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Crowd Counting Based on Single-Column Deep Spatiotemporal
Convolutional Neural Network
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School of Electronic and Information Engineering, Lanzhouw Jiaotong University,
Lanzhow, Gansw 730070, China

Abstract  Sudden mass gatherings are detrimental to people’ s safety. Therefore, it is paramount to conduct
effective crowd counting in high-risk areas. Aiming at the problems of multicolumn neural network structure is
bloated, redundant information and time consuming, we proposed a crowd counting model based on a single-column
deep spatiotemporal convolutional neural network and modified it for video image counting. First, a fully
convolutional network (FCN) is added to the feature fusion of dilated convolution and level jump connection to
improve the ability of the network to extract features. Then, to reduce the influence of the angle distortion
generated by the video surveillance on the counting results, a spatial transformation module is added to the long
short-term memory (LSTM) network structure. Further, the residual connection method is used to connect and
improve the FCN and associated timing LSTM network to improve the accuracy of the network counting results.
Finally, tests are performed on UCSD, Mall, and self-built population data sets. Results show that the crowd
counting accuracy and robustness of the model are better compared with other models.
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Table 1 Performance indexes of different models on

the UCSD data set

Models S mae S vise
ConvL.STM™ 1.30 1.79
Bidirectional ConvLSTM™ 1,13 1.43
Ref. [19] 2.24 7.97
Ref. [20] 2.25 7.82
Ref. [10] 1.54 3.02
Ref. [21] 2.07 6. 86
Ours 1. 05 1.59
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Fig. 4 Counting results of our model on the UCSD data set
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Fig. 5 Experimental results of our model on the Mall data set. (a) Density map; (b) counting result
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Table 2 Performance indexes of different models on

the Mall data set

Model Svae Suse
ConvLSTM"™ 2.24 8.50
Bidirectional ConvL.STM"™ 2.10 7.60
Ref. [20] 3.59 19. 00
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Ours 1. 95 7.50
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Fig. 6 Experimental results of our model on the self-built data set. (a) Density map; (b) counting result
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Table 3 Performance indexes of different models on

self-built data set

Model S uae S vse
ConvL.STM™ 4,51 5.91
MCNN 3.81 4.92
Ours without ST 4.32 5.21
Qurs 3.51 5.10
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Table 4 Confirmation experiment resultsl of different

data sets

No dilated No ST dilated+No ST

Data set
fviae S vse S viae Svse
UCSD 1.71 4. 25 1.52 4.13
Mall 2.89 9.01 2.13 8.51
Self-built 4.74 6.65 4.32 5.21
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Table 5 Confirmation experiment results 2 of different data sets

No dilated No ST No dilated+ ST dilated+ST
Data set
,/.NI/'\F, ,[MSPT ,[!\1,’\1—: ,/‘MSE ,[M./\Pf ,/.IWSE
UCSD 1.71 4,25 1.41 3.52 1.05 1.59
Mall 2.89 9.01 2.01 8.43 1.95 7.50
Self-built 4,74 6.65 4. 33 5.23 3.51 5.10
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Fig. 8 Training loss curves of the network before and

after the improvement
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