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Abstract

Detecting military assets from images is challenging because of lighting variations, occlusion, and
complex object appearances. This work applies the YOLOvS model for automated military asset
detection using the Kaggle Military Assets Dataset containing 26,315 images across twelve classes.
Following image preprocessing and augmentation, the trained model produced a precision of 62.44%,
recall of 50.01%, Fl-score of 55.54%, and mAP@0.5 value of 50.50% during testing. The results show
that YOLOV8 can support real-time defense surveillance, while improvements are still required to
reduce missed detections.
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1. Introduction

Artificial Intelligence (Al) and Deep Learning (DL) are increasingly used in military surveillance sys-
tems for automatic target detection and battlefield monitoring. Traditional surveillance methods mainly
rely on human observation, which becomes difficult when large amounts of visual data must be analyzed
continuously. Human fatigue and delayed decision-making can reduce monitoring efficiency in critical
situations [7], [10]. Deep learning techniques help overcome these limitations by enabling automated
detection and classification of military assets from surveillance imagery [21], [37].

Several researchers have explored machine learning and deep learning methods for military object detec-
tion, including CNN-based detection systems, aircraft recognition, vehicle classification, weapon detec-
tion, and UAV surveillance [5], [14], [21], [23]. Convolutional Neural Networks (CNNs) were widely
used as they can automatically pull out the useful visual features from images [52]. However, standard
CNN models mainly focus on classification and are less effective for object localization in real-time ap-
plications. To address this limitation, object detection models such as R-CNN, Faster R-CNN, and YO-
LO were introduced. Among these approaches, YOLO gained attention because it performs object local-
ization and classification simultaneously, enabling faster detection performance [63].

This paper develops a YOLOvVS8-based framework for detecting military assets from a twelve-class da-
taset collected from Kaggle. The dataset covers different defense objects such as tanks, aircraft, artillery
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equipment, soldiers, and warships. Before training, the image data and annotations were refined through
resizing, normalization, augmentation, and label validation procedures. The developed approach is de-
signed to assist real-time surveillance by automatically recognizing multiple categories of military as-
sets. Figure 1 presents example images from the dataset.

Figure 1. Sample images from the Military Assets Dataset showing different object classes.

2. Related Work

Deep learning methods are extensively used in military surveillance because they improve automated
target detection and recognition [4], [21]. Janakiramaiah et al. developed a military object detection sys-
tem using capsule networks and achieved improved battlefield target recognition performance [4]. Bo-
rovyk demonstrated that CNN-based models can identify military targets directly from image data,
showing the usefulness of deep learning in defense applications [21].

Research has also been carried out in military vehicle and aircraft classification. Somriakov proposed a
CNN-based vehicle classification model for defense imagery [23], while Mukherjee developed a deep
learning approach for military aircraft recognition [27]. Some studies combined contour-based image
analysis with deep learning methods to improve recognition performance under difficult visual condi-
tions [14].

Recently, YOLO-based models gained attention because of their faster detection speed and real-time
processing capability [62], [63]. Alawi et al. applied YOLOVS for military vehicle detection and report-
ed efficient detection performance [45]. Prathyusha et al. extended YOLOvVS for military vehicle recog-
nition in satellite imagery and obtained reliable detection results [63].

Although earlier studies achieved promising outcomes, many systems focus only on limited object cate-
gories such as aircraft, vehicles, or UAVs [5], [23]. Several approaches also rely on smaller datasets with
limited class diversity [26], [41]. Therefore, this work implements a YOLOvS8-based multi-class military
asset detection system using a twelve-class military dataset for automated defense surveillance applica-
tions.

3. Methods and Materials
3.1 Dataset
This study utilizes the Military Assets Dataset (12 Classes — YOLOvS8 Format) from Kaggle, containing
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26,315 annotated images distributed across training (21,978), validation (2,941), and test (1,396) splits.
The dataset covers twelve military object categories — tanks, aircraft, warships, soldiers, camouflage
soldiers, weapons, military vehicles, civilian vehicles, trucks, artillery, trenches, and civilians — with
annotations stored in YOLOVS's native bounding box format, where each label line records a class index
followed by normalized center coordinates and box dimensions.

