tuner (Hyperband strategy), 
exploring convolutional depth L ∈ [1, 3], filter sizes fi ∈ [32, 256], and dense layer units u ∈ [128, 1024]. The learning 
rate is selected from η ∈ {10−3,10−4}, while dropout regularization is varied within p ∈ [0.1, 0.5] to mitigate 
overfitting. Batch-wise optimization employs categorical cross-entropy loss 

L = −∑ yi
C

i=1
log(ŷi) 

Early stopping and validation monitoring are used to ensure generalization across high-resolution satellite image 
datasets. 

7.7 Evaluation Metrics 
Model performance was evaluated using classification accuracy. Additionally, Precision, recall, and F1-score were 
computed per class to assess imbalance sensitivity. Overall performance was validated on a hold-out set, ensuring 
generalization for high-resolution satellite-based military aircraft classification. 

1. Accuracy 

Accurately characterizing what percentage of prediction outcomes is accurately characterized. 

2. Precision 

Precision can be calculated by first characterizing the number of objects correctly characterized as true positives 
divided by the number of true positives plus false positives. 

3. Recall 

Recall can be calculated by characterizing the number of true positives divided by the number of true positives plus 
false negatives. 

4. F1-Score 

The F1 score is the harmonic mean of precision and recall, thus, the F1 score combines precision and recall to create 
a single measure. 

 

8. RESULTS AND DISCUSSION 

8.1 Experimental Results 

Table 2. Results Obtained from Custom CNN-1 Model with Different Training and Testing Ratios 
Training 

Testing Ratio 
Model 
Used 

Accuracy 
(%) 

Precision 
(%) 

Recall (%) 
F1-Score 

(%) 
90:10 Custom 

CNN_1 
93.35 93.00 93.00 93.00 

85:15 93.52 93.00 93.00 93.00 
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80:20 93.28 93.00 93.00 93.00 
75:25 94.01 94.00 94.00 94.00 
70:30 92.02 92.00 92.00 92.00 
65:35 92.58 92.00 92.00 92.00 
60:40 91.90 92.00 92.00 92.00 

Average 92.95 92.71 92.71 92.71 

 
Fig. 5. Graphical representation of Accuracy obtained from Custom CNN-1 model with different dataset Training, 

and Testing Ratios. 

 
Fig. 6. (A) Training Loss Curve (B) Training Accuracy Curve of the Custom CNN-1 model when trained and tested 

on 85:15 split ratio. 
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Fig. 7. Output predictions showcasing Predicted Values against True Values when Custom CNN-1 model tested on 

Test Set. 

Table 3. Results Obtained from Custom CNN-2 Model with Different Training and Testing Ratios 
Training 

Testing Ratio 
Model 
Used 

Accuracy 
(%) 

Precision 
(%) 

Recall (%) 
F1-Score 

(%) 
90:10 

Custom 
CNN_2 

93.35 93.00 93.00 93.00 
85:15 93.77 94.00 94.00 94.00 
80:20 93.41 93.00 93.00 93.00 
75:25 93.19 93.00 93.00 93.00 
70:30 91.34 92.00 91.00 91.00 
65:35 92.65 93.00 93.00 93.00 
60:40 91.17 91.00 91.00 91.00 

Average 92.69 92.71 92.57 92.57 

 
Fig. 8. Graphical representation of Accuracy obtained from CNN-2 model with different dataset Training, and 

Testing Ratios. 
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Fig. 9. (A) Training Loss Curve (B) Training Accuracy Curve of the Custom CNN-2 model when trained and tested 

on 80:20 split ratio. 

 
Fig. 10. Output predictions showcasing Predicted Values against True Values when Custom CNN-2 model tested on 

Test Set. 

Table 4. Results Obtained from Custom CNN-3 Model with Different Training and Testing Ratios 
Training 

Testing Ratio 
Model 
Used 

Accuracy 
(%) 

Precision 
(%) 

Recall (%) F1-Score (%) 

90:10 

Custom 
CNN_3 

93.48 94.00 94.00 93.00 
85:15 93.60 94.00 94.00 94.00 
80:20 94.11 94.00 94.00 94.00 
75:25 93.09 93.00 93.00 93.00 
70:30 91.13 91.00 91.00 91.00 
65:35 92.18 93.00 93.00 92.00 
60:40 91.42 92.00 92.00 92.00 

Average 92.71 93.00 93.00 92.71 
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Fig. 11. Graphical representation of Accuracy obtained from CNN-3 model with different dataset Training, and 

Testing Ratios. 

 
Fig. 12. (A) Training Loss Curve (B) Training Accuracy Curve of the Custom CNN-3 model when trained and tested 

on 85:15 split ratio. 

 
Fig. 13. Output predictions showcasing Predicted Values against True Values when Custom CNN-3 model tested on 

Test Set. 
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8.2 Comparative Analysis 

 
Fig. 14. Comparative analysis of the proposed Custom CNN classification models against existing methodologies. 

