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Fig. 7 Example images of the supplemental dataset
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MITD-YOLO 91.7 82.4 88.9 1255
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Table 3 Model performance comparison after improving the
loss function

R P/% RI% mAP@0.5/% FPS
CloU 89.4 80.7 86.7 135.7
DIoU 89.9 80.9 86.5 139.7
GloU 89.9 80.7 86.2 134.0
SloU 89.9 81.6 86.9 136.5
MPDIoU 89.8 80.3 86.0 136.4
Inner-CloU 90.4 80.5 86.0 132.6
PloUv2 90.7 82.0 88.3 1355
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hy ik — 20 B IR BT SR A B A O, 5 T
it B AR R DA AL AT T LA, LS XU B H AR A
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Table 4 Detection performance comparison of different models

it P/% RI% mAP@0.5/% FPS
Faster-RCNN 87.7 77.0 83.6 94.35
Mask-RCNN 88.0 79.5 85.8 82.70
YOLOV5 88.9 81.9 87.5 129.80
YOLOV7 91.3 88.7 89.0 86.75
YOLOvSn 89.4 80.7 86.7 135.70
YOLOV10 82.6 752 82.5 112.65
YOLOv11 89.3 79.3 85.8 96.90
MITD-YOLO 91.7 82.4 88.9 1255
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Table 5 Results of the ablation experiments

BISTT 2 45 4
C2f DBB EMSConv Triple Attention PloUv2 P/% R/% mAP@0.5/% FPS
x x x 89.4 80.7 86.7 135.7
\ x x 90.6 79.7 86.2 135.1
x V x 89.5 80.6 87.0 136.9
x x v 90.7 81.2 87.1 125.1
x x x 90.7 82.0 88.3 135.5
N N x 90.2 80.4 85.9 130.9
\ V \ 91.0 81.8 88.1 124.6
\ x/ \ 91.7 82.4 88.9 125.5
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Fig. 9 Comparative experiment of scenario 1
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MITD-YOLO: an improved YOLOv8n-based method for
maritime infrared target detection

YANG Xuefeng ', LIU Jiayao', ZHOU Changhua'

1 School of Shipping and Naval Architecture, Chongqing Jiaotong University, Chongqing 400074, China
2 National Engineering Laboratory of Transport Safety and Emergency Informatics, Beijing 100011, China

Abstract: [ Objective ] Complex backgrounds, significant target size variations, and severe sea clutter in
maritime infrared imagery often result in missed or false detections. To address this challenge, an improved
method based on YOLOv8n, termed maritime infrared target detection-YOLO (MITD-YOLO), is proposed to
enhance target detection accuracy in maritime infrared images. [ Method ] MITD-YOLO incorporates a di-
verse branch module (DBB) and enhanced multi-scale convolution (EMSConv) to leverage multi-scale convo-
lutions, enabling the model to more effectively capture complex features. A triple attention mechanism is em-
ployed to facilitate spatial and channel-wise feature interaction, thereby improving key feature extraction. Ad-
ditionally, the powerful-loUv2 (PIoUv2) loss function is introduced to address the anchor box expansion prob-
lem, leading to improved detection accuracy and enhanced model robustness. [ Results ] Experimental re-
sults show that the improved model significantly enhances the efficiency of maritime infrared target detection,
with a 2.3% increase in precision and a 1.7% increase in recall. The model achieves an average precision of
88.9%, and 132.8 FPS, outperforming the original model. [ Conclusion ]| MITD-YOLO enhances maritime
infrared target detection performance and provides a more reliable target detection technology for applications
such as maritime surveillance and ship navigation, contributing to the advancement of intelligent maritime
systems.

Key words: target tracking; infrared target detection; multi-scale convolution; triple attention mechanism
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