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Based on the improved RFBNet pedestrian detection algorithm

LI Guobin, ZHANG Jian, LIN Xianghui, XIE Benliang
(College of Big Data & Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Great success has been achieved in the field of Pedestrian detection with wide usage of deep learning algorithm, but
there are still some problems to be further solved, such as occlusion, difficult sample etc. We propose a pedestrian detection
algorithm using RFBNet where attention mechanism is applied, which can solve the partial occlusion problem well to some extent.
Under the guidance of the attention mechanism, the visible part of pedestrians will be more inclined to be focused by the network,
and the background information restrained, so as to avoid the background information misleading network training and further
reducing the probability of negative samples being mistakenly detected as positive samples. In order to run on lightweight devices,
network has been compressed by reducing layers as many as possible in this work. Experiments on PASCAL VOC data set which is
of pedestrian, show that mAP increase by 0.51% by using SENet channel attention, and the mAPs maintain 78.04% and 80.01%,
while model parameter variables being reduced by 0.9M and 3.1M respectively. The proposed algorithm can increase the accuracy of
pedestrian detection and it has great robustness and applicability.
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Tab. 1 Comparison of pedestrian detection results on VOC2007

test set

ik backbone Map/ % parameters
RFBNet300-person vgg 82.44 33.8M
RFBNet_M veg 80.01 3.1M
RFBNet_S vgg 78.04 0.99M
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Tab. 2 Experiment results of attention mechanism is introduced

Backbone RFB Backbone  Map/%  parameters
vV veg 77.9 0.99M
Vv veg 78.1 0.99M
vV vV veg 71.5 0.99M
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Tab. 3 Experiment results of attention mechanism is introduced

Backbone RFB Backbone ~ Map/ %  parameters
v vgg 79.6 3.1M
Vv veg 80.2 3.1M
Vv Vv veg 79.7 3.1M
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Tab. 4 Experimental results with attention mechanisms

Baseline RFB RFB-s  Backbone Map/ % parameters
veg 82.44 33.8M
RFBNet
vV vV veg 82.95 33.8M
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