3.2 Data Preprocessing

The dataset required some groundwork before training could begin. Images varied in size, so all samples
were resized to 640x640 to meet the model's fixed input requirement. Pixel values were normalized
since skipping this step tends to cause noticeable instability in early training. Corrupted files and misla-
beled annotations — boxes sitting outside their objects, wrong class tags — were manually filtered out.
Augmentation was then introduced during batch loading, applying random flips, rotations, brightness
shifts, and scaling on the fly, so the model encountered enough variation to avoid memorizing training-
specific conditions.

3.3 YOLOVv8-Based Object Detection Model Architecture

YOLOvV8 model was selected because it provides a good balance between detection speed and accuracy,
which is important when handling different military assets ranging from large warships to small human
targets. The YOLOv8 network is organized into three connected parts called the backbone, neck, and
detection head. The backbone processes the input images and captures useful visual patterns needed for
object recognition. Information from multiple feature layers is then combined in the neck section to get
better detection across different object sizes. The last part of the network is the detection head, where the
model produces the final output containing the object type, its location in the image, and the prediction
confidence. Figure 2 presents the YOLOVS architecture applied in this work.
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Figure 2. YOLOvVS8 model architecture

3.4 Training Setup

Starting from scratch made little sense when a solid pretrained checkpoint was available, so yolov8m.pt
was loaded in from the outset. Fine-tuning then did the harder job of pulling those general-purpose
weights toward something specific, reliably telling apart twelve military categories that frequently share
visual characteristics in real imagery. The settings held constant with 20 epochs, batch size of 16, learn-
ing rate of 0.001, Adam optimizer, and 640x640 input size on the YOLOv8m variant.
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3.5 Detection Workflow

A new image gets resized and normalized first, then pushed through the backbone and neck before the
detection head takes over. At that point the model spits out dozens of overlapping candidate boxes
around the same objects, which is where Non-Maximum Suppression comes in — it goes through the
pile, keeps whichever box scored highest for each object, and throws the rest away. The surviving detec-
tions get drawn onto the image with their class names and confidence scores attached. Figure. 3 walks
through the full sequence.
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Figure 3. Workflow of YOLOvV8 model

3.6 Evaluation Metrics

The performance of the proposed YOLOv8 model was calculated with the help of standard object detec-
tion metrics.

1) Precision

Precision =
2)Recall

Recall = ——
TP+FN
3) F1-Score

Fl =2 * Precision * Recall

TP+FP

Precision + Recall

4) Mean Average Precision (mAP)
Mean Average Precision (mAP) is used to calculate the localization and classification performance of
the YOLOvV8 model, including mAP@0.5 and mAP@0.5:0.95.
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4. RESULTS AND DISCUSSION

The model was tested on 1,396 images and came back with 62.44% Precision, 50.01% Recall, 55.54%
Fl-score, and 50.50% mAP@0.5. Tanks, aircraft, and warships were picked up fairly reliably — their
shapes are distinct enough that the model rarely second-guessed itself. Things got messier with vehicles
and personnel categories, where the visual overlap between military and civilian classes, or between a
soldier and a camouflaged one, gave the model genuine trouble and pulled recall down. Preprocessing
and augmentation helped to a degree, but not enough to fully sort out those trickier distinctions. The
numbers suggest the approach is viable for surveillance use, though certain categories clearly need more
work before the system could be trusted in practice. Figure. 4 shows the sample test results

