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Encoder-Decoder Network Fusing Channel and Spatial Attention for Crowd Counting

YU Ying", PAN Cheng, ZHU Huilin, QIAN Jin, TANG Hong
College of Software, East China Jiaotong University, Nanchang 330013, China

Abstract: The purpose of crowd counting is to accurately predict the number, distribution and density of crowds in
real scenes. However, crowd counting often suffers from some problems such as complex background, diverse
target scales, and cluttered crowd distribution, which strongly affects the precision of counting. To solve these
problems, a channel and spatial attention-based encoder-decoder network for crowd counting (CSANet) is proposed.
It uses a multi-level encoder-decoder network to extract multi-scale semantic features, and fully integrates spatial
context information to solve the problem of pedestrian scale changes and messy distribution in complex scenes. To
reduce the impact of complex background on counting performance, channel and spatial attention are introduced in
the process of feature fusion to improve the quality of crowd density map by increasing the feature weights of crowd
regions to highlight regions of interest, and decreasing the feature weights of weakly correlated background regions to
suppress background noise interference. To verify the effectiveness of the proposed algorithm, experiments are
conducted on several classical crowd counting datasets, and the experimental results show that CSANet performs
well in multi-scale feature extraction and background noise suppression compared with existing crowd counting
algorithms, which greatly improves the accuracy and robustness of counting algorithm in dense scenes.
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Fig.1 Challenge of crowd counting
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Table 1 Network parameters
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Fig.3 Fusing attention method
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Table 2 Performance comparison of different
methods on ShanghaiTech dataset

o Part_A Part B
1.
MAE RMSE MAE RMSE

MCNN® 110.2 173.2 26.4 41.3
CP-CNN™ 73.6 106.4 20.1 30.1
CSRNet™ 68.2 115.0 10.6 16.0
ASD™ 65.6 98.0 8.5 13.7
PACNN® 66.3 106.4 8.9 135
SFANet®? 59.8 99.3 6.9 10.9
DUBNet®™ 64.6 106.8 7.8 12.2
CSANet 59.4 97.1 7.1 11.2
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Fig.5 Training process on ShanghaiTech dataset
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Table 3 Performance comparison of different
methods on UCF_QNRF dataset

WIR7S MAE RMSE
MCNN® 277.0 426.0
CMTL® 252.0 514.0
IA-DCCNEY 125.0 186.0
RANet® 111.0 190.0
DUBNet® 105.6 180.5

CSANet 104.8 175.4
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Fig.6 Training process on UCF_QNRF dataset
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Table 4 Performance comparison of different methods
on UCF_CC_50 dataset

Ik MAE RMSE
MCNN® 377.6 509.1
Switch-CNN®? 318.1 439.2
CP-CNNE® 295.8 320.9
CSRNet? 266.1 397.5
ASD?! 196.2 270.9
PACNNE! 267.9 357.8
CSANet 191.3 262.8
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Fig.7 Result visualization
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5 ShanghaiTech
Table 5 Ablation study on ShanghaiTech dataset
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Fig.8 Visualization of ablation study results
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