The performance of the three proposed deep learning-based CNN architectures were evaluated comparatively with 
an emphasis on consistency and reliability in classifying military aircraft using satellite high resolution images. 
Custom CNN_1 had the highest average accuracy score at 92.95%, demonstrating superior ability to generalise well 
across variable training and test ratios. Custom CNN_2 had an average accuracy of 92.69% and demonstrated stable 
precision and recall performance. Custom CNN_3 achieved the highest individual accuracy score of 94.11% with 
respect to all three architectures through extensive hyperparameter tuning but only produced an overall average 
accuracy of 92.71%. 

8.3 Limitations 
The proposed CNN architecture has limitations in its current design. The CNN training process utilizes resized inputs 
therefore, many of the fine scale spatial details that would help to differentiate between two visually similar military 
aircraft are lost. Also, variability in classification performance resulting from different train and test ratio values 
indicates that the proposed framework is sensitive to both data distribution and class imbalance. Lastly, a lack of 
extensive data augmentation and transfer learning processes may constrain the ability to generalize performance 
across many high-resolution satellite image datasets. Similar methodological concerns have been discussed in deep-
learning-based medical image classification, particularly regarding annotation quality, data leakage, and the need 
for external validation. Accordingly, future studies should evaluate the proposed aircraft-classification framework 
on independent satellite-image datasets to establish its generalizability beyond the dataset used in the present 
experiments [15]. 

8.4 Practical Real-Time Implementations 
One possible scenario is utilizing a convolutional neural network (CNN) based military aircraft classifier for working 
with real-time aerial surveillance and defense intelligence applications using high resolution satellite imagery for 
automated target recognition. By utilizing a lightweight architecture or framework and optimizing the 
hyperparameters, these types of CNN models have the ability to provide efficient inference and therefore are very 
well suited for edge assisted geospatial monitoring type platforms. In addition, by integrating into existing remote 
sensing and GIS pipelines, it will enable rapid situational awareness and decision-making capabilities within defense 
related reconnaissance environments. 

9. CONCLUSION AND FUTURE SCOPE 
This study presented deep learning framework to classify military aircraft using very high-resolution satellite 
imagery using three different custom CNN architectures. The custom CNN_1 architecture achieved the highest 
average overall accuracy. The custom CNN_3 architecture recorded the highest accuracy across all evaluations. 
Therefore, convolutional feature extraction and hyperparameter optimization were demonstrated to be effective at 
differentiating between aircraft categories given different characteristics of the dataset during evaluation. Overall, 
while the performance of the framework produced positive results, there are still challenges with low-resolution 
inputs, cropped objects, cropping-related attributes, and variation of datasets. 

Future work will include transferring learning models, advanced forms of data augmentation, and expanding the 
framework for real-time object detection with YOLO-type architectures for an improved capability to deploy the 
system for military operations. 

 
 

http://www.svedbergopen.com/ijaiml


  www.svedbergopen.com/ijaiml                                     International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.13s, 2026                                                                                                                                                                                        1922 

REFERENCES 
[1] Alganci, U., Soydas, M., & Sertel, E. (2020). Comparative Research on Deep Learning Approaches for Airplane 

Detection from Very High-Resolution Satellite Images. Remote Sensing, 12(3), 458. 
https://doi.org/10.3390/rs12030458 

[2] E. Maggiori, Y. Tarabalka, G. Charpiat and P. Alliez, "Convolutional Neural Networks for Large-Scale Remote-
Sensing Image Classification," in IEEE Transactions on Geoscience and Remote Sensing, vol. 55, no. 2, pp. 
645-657, Feb. 2017, doi: 10.1109/TGRS.2016.2612821. 
https://ieeexplore.ieee.org/abstract/document/7592858 . 

[3] Mukherjee, D., Zahra, S., Sharma, S., Amos, T., & Abidi, A. I. (2025). Automated Classification of Military 
Aircraft Using Deep Neural Networks. Defence Science Journal, 75(4), 418–425. 
https://doi.org/10.14429/dsj.20755 

[4] Tahir, M. Adil, and A. Ali, “Rapid detection of aircrafts in satellite imagery based on deep neural networks,” 
arXiv preprint arXiv:2104.11677, 2021. doi: https://arxiv.org/abs/2104.11677 . 

[5] Azam, B., Khan, M. J., Bhatti, F. A., Maud, A. R. M., Hussain, S. F., & Khurshid, K. (2022). Aircraft detection in 
satellite imagery using deep learning-based object detectors. Microprocessors and Microsystems, 94, Article 
104630. https://doi.org/10.1016/j.micpro.2022.104630 . 

[6] Liu, Zhiguo & Gao, Yuan & Du, Qianqian. (2023). YOLO-class: Detection and Classification of Aircraft Targets 
in Satellite Remote Sensing Images Based on YOLO-Extract. IEEE Access. PP. 1-1. 
10.1109/ACCESS.2023.3321828. https://ieeexplore.ieee.org/document/10271344 

[7] Patel K, Bhatt C, Mazzeo PL. Deep Learning-Based Automatic Detection of Ships: An Experimental Study 
Using Satellite Images. J Imaging. 2022 Jun 28;8(7):182. doi: 10.3390/jimaging8070182. 
https://www.mdpi.com/2313-433X/8/7/182 . 

