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Research on pedestrian target detection in lightweight
infrared images based on YOLOVSs
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Abstract ; Pedestrian recognition based on infrared images is an important component of modern security systems. In
scenarios with limited computing resources, it is often difficult to balance the detection accuracy and deployment diffi-
culty due to the influence of model size in infrared pedestrian detection algorithms. In response to this issue,a light-
weight object detection algorithm based on YOLOvSs is proposed in this paper. Firstly, the MobileNetv3 lightweight
feature extraction network is introduced and deep separable convolution is used to reduce the model size, making it
easier to deploy to CPU devices. Secondly, the nearest neighbor interpolation upsampling method is replaced with CA-
RAFE ( Content-Aware ReAssembly of FEatures ) which significantly improves the image reconstruction effect. Finally,
EIOU Loss is used as the loss function of the bounding box to improve the regression performance of the
model. Additionally,tests are conducted on the sampled LLVIP infrared pedestrian image dataset and the results show
that for pedestrian targets in infrared images,the model size is reduced by 80.6 % and the number of parameters is
reduced by 82. 8 % while maintaining a high detection accuracy( AP =95.4 % ) ;and the inference speed is improved
by 43.3 % when using a CPU platform for inference, and the performance of detecting multi-scale targets is im-
proved. The above two results validate the effectiveness of the algorithm.
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Fig. 1 YOLOvSs 6.0 network architecture
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Tab. 3 Training initialization parameters

Initial Weights None
W2 2, 59« LI LU BIREHL M BC) I RS TR UESE Epoch 100
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Tab. 2 Merged dataset Lr 0.01
Dataset Number | Resolution | Camera angle | Pedestrian Momentum 0.937
Sampling 3500 | 1080 x720 | surveillance vV Weight_decay 0. 0005
Addition 356 640 x 480 ground Vv
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Tab. 4 Comparison of PR values before

and after improvement

2 Precision/% Recall/ %
Baseline 95.1 92.2
Lightweight 93.5 89.8
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Tab.5 Comparison of performance parameters before and after improvement
Model
AP/ % size/ MB GFLOPs Params/ x 10°
MobileNetv3 DWeconv CARAFE ‘ EIOU
Baseline ( YOLOV5s 6. 0) 96.9 14.4 15.9 7.02
vV x x x 94.2 3.1 2.3 1.37
Vv vV x x 95.1 2.7 2.0 1.17
v vV VvV x 95.2 2.8 2.1 1.21
Lightweight ( all improvements) 95.4 2.8 2.1 1.21
% 6 LLVIP %4 &Il ik 4 &
Tab. 6 LLVIP dataset test results
Number of images
2 Precision/ % Recall/ % AP/ % size/MB
Train Val
Baseline 96.2 95.9 98. 4 14. 4
13939 1549
Lightweight 94.8 94.2 97.7 2.8
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Tab.7 Reasoning test results

A Inference/ms Number of detected targets
Baseline 117.2 473
Lightweight 66. 4 596
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Fig. 4 Comparison of detection effects
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