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Abstract

Aiming at the problem of low accuracy of pedestrian and vehicle target detection in automatic
driving at night, this paper proposes an infrared image target recognition algorithm based on im-
proved YOLOv3. First, the algorithm improves the feature extraction ability by increasing the num-
ber of convolutions of large-size images in the backbone, and replaces subsequent conventional
convolutions with depthwise separable convolutions to reduce the amount of model parameters
and improve the running speed; In the scale feature fusion, the feature fusion structure is replaced
by the Panet structure to improve the utilization of the underlying information; finally, Distance-
IoU (DIoU) is used as the archor loss function to speed up the model convergence. The test results
on the Flir image data set show that the improved model of the proposed improved YOLOv3 infra-
red recognition algorithm achieves better detection accuracy in terms of precision and recall when
the model size is almost unchanged. Compared with YOLOv3, there are 2.94% and 3.12% increas-
es in pedestrians and cars, respectively, and the average AP also increases by 3.03%. Experiments
show that the improved method not only improves the detection accuracy, but also reduces the
amount of models and improves the detection speed.
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Figure 1. YOLOV3 structure diagram
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Figure 2. Improved residual unit structure diagram
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2.3.2. ¥HERE

Type Filters Size Output
Convolutional 32 3 3 256 256
Convolutional 64 3 128 128
Convolutional 32 1 1

Convolutional 64 3 3

Residual 128 128
Convolutional 128 3 312 64 64
Convolutional 64 1 1

Convolutional 128 3 3

Residual 64 64
Convolutional 256 3 312 32 32
Depthwise separable convolution 128 1 1

Depthwise separable convolution 256 3 3

Residual 32 32
Convolutional 512 3 312 16 16
Depthwise separable convolution 256 1 1

Depthwise separable convolution 512 3 3

Residual 16 16
Convolutional 1024 3 32 8 8
Depthwise separable convolution 512 1 1

Depthwise separable convolution 1024 3 3

Residual 8 8
Avgpool Global

Connected 1000

Softmax

Figure 3. Improved residual network feature extraction flowchart
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Figure 4. Improved feature fusion structure diagram
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Table 1. Comparative experimental results
2 1. ITLELaGss

models Person (%) Car (%) mMAP (%) Ry AN
YOLOv3 76.52 79.83 78.17 235M
AR 79.46 82.93 81.20 232M

Figure 5. Recognition renderings
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