Comparative Analysis

Earlier military surveillance studies mainly used CNN-based models for aircraft recognition, weapon
detection, and military vehicle classification [1], [2], [22], [23]. These methods achieved good classifica-
tion accuracy, but were less effective for real-time object localization. Recent research shifted towards
YOLO-based models since they have faster detection speed and real-time performance [45], [63]. How-
ever, many existing systems focus only on limited object categories and smaller datasets [24], [39], [64].
In contrast, the proposed work implements a YOLOvS8-based multi-class detection system using a
twelve-class military dataset for simultaneous object localization and classification in defense surveil-
lance applications. Figure 5 shows the comparative analysis of YOLOvVS variants.
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Figure S. Comparative Analysis of YOLOv8 models

Conclusion

A YOLOvV8-based detection model was developed in this work for identifying multiple military assets
from surveillance images. The system was trained using a twelve-class military dataset containing tanks,
aircraft, artillery, soldiers, warships, and related defense objects. Image resizing, normalization, augmen-
tation, and label verification were carried out before training. Experimental results showed acceptable
detection performance, especially for visually distinct categories, though lower accuracy was observed
for similar and partially hidden objects. The obtained results indicate that YOLOvVS has practical poten-
tial for military surveillance tasks involving real-time asset detection. Detection quality may be im-
proved further by using better-balanced training data, refining the training setup, and combining optical
imagery with thermal or radar information.

References

1. S. Tural, R. Samet, S. S. Aydin, and M. M. Traore, “Deep Learning Based Classification of Military
Cartridge Cases and Defect Segmentation,” in Proc. IEEE Access, 2022.

2. J. D. C. V. Fernandes, N. N. d. M. Junior, and J. Seixas, “Deep Learning Models for Passive Sonar
Signal Classification of Military Data,” in Proc. Remote Sensing, 2022.

3. O. Basystiuk, Z. Rybchak, and D. Betsa, “Classification of military equipment based on computer
vision methods,” in Proc. Cherkasy State Technological University, 2024.

4. B. Janakiramaiah, G. Kalyani, A. Karuna, L. V. N. Prasad, and M. Krishna, “Military object detec-
tion in defense using multi-level capsule networks,” in Proc. Soft Computing, 2021.

5. M. Alqaraleh, M. S. Alzboon, and M. S. Al-Batah, “Real-Time UAV Recognition Through Ad-
vanced Machine Learning for Enhanced Military Surveillance,” in Proc. Gamification and Augment-
ed Reality, 2025.

6. E.J. A. Sudrez and V. M. Baeza, “Evaluating the Role of Machine Learning in Defense Applications
and Industry,” in Proc. Machine Learning and Knowledge Extraction, 2023.

7. A. Rashid, A. K. Kausik, A. A. H. Sunny, and M. H. Bappy, “Artificial Intelligence in the Military:
An Overview of the Capabilities, Applications, and Challenges,” in Proc. International Journal of In-
telligent Systems, 2023.

8. M. S. Alzboon et al., “Al-Driven UAV Distinction: Leveraging Advanced Machine Learning,” in
Proc. 7th Int. Conf. Internet Applications, Protocols, and Services (NETAPPS), 2024.

[JFMR260379260 Volume 8, Issue 3, May-June 2026 6



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

(i)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

9. S. A. Mowafaq, A. Muhyeeddin, and M. Al-batah, “Al in the Sky: Developing Real-Time UAV
Recognition Systems to Enhance Military Security,” in Proc. Data and Metadata, 2024.

10. J. E. M. Diaz, “Benefits and challenges of military artificial intelligence in the field of defense,” in
Proc. Journal of Computacion y Sistemas, 2024.

11. N. Schaefer, J. M. Alghazo, S. Abdelhamid, and G. Latif, “Defense of Military Installations from
UAV-Borne Attacks using Deep Learning,” in Proc. CSCE, 2023.

12. S. Pradeep and Y. K. Sharma, “Deep Learning based Real Time Object Recognition for Security in
Air Defense,” in Proc. Int. Conf. Computing for Sustainable Global Development, 2019.

13. D. Neupane and J. Seok, “A Review on Deep Learning-Based Approaches for Automatic Sonar Tar-
get Recognition,” in Proc. Electronics, 2020.

