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Fig.2 The flow chart of target detection
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Fig.3 Normalized border length and width distribution
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Fig.4 Distribution of clustering results
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Fig.5 mAP curve of clustering algorithm before and after improvement
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Fig.8 Comparison of visual legend 1 of multiple loss functions
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Fig.10 Loss curve of the MIoU
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Tab.2 Detection accuracy of different detection algorithms

Algorithms mAP@0.5 AP
Liner Bulk Warship sailboat Canoe Container Fishing
YOLOvVS-SE 0.934% 0.936% 0.985% 0.992% 0.920% 0.889% 0.972% 0.841%
CBAM-Yolov5 0.930% 0.940% 0.986% 0.985% 0.916% 0.873% 0.959% 0.844%
YOLOvVS 0.928% 0.939% 0.983% 0.989% 0.915% 0.876% 0.952% 0.839%
Proposed algorithms 0.939% 0.944% 0.986% 0.992% 0.916% 0.875% 0.973% 0.889%

o 56 UE MIoU 51 =345 2 55 50 a2 ) i A S0 3 0 Dt
R S B B T, SR IBCAN SR 3 T 7 9 9 il X LR

&3 JHHAHEEMILERT

Tab.3 Comparison of ablation tests of various
improved methods
Method K-median++ MlIoU
a X X
d V x
c X N
Proposed method v \

T BRI AL R R A sE e, 2% 3 B A 7 3 0 F A
) A 0 15 B, AR A SRk 4 TR o AR T R
SR A 0 A% SR A R 11 R, E =k R v
55— 5K B R n] LA Y, SCrb I 0 A SR o A RS
JE A TR . A R R S AE TS 4 K eR B
Ja, 56 ok B i S RN B AR BRSO . A
55 =K B R AT LU, — A H AR A R 1
3T

SCHUEERETT 9 mAP S 92.8%, SCH A AN
Pa BERT 1.1%; J7: b AT ¢ B mAP 4305120 93.5%
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Tab.4 Ablation test results

AP
Method mAP@0.5
Liner Bulk Warship Sailboat Canoe Container Fishing
a 92.8% 93.9% 98.3% 98.9% 91.5% 87.6% 95.2% 83.9%
b 93.5% 93.6% 98.2% 99.0% 90.7% 87.9% 96.3% 88.7%
c 93.0% 94.4% 98.6% 98.5% 91.6% 87.3% 95.9% 84.4%
Proposed method 93.9% 94.4% 98.6% 99.2% 91.6% 87.5% 97.3% 88.9%
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Fig.11 Comparison chart of detection results of different algorithms
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Infrared ship target detection algorithm based on YOLOvVS

Liu Fen', Sun Jie', Zhang Shuai', Sang Honggiang', Sun Xiujun'**

(1. School of Mechanical Engineering, Tiangong University, Tianjin 300387, China;
2. Key Laboratory of Physical Oceanography, MOE, Ocean University of China, Qingdao 266100, China)

Abstract:

Objective Infrared image has the advantages of long detection distance and wide selectable working time, and
plays an important role in infrared target detection in the field of ship image detection. Due to the existence of a
large amount of interference information, ship target detection in a complex sea and sky background is facing
enormous challenges. The target detection algorithm based on deep learning has strong ability to extract features,
strong adaptability of the model to the environment, and good detection effect and stability. YOLOvVS5 algorithm is
a widely used target detection algorithm based on deep learning, but there are still shortcomings in the process of
infrared ship target detection. To solve the gradient explosion problem of YOLOVS algorithm in marine infrared
ship target detection, the border regression loss function based on CloU is improved, the regression process is
optimized, the convergence effect of the model is improved, and the gradient explosion problem is solved in this
paper. To address the problem of inconsistency between the size of the target dataset and the anchor frame, the K-
means algorithm is improved to obtain an anchor frame suitable for the infrared ship dataset used in this

algorithm, which improves the algorithm's detection ability for infrared ship targets.

Methods The K-means clustering algorithm is improved, median is used instead of the average as the selection
criteria for the clustering center to reduce the impact of discrete points on the clustering results. By improving the
penalty term of the aspect ratio in the frame regression loss function, a regression loss function named MIoU
(Multivariate intersection over union) is proposed, which optimizes the regression process, improves the

convergence speed and detection accuracy, and avoids false detection and missed detection of similar targets.

Results and Discussions  Using the anchor frame generated from the infrared ship dataset to train the YOLOv5
algorithm model, the experimental results show that it improves by 0.7% compared to the standard YOLOvVS
algorithm on the mAP (Fig.5). Comparative experiments are conducted using different border regression loss
functions in the YOLOvVS. The border regression loss functions include the border regression loss function
Smooth L1 based on center distance and the border regression loss function based on the overlapping area of IoU,
GloU, DIoU, and CloU. The results show that except for CloU and MIoU, other loss functions can detect two
small targets that are relatively close to each other as a single target. Only CloU and MIoU border regression
function can accurately detect the target and avoid false detection (Fig.8). Compared to other frame loss functions,
MIoU frame regression loss functions can detect more targets in the image and avoid missing detection of some
targets (Fig.9). Comparing MIoU and CloU with better test results in terms of frame loss (Fig.10) shows that the
MIoU loss function Box-loss decreases by 1.5%. Comparative experiments are conducted to compare the
improved YOLOVS algorithm with other improved YOLOvVS algorithms. The experimental results are given

(Tab.2). The ablation experiments are conducted on the improved method, and the results (Tab.4) and the
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recognition results (Fig.11) of various comparison algorithms are given.

Conclusions The infrared ship target detection algorithm based on improved YOLOVS is proposed to address
the issues of inaccurate detection and poor boundary regression performance of the anchor frame and dataset
target sizes that do not match the YOLOVS5 algorithm. Firstly, the K-means anchor frame clustering algorithm is
improved, the median is used instead of the average to select the cluster center, the impact of discrete points is
avoided, and the intersection ratio of the border represented by two points to replace the distance between the two
points is used. The anchor box is made more compatible with the dataset target. At the same time, the aspect ratio
penalty term of the border regression function is improved, which effectively avoids gradient explosion in the
regression process, and optimizes the border regression process. The ablation and contrast experiments are carried
out on the infrared ship data set. The experiment results show that the average detection accuracy of the improved
algorithm is 1.1% higher than the standard YOLOVS5 algorithm and has higher average detection accuracy than
other improved YOLOVS algorithms, which verifies the superiority of the improved algorithm and improves the

detection effect of the infrared ship target.
Key words: object detection;  infrared ship target;  clustering algorithm;  border regression
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