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Target Recognition of Infrared Ship Based on Deep Learning
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(Institute of Southwest Technical Physics, Chengdu 610041, China)

Abstract: In this study, the You Only Look Once Version 3 (YOLOvV3) target recognition algorithm in deep
learning technology is used to identify the ship in an infrared image collected using an infrared imager from
the sea surface. The infrared imager captures images at a frequency of up to 50 frames per second. To reduce
network computing time, a few ideas are generated based on YOLOv3; additionally, a full convolution
structure and the LeakReLU activation function are used to redesign a lightweight basic network to
accelerate detection. The output layer uses the softmax algorithm to regress according to the characteristics
of the collected infrared images, which improves the detection speed and accounts for detection accuracy.
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Fig.3 Modified YOLOV3 network structure
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Note: Type is the computational process. It has been introduced before. Size/Stride is the kernel size of the convolution and step. Default

value is 1 if the convolution step is empty. Output is the Feature Map’s size.
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Fig.7 YOLOV3 video test
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Fig.8 Modified YOLOv3(left) and YOLOv3(right) anti-interference of the wave
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Fig.10 Modified YOLOv3(left) and YOLOv3(right) anti-interference of the sea-sky-line

#1 Yot YOLOV3 78 10U=0.3 Il il # 4t Table 1 Modified YOLOV3 test IOU=0.3
Confidence Total nums True Ground True Precision Recall
0.1 217 147 148 0.99 0.68
0.15 196 143 148 0.97 0.73
0.2 174 132 148 0.89 0.76
0.25 156 127 148 0.86 0.81
0.3 142 121 148 0.82 0.85
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Table 2 ModifiedYOLOV3 test IOU=0.5

Confidence Total nums True Ground True Precision Recall
0.1 202 137 148 0.93 0.80
0.15 181 130 148 0.88 0.72
0.2 168 124 148 0.84 0.74
0.25 153 115 148 0.78 0.75
0.3 136 107 148 0.72 0.79

%3 YOLOV3 7 10U=0.3 Il i & dfs
Table 3 YOLOv3 test IOU=0.3

Confidence Total nums True Ground True Precision Recall
0.1 165 119 148 0.80 0.72
0.2 135 109 148 0.74 0.81
0.3 126 104 148 0.72 0.82
0.4 120 100 148 0.68 0.83
0.5 114 97 148 0.66 0.85

#4 YOLOV3 7£ 10U=0.5 il i %
Table 4 YOLOV3 test IOU=0.5

Confidence Total nums True Ground True Precision Recall
0.1 216 143 148 0.96 0.66
0.2 158 119 148 0.80 0.75
0.3 141 110 148 0.74 0.78
0.4 132 106 148 0.72 0.80
0.5 124 103 148 0.69 0.83

Precision—Recall Curve
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Fig.11 Modified YOLOv3 and YOLOV3 P-R curves
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