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Thermal infrared road vehicle and pedestrian
detection method based on improved YoloV5s
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[ Abstract] In an ADAS system based on machine vision, obstacle detection methods based on traditional RGB visible light
imaging are extremely susceptible to abnormal weather, optical refraction and other reasons. In contrast, passive thermal infrared
imaging technology has the advantages of being immune to weather interference and light interference, and is a potential solution for
future ADAS systems. Based on the characteristics of the thermal infrared image, this paper optimizes the YoloV5s detection
network and proposes a thermal infrared road vehicle and pedestrian detection method based on the improved YoloVS5s. Faced with
the characterstics of thermal infrared images and the computing power of embedded platforms in actual deployment, the method uses
a convolutional downsampling layer to replace the inefficient Focus Layer in YoloV5s. Aiming at the occlusion, overlap and other
situations that are prone to false detection and missed detection in the actual deployment environment, the weighted NMS is replaced
by DIoU_NMS as the candidate frame non—maximum suppression method. The algorithm is verified using FLIR thermal infrared
traffic detection data set. The method parameter is 7.4 M, the calculation is 17.5 GFLOPs, the detection speed reaches 213 FPS, and
the mAP reaches 93.4%. This method can meet the real-time performance required by the ADAS system while ensuring the detection
accuracy.
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Fig. 1 YoloVS5s network structure
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Fig. 3 Schematic diagram of the Focus layer
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Tab. 1 The impact of the Focus layer on the algorithm

(ERFS mAP/ % Recall/ % FPS
YoloV5s 87.7 75.8 222
YoloV5s—Conv 88.6 75.9 227
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Fig. 4 Nearest neighbor interpolation algorithm
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Tab. 2 Comparison of nearest neighbor interpolation upsampling

layer and transposed convolutional layer

ik mAP/%  Recall/% FPS
YoloV5s—Upsample 88.6 75.9 227
YoloV5s—ConvTranspose 90.7 77.7 223
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Fig. 5 Principle of DIoU_NMS method
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Tab. 3 The influence of different NMS methods on the algorithm

=R/ mAP/ % Recall/ % FPS
YoloV5s 87.7 75.8 222
YoloV5s—DIoU_NMS 90.3 74.9 217
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Tab. 4 FLIR thermal infrared road dataset information
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Tab. 5 Parameters of training platform

Parts Model

CPU ES 2620 v4
RAM 128 G(32 G *4)
GPU 1080Ti * 4
VRAM 4 G(11G * 4)

Deep learning framework PyTorch 1.8
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Tab. 6 Training parameters of the model

SR SR
Batch size 128
Epochs 300
Input shape 640 * 512
Training set 7 532
Validation set 1330
Test set 1 366
Initial learning rate 0.01
Momentum 0.937
Optimizer weight decay Se-4
IoU training threshold 0.2
Class loss gain 0.5
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Tab. 7 Comparison experiments of mainstream detection algorithms

RS GFLOPs ~ mAP/ % Recall/ % FPS/ i
Tiny-YoloV3 5.6 58.8 473 208
Tiny-YoloV4 6.9 65.1 55.9 178

YoloV3 156.4 95.0 81.1 64
YoloV4 128.5 96.3 83.4 62
YoloV5s 16.3 87.7 75.8 222
YoloV5s6 16.7 88.4 75.7 208
ES @RS 17.5 93.4 79.9 213
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