ALLE) o slal) lae
2025 001 38 am) (10) sl
3014-6266 22

Comprebensive Journal of Science
Volume (10), Issue (38), ( Dec, 2025)
ISSN: 3014-6266

0 | el o0 il (36 S| (& YOLOVS g et
il (30 1 vty i | ik
3jaallae FUda Jlas LIVES Wevy soon | Y YL 1@3\)395 e azdallae o
kamal197156@gmail.com alzarogy74@gmail.com rdsaih335@gmail.com
g S 5 Ay ) ) muhy 430y — Jlagl gl LR (Mal) agaal) 3251

2025 /12/6 : il )6 =2025/11/25 :Jgl) gyt =2025/20/15 :analyall f)i= 2025/11/1: 209 o)l

Gad) adle

8 Adle Ailadl) jseall 8 Gindl o CRSSH Cuanll YOLOVS 73w dllad sy ) Casdl 138 Cangy

Crand Ao giie i Cagyl 8 Ui ot e lia ] 5500 2500 (50 435S0 ilily Ao gana o 7 39aill Cay5 5
S %155 (3aaill %15 il %70 Aty L)

(Precision) i€ 4835 <%90.5 il ( MAP@0.5) 48 Laugie Gia Cus # il z3galll (358 goliil) gl
Ld)yall A paind auat] (MIL Tracker ) s dw))lss zed o8 WS L (Recall) 89.7%  clesivl Jazag (91.3%
o Wasale Bgin 7 35all 4elil .%35 Luussy (1D switches) disel) dias cVls o clli G ¢ gl Julis pe
Ciligde] Llee s dleny Los LAY Cagyla (i cani Faster R-CNN; YOLOVS - 3Lty 4i)lie Z8allg de yud
sl Gl (B Ayl Ad)5al

—aliadll jgeall iyadd) Al coindl CaiS (YOLOVS csgulall gl ¢ e lilaal) oIS sialiaa) culall)

Abstract:

This study evaluates the effectiveness of the state-of-the-art YOLOv8 model for ship
detection in high-resolution satellite imagery. The model was trained on a dataset of
2,500 satellite images encompassing ships in diverse environmental conditions. The
data was split into 70% for training, 15% for validation, and 15% for testing. Results
demonstrate the superiority of the proposed model, achieving a mean Average Precision
(mAP@0.5) of 90.5%, Precision of 91.3%, and Recall of 89.7%. A MIL Tracker
algorithm was integrated to enhance monitoring continuity across image sequences,
reducing ID switches by 35%. The model showed significant superiority in speed and
accuracy compared to YOLOvV5 and Faster R-CNN models under the same testing
conditions, making it a practical solution for real-time maritime monitoring
.applications
o Keywords: Artificial Intelligence, Computer Vision, YOLOv8, Ship Detection,
Maritime Monitoring, Satellite Imagery
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Precision-Recall Curve for YOLOv8 Ship Detection
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