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Ship Target Detection Algorithm Based on Improved YOLOVS
DONG Cong-xin, LIU Qing-hua "

(Information and Communication College, Guilin University of Electronic and Technology, Guilin 541010, China)

[ Abstract] An improved DGA-YOLOV8 offshore ship target detection algorithm was proposed to tackle the issues of low accuracy and
single ship detection categories that are present in traditional ship target detection algorithms. Firstly, the network was adapted to
include deformable convolution, which expanded the model’s receptive field. Learnable offsets were introduced, allowing the model to
adaptively adjust the size and shape of the receptive field in response to the actual shape of the object, ensuring that the convolution
area can precisely cover the contour of the ship object. Secondly, the incorporation of a GAM ( global attention mechanism) attention
mechanism enabled the network to effectively emphasize the key features of ship targets, thereby enhancing the target recognition
capability. The experimental results demonstrate that the improved algorithm achieves accuracy and average accuracy mean (mAP) of
96.4% and 92.2% , respectively. An frames per second( FPS) of 43.55 is recorded, indicating not only an enhancement in accuracy
but also the maintenance of a certain detection speed, thus fulfilling the requirements for real-time detection. When compared with
other mainstream algorithms, such as faster region-based convolutional neural network ( Faster R-CNN) and YOLOv5s, YOLOv10. The
results show that the proposed algorithm exhibits higher average accuracy and significant superior classification performance.

[ Keywords] YOLOvS8; ship target detection; deformable convolution; attention mechanism
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Table 4 Comparison of TIDE results
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Table 5 Comparison of different attention mechanisms
o W%/ BE*R/ mAP@O0.5/ mAP@O.5:0.95/
YOLOv8n 93.1 86. 1 91.8 73.1
+SE 95.5 86.7 90.9 71.7
+ECA 93.9 84.9 91.1 72.5
+ CBAM 92.9 87.2 91.4 72.6
+ GAM 95.4 87.4 91.4 73.5
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Table 6 Comparison experiment of different algorithms

. HEWR/ A EER/ mAP@O. 5/ R

TBETR FPS
% % % MB

Faster R-CNN  86.5  77.7 86.9  8.00 108.00

YOLOV3 93.1 86. 4 90.4  6.33 235.00

YOLOvSs 92.4  89.7 90.2 27.77  13.80

YOLOV7 -tiny 92.1 853 91.0 38.81  11.70

YOLOv8n 93.1  86.1 91.8  43.11 5.98

CBAM-YOLOv8'"! 91.6  87.8 91.1 52.18 7.00

YOLO9s 95.3  87.6 91.1 24.13  19.30

YOLOv10n 95.5  85.9 90.6  65.79 5.53

DGA-YOLOv8 96. 4 87.3 92.2 43.55 10. 60

2 6 A 41, Faster R-CNN 1 YOLOv3 5% Ay
FPS {H AR AR, If HABAFRER R K, YOLOVSs B2
RAERS BEF mAP L EIKF YOLOv3 , {HH: FPS {H$2
R T 27,77, R FERL R KN T B YOLOV3 ik /b
T 221.2 MB, 5§ Wi & X He AR B g = Ak,
YOLOv7-tiny ZEREHHE AT mAP |- 5 YOLOvS J£34
BERNZES,FPS LA THARMET, YOLOV8n
TEA IR A YOLOvVSs BEAR 1B HORS 5 5 1 mAP
HEA T — E M HE T, T I AR R A A FH s 45 2] 45
VR, RGN R AR TR, SCHR[ 17 ] R A
CBAM-YOLOv8 ik BARS AT A &85 T —
FE BRI, BERLAS 2] T AR Al (H 2R B HMIRF R
LRBEAY . YOLOV)s B IETEMER R .mAP J7 T ¥R K&
AR SCEE TR ISP ARG 32 A1 ; YOLOV10n 2 SR 7E A
T RE bk B 5y, (HHERR R AT mAP YRR T4 3C
Bk TR 9 DGA-YOLOVS H5 BUKS 1 i Fl mAP
HIRTFE] T 96. 4% F192. 2% , [FlI} FPS 45 & , 45
IR /INFE YOLOVSn (3Ll EALIE fin 4. 62 MB, 5 H:
AR L, AR SRS IR A v Tff 3 5k B )y e AR
AR,
3.4 WL

& 10 A6 ik B i i TP (SO HE ) (FP (5
FE) T EN (LT AE ) 1 T ik 25 5% ol il Ak 45
TR AT DA AR AU ARG I RE A 45 A O T HE AT PEAS RN
T

m & 10 a1, A YOLOVS #EAUH B T i £
IR A4S SR A BLS, fHEL Z T, T4 H A9 DGA-
YOLOv8 Sk e K Al & 7 1 A T — 8 I3,
X B A Z 500N B AR HR R O, AR SCERE X
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Fig. 10  Comparison of detection result
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