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[ Abstract] Aiming at the problems of background interference, insufficient feature information, and dramatic changes in scale,
This paper proposed a small-scale crowd counting network based on multi—scale and dual attention mechanism ( Multi—Scale and
Dual Attention, MSDA). The MSDA network was mainly composed of a Spatial Channel-dual Attention (SCA) module and a
Multi—scale Feature Fusion ( MFF) module. The MFF module sent the features into three columns of dilated convolutions with
different convolution kernels to expand the spatial scale of small targets, and then performs multi-scale feature fusion through feature
cascade and convolution operations; the SCA module input the features into the channel attention network, Then use the pooling
operation in the spatial attention, and use the pixel-by—pixel multiplication operation to enhance the detailed information; Finally,
send the processed features to the density map generation module, and obtain the density map through 1x1 convolution .This paper
tested the proposed model on Shanghai Tech and Mall datasets, and the results show that the model achieve good accuracy and
robustness.
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Fig. 1 Multi-scale and dual attention mechanism model
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Fig. 2 Comparison of the effect of Gaussian kernel size in different

density maps
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Tab. 1 Comparison of experimental results in the mall dataset
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Tab. 2 Comparison of experimental results in the Shanghaitech

dataset
SHA SHB

ik
MAE MSE MAE MSE
Switch—CNN!#J 90.4 135.0 21.6 33.4
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Tab. 3 Network structure analysis results
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FEAHELE 75.34 111.98 9.33 14.75
+MFF 68.1 101.73 8.78 13.02
+MFF+SCA 62.1 98.19 8.3 12.49
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