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Abstract The aim of this research is to address the remaining issues with small target leakage and poor
multi-target classification performance that are still present during navigation in complex sea areas. To
this end, a global attention-guided multi-scale ship detection algorithm, named GAG-YOIL O, has been
proposed. The global attention mechanism (GAM) has been introduced into the YOLOv5 target detection
network in order to capture the global contextual information, thereby enabling the model to better dis-
criminate the ship target from the complex contextual differences. Furthermore, the anchor frame parame-
ters are optimized to better match the shape of the ship and to more accurately locate and identify ship tar-
gets at different scales. Finally, the loss function of the YOLOv5 network is improved to focus on high-

quality samples using Focal-EIOU for more accurate bounding box regression by assigning different
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weights. The experimental results demonstrate that GAG-YOLO outperforms the listed YOLO series al-
gorithms in terms of detection accuracy and robustness. Specifically, the mean average precision (mAP) at
0.5:0. 95 is improved by 4. 6%. The detection algorithm improves the overall detection speed and effec-
tively reduces the leakage and false detection rate, providing a faster and more accurate solution for ship
monitoring in complex sea areas.

Keywords YOLOv5s; global attention mechanism; Focal-EIOU; anchor box; multi-scale ship detection
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Fig.1 GAG-YOLO network structure
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Tab. 1 Comparison of indicators before and after optimizing anchor box parameters

Anchor Box B/ % Apr/% I./%
Pre-optimization 98. 80 26. 81 34. 32
Post-optimization 99. 97 71.78 79.93
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Tab., 3 Detection results of each model for different type of ship

Methods Targets Bulk cargo carrier  Container ship  Fishing boat  General cargo ship  Ore carrier Passenger ship
mava, /% 98. 6 99. 4 98. 4 99.1 93.6 99. 4
MAP@ ¢ 45 /% 86. 2 87.4 80. 3 87.1 79.8 84.7
YOLOv5s
P/% 96.7 99. 5 98.1 98. 6 97.7 99.1
R/% 97.9 98.1 97. 2 98.3 89.1 99.1
m e, /% 99, 2 99. 5 99. 3 99. 5 99. 3 99, 2
mapa, /0 88.2 90. 4 81.3 88.6 85.2 87.2
GAG-YOLO '
P/% 98.2 100 98.5 100 98.6 99.1
R/% 98.7 100 97.6 98.4 97.9 100
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STy Z 25, ERRAMARNIE
LR s GAG-YOLO i J 3 e 8 i 1 157 5E 17
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Eﬁ?{jﬂﬂﬁ = E"J%*@%ﬁ‘ﬁ%ﬂ Focal-EIOU ?J'E‘l LI Fig. 6 GAG-YOLO detection results
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Fig. 7 Heatmap test results
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YOLOvY FRIFELEA [RIFERE (IR A B IR A 42 . 1 YOLOVT 752 HARK I i fE e I AS ) 8, AHELZ T,
GAG-YOLO 7 X 2 dgse b S T SRS 6 A AT S8 AR 25 1 . 7650 DU B R RN 55 2510 1, VA BT A A 7Y
HIRe I 2] H AR, YOLOv8n, YOLOv8s il YOLOVO /5 fE1E—E LRI I L . 46 1051 v i) 45 s
B &M T YOLOV8n . YOLOVSs [AIFERILH R AG 8, GAG-YOLO FEIX 65T Z 3085 T R0 H 5 A0 1 () 4
TSR  HARTE A 30 A S Sk B0 B AR MR S W T B A 118 S A7 ORI RGN S8 35 4 T 1 ARG I A S B R ]
FEME. G5 ORE . GAG-YOLO 7E 2R AL s B b s i A IR e, e LR AE B A IR N 2 H Ak
e RIS AR T HABE AT YOLO WA Tk i — 204w 1 B ARSI 0 s M A etk . (A 7E 2 H bR
B R I B A B A R — Dt .

[ e O —

(@) JFIREE; (b)) YOLOV7; (¢) YOLOvW8n; (d) YOLOvSs; (e) YOLOv9s; () GAG-YOLO,
8 GAG-YOLO #1 YOLO 5| F R 8 g4 Ml 45 R
Fig. 8 Detection results of different models of GAG-YOLO and YOLO series
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Tab. 4 Detection performance of different methods

Methods P/% R/% M ap@, /% MAP@, (o /% Fpg
YOLOv7 97. 68 98. 42 99. 41 83. 68 46
YOLOv8n 98. 45 95. 82 98. 95 82.62 110
YOLOvS8s 98.93 98. 63 99. 26 85.52 95
YOLOv9s 98. 95 98.52 99. 13 85. 48 108
DETR 94. 12 92. 35 97. 28 78. 20 28

Swin Transformer 96. 54 95. 87 98. 43 81. 50 35
GAG-YOLO 99. 15 99. 33 99. 34 86. 83 87

=5 7ESSDD #HiE&E FRMIKER
Tab. 5 Detection results of SSDD dataset

Methods P/% R/% N C /% MEAP@, 56, o5 /%
YOLOv5s 95.12 93. 45 97. 02 79. 30
GAG-YOLO 98. 24 97.56 98. 87 83. 50
»
4 &ig
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