14. Y. Radionov et al., “Aircraft detection with deep neural networks and contour-based methods,” in
Proc. Radio Electronics, Computer Science, Control, 2024.

15. S. Y. Khamaiseh et al., “Adversarial Deep Learning: A Survey on Adversarial Attacks and Defense
Mechanisms on Image Classification,” in Proc. IEEE Access, 2022.

16. D. J. Miller, Z. Xiang, and G. Kesidis, “Adversarial Learning Targeting Deep Neural Network Clas-
sification,” in Proc. IEEE, 2020.

17. K. Sadeghi, A. Banerjee, and S. Gupta, “A System-Driven Taxonomy of Attacks and Defenses in
Adversarial Machine Learning,” in Proc. IEEE TETCI, 2020.

18. L. A. Babatunde et al., “Adversarial Machine Learning in Cybersecurity: Vulnerabilities and De-
fense Strategies,” in Proc. JFMR, 2020.

19. T. O. Abrahams et al., “Machine learning in cybersecurity: A review of threat detection and defense
mechanisms,” in Proc. World Journal of Advanced Research and Reviews, 2024.

20. M. Zhu et al., “A Survey of Defensive Deception: Approaches Using Game Theory and Machine
Learning,” in Proc. IEEE Communications Surveys and Tutorials, 2021.

21. D. Borovyk, O. Barmak, and V. Lytvynenko, “Detection of military targets from images using deep
learning models,” in Proc. IntelITSIS, 2025.

22. V. Kaya, S. Tuncer, and A. Baran, “Detection and classification of different weapon types using
deep learning,” in Proc. Applied Sciences, 2021.

23. B. Somriakov and S. Borovlova, “Classification of military vehicles using convolutional neural net-
works (CNNs),” in Proc. Scientific Conf. Petro Mohyla University, 2025.

24. D. Erol and K. Adem, “Classification of Military Vehicles and Weapons using Deep Learning Archi-
tectures,” in Proc. Int. Conf. Scientific and Academic Research, 2023.

25. M. Raj K. et al., “Border defence mechanism using deep learning technique,” in Proc. IRJAEH,
2024.

26. L. Lu et al., “Application of transfer learning in small sample classification of military equipment,”
in Proc. Journal of Physics: Conf. Series, 2025.

27. D. Mukherjee et al., “Automated classification of military aircraft using deep neural networks,” in
Proc. Defence Science Journal, 2025.

28. R. S. Khule, “Military vehicle object detection system,” in Proc. [JRASET, 2025.

29. B. Basaran and H. Emekeci, “Classification of flying objects with computer vision and deep learning
integrated system,” in Proc. UBMK, 2025.

30. S. Jacob, J. Wall, and M. S. Sharif, “Analysis of deep neural networks for military target classifica-
tion using SAR images,” in Proc. 3ICT, 2023.

[JFMR260379260 Volume 8, Issue 3, May-June 2026 7



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

31. P. Gupta et al., “Edge device based military vehicle detection and classification from UAV,” in Proc.
Multimedia Tools and Applications, 2022.

32. D. Uhryn et al., “Identification and classification of military aircraft using ML algorithms,” in Proc.
SPIE Photonics Applications, 2024.

33.N. A. Atasoy and H. Karaca, “Fine-grained classification of military aircraft using deep learning
models,” in Proc. CTC, 2024.

34. N. H. Valliappan et al., “Enhancing gun detection with transfer learning and YAMNet,” in Proc.
IEEE Access, 2024.

35. E. Oliveira et al., “Unlabeled learning algorithms in defense sector,” in Proc. Artificial Intelligence
Review, 2024.

36. R. A. Altuncooglu and S. Guney, “Target detection system for combat vehicles using AL” in Proc.
IJFMR, 2024.

37.S. Madhan et al.,, “Target recognition and detection using deep learning technique,” in Proc.
IJSREM, 2024.