[8] M. Pritt and G. Chern, “Satellite image classification with deep learning,” arXiv preprint arXiv:2010.06497, 
2020, doi: https://arxiv.org/abs/2010.06497 

[9] Chen, Xiaoxin & Jiang, Hui & Zheng, Hongxin & Yang, Jiankun & Liang, Riqiang & Xiang, Dan & Cheng, Hao & 
Jiang, Zhansi. (2024). DET-YOLO: An Innovative High-Performance Model for Detecting Military Aircraft in 
Remote Sensing Images. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. 
PP. 1-21. 10.1109/JSTARS.2024.3462745. https://ieeexplore.ieee.org/document/10681280 . 

[10] S. El Ghazouali, A. Gucciardi, F. Venturini, N. Venturi, M. Rueegsegger, and U. Michelucci, “FlightScope: An 
experimental comparative review of aircraft detection algorithms in satellite imagery,” Remote Sensing, vol. 
16, no. 24, p. 4715, Dec. 2024, doi: 10.3390/rs16244715. https://arxiv.org/abs/2404.02877 . 

[11] Zhou, F., Deng, H., Xu, Q., & Lan, X. (2023). CNTR-YOLO: Improved YOLOv5 Based on ConvNext and 
Transformer for Aircraft Detection in Remote Sensing Images. Electronics, 12(12), 2671. 
https://doi.org/10.3390/electronics12122671 

[12] Guo, X., & Xu, B. (2024). SAR-NTV-YOLOv8: A Neural Network Aircraft Detection Method in SAR Images 
Based on Despeckling Preprocessing. Remote Sensing, 16(18), 3420. https://doi.org/10.3390/rs16183420 

[13] Singla, Jai & Jaiswal, Gautam & Chaudhary, Renu & Patel, Darshan. (2024). Automatic detection of number of 
aircrafts over satellite data using deep learning. 10.31223/X5CM5X. 
https://link.springer.com/article/10.1007/s12040-025-02673-4 . 

[14] Radionov, Y. D., Kashtan, V. Y., Hnatushenko, V. V., & Kazymyrenko, O. (2024). AIRCRAFT DETECTION WITH 
DEEP NEURAL NETWORKS AND CONTOUR-BASED METHODS . Radio Electronics, Computer Science, 
Control, (4), 121–129. https://doi.org/10.15588/1607-3274-2024-4-12 

[15] Taqvi, S. (2025). Deep learning for detection and classification of oral mucosal lesions. Journal of Dentistry 
and Clinical Sciences, 1(1), 23–30. 
https://agrpjournals.com/journals/journal/index.php/jdacs/article/view/11 

[16] Kaggle, “Military Aircraft Detection Dataset,” Kaggle Datasets, available: 
https://www.kaggle.com/datasets/a2015003713/militaryaircraftdetectiondataset . Accessed: May 6, 2026. 

  
 
 

http://www.svedbergopen.com/ijaiml
https://doi.org/10.3390/rs12030458
https://ieeexplore.ieee.org/abstract/document/7592858
https://doi.org/10.14429/dsj.20755
https://arxiv.org/abs/2104.11677
https://doi.org/10.1016/j.micpro.2022.104630
https://ieeexplore.ieee.org/document/10271344
https://www.mdpi.com/2313-433X/8/7/182
https://arxiv.org/abs/2010.06497
https://ieeexplore.ieee.org/document/10681280
https://arxiv.org/abs/2404.02877
https://doi.org/10.3390/electronics12122671
https://doi.org/10.3390/rs16183420
https://link.springer.com/article/10.1007/s12040-025-02673-4
https://doi.org/10.15588/1607-3274-2024-4-12
https://agrpjournals.com/journals/journal/index.php/jdacs/article/view/11
https://www.kaggle.com/datasets/a2015003713/militaryaircraftdetectiondataset

	1. Introduction
	2. Limitations Of Traditional Systems
	3. Motivation For Work
	4. Aim And Objectives Of The Study
	5. Contribution Of This Work
	6. Literature Review
	6.1 Related Works
	6.2 Identified Research Gaps

	7. Methodology
	7.1 Dataset Description
	7.2 Experimental Setup
	7.3 Data Pre-Processing
	7.4 Proposed Pipeline
	7.5 Models Utilized
	7.6 Optimization Algorithms and Hyperparameters
	The proposed CNN pipeline for military aircraft classification utilizes the Adam optimization algorithm for all three models, leveraging adaptive moment estimation for efficient convergence. Parameter updates are computed as
	,θ-t+1.=,θ-t.−η.,,,m.-t.-,,,v.-t..+ϵ′.
	7.7 Evaluation Metrics
	1. Accuracy
	2. Precision
	3. Recall
	4. F1-Score


	8. Results And Discussion
	8.1 Experimental Results
	8.2 Comparative Analysis
	8.3 Limitations
	8.4 Practical Real-Time Implementations

	9. Conclusion And Future Scope
	References

