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Abstract: This paper proposes a lightweight multi-modal pedestrian detection algorithm based on
deep learning MBNet algorithm to address the problem of 24/7 multi-modal pedestrian detection
algorithm having a large size, high computation load and insufficient efficiency. First, the CSP-
ResNet18 lightweight feature extraction network is built using the ResNet18 algorithm combined
with the idea of cross-stage linking to ensure accuracy of the detection algorithm; then, the light-
weight efficient channel attention module is introduced to enhance the feature extraction
network’s ability to focus on important features, which can improve the detection accuracy of the
algorithm by introducing very few parameters; finally, the feature extraction network of MBNet
algorithm is reconstructed by introducing a lightweight Ghost convolution module, which can fur-
ther reduce the parameters required and the size of the algorithm and improve its detection effi-

ciency while ensuring the feature extraction performance. The proposed G-MBNet algorithm is
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tested on the KAIST pedestrian dataset, and the experimental results show that the size of G-

MBNet algorithm is 32. 33% that of the original algorithm; the number of parameters is 37. 81%

that of the original algorithm; the detection speed is 1. 53 times that of the original algorithm.

The experiments verify that G-MBNet algorithm can effectively improve the detection speed while

ensuring the pedestrian recognition accuracy.

Keywords: pedestrian detection; multi-modal fusion; lightweight network; Ghost convolution;

attention mechanism
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Fig. 1 MBNet multi-modal pedestrian detection algorithm
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Fig. 2 Schematic diagram of lightweight scheme
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