38. N. Narayanan and B. A. Varghese, “Enhancing military surveillance using deep learning,” in Proc.
ICTEST, 2025.

39. V. Khavalko et al., “Recognition and classification of military aircraft in images,” in Proc. CSIT,
2023.

40. J. Surma, “Deep learning in military applications,” in Proc. Safety & Defense, 2024.

41. D. M. EI-Din et al., “Automatic detection of military objects using transfer learning,” in Proc. Ad-
vances in Intelligent Systems and Computing, 2020.

42. C. Lee et al., “Classification of military airplanes using deep learning,” in Proc. Korea Institute of
Military Science and Technology, 2022.

43. S. J. Park, “Classification of military equipments using Al learning models and acoustic data,” in
Proc. Int. Conf. Artificial Intelligence and Signal Processing, 2023.

44. M. Sivakumar, M. S. Ruthwik, G. V. Amruth, and K. Bellam, “An enhanced weapon detection sys-
tem using deep learning,” in Proc. Int. Conf. Intelligent Systems and Computer Vision (ISCV), 2024.

45. A. B. Alawi and H. M. A. Mohammed, “Empowering military vehicle detection and classification
with YOLOvV8 model,” in Proc. Signal Processing and Communications Applications Conf. (SIU),
2024.

46. D. Uhryn and D. Shved, “Modelling identification and classification of military air objects,” in Proc.
Security of Information Communication Systems and 10T, 2024.

47. A. G. Senocakli and S. E. Yiiksel, “Real-time detection of drones, vehicles, and humans from radar
data,” in Proc. IPTA, 2025.

48.S. A et al., “Deep Learning-Based Classification for Border Defence Mechanism,” in Proc.
GITCON, 2025.

49. K. Bagkaya and E. Kurt, “Classification of Aerial Targets Based on Deep Learning,” in Proc.
INTECE, 2025.

50. S. M. A. Bhuiyan and J. F. Khan, “A Simple Deep Learning Network for Target Classification,” in
Proc. IEEE SoutheastCon, 2019.

51.Y. Linder and V. Taranukha, “Deep learning method for radar image analysis,” in Proc. IEEE ATIT,
2022.

[JFMR260379260 Volume 8, Issue 3, May-June 2026 8



http://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

52. P. Dharani Devi and R. Thanuja, “CNN based feature extraction in remote sensing images,” in Proc.
ICOSEC, 2020.

53. D. Pahuja and S. Jain, “Automatic detection of military weapons using CNN,” in Proc. ICRITO,
2022.

54. M. D. Reisman, D. LeDuc, and A. G. Francisco, “Detection and classification of military warships,”
in Proc. SPIE ATR XXXII, 2022.

55. S. Mittal, S. Srivastava, and J. P. Jayanth, “Survey of deep learning techniques for underwater imag-
es,” in Proc. ResearchGate, 2021.

56. A. Saeed et al., “Aircraft classification using deep learning,” in Proc. IEEE CSIT, 2023.

57. H. Bandarupally et al., “Detection of military targets from satellite images,” in Proc. IEEE ICCCA,
2020.

58. S. Samaras et al., “UAYV classification using radar data,” in Proc. LNCS, 2019.

59. B. Janakiramaiah et al., “Military object detection using capsule networks,” in Proc. ResearchGate,
2021.

60. E. Bayhan et al., “Deep learning-based UAV detection,” in Proc. HORA, 2021.

61. D. Legendre and J. Vankka, “Military vehicle recognition using ML techniques,” in Proc. ICIST,
2020.

62. R. Mehta and A. Shah, “Real-time vehicle detection using ML/DL,” in Proc. Procedia Computer
Science, 2024.

63. G. Prathyusha et al., “YOLOv8-based military vehicle detection,” in Proc. ICIRCA, 2025.

64. V. Lytvyn, N. Oleksiv, and M. Nazarkevych, “Tank detection using custom dataset model,” in Proc.
IEEE SIST, 2024.

[JFMR260379260 Volume 8, Issue 3, May-June 2026 9



http://www.ijfmr.com/

