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A crowd counting model for rail transit scene based on

convolutional neural network
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Abstract: The existing crowd counting methods are not suitable for the subway scene. Therefore, a
crowd counting model based on convolutional neural network is proposed. The model takes the VGG16 as
the front—end network to extract the shallow features, and an M-Inception structure is combined with the
dilated convolution to form the back—end network, which can increase the receptive field and adapt to
different sizes of pedestrian targets at different monitoring angles. And a weighted loss function
combining the head count loss and density map loss is proposed. The proposed algorithm is compared
with four existing models. The experimental results show that the Mean Absolute Error(MAE) and Mean
Square Error(MSE) of the proposed algorithm are 1.46 and 2.13, better than those of the four comparison
models. The proposed model is deployed to Hisilicon embedded chip. The test results show that the
proposed model can achieve high computing speed and accuracy on the embedded chip, which can meet
the requirements of the actual application scenarios.
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Tablel Comparative experimental results

dataset
model Metro-Dataset ShanghaiTech—PartB Dataset
MAE MSE MAE MSE

SaCNN 22239 3.0545 16.473 8 243267
CSRNet 1.800 2 2.3519 11.773 8 18.591 0
CACC 1.702 5 22214 11.621 4 18.4823
ADCrowNet 1.623 1 2.164 1 11.142 1 17.753 2
MPCNN 1.464 9 21325 11.087 3 17.748 7

ground truth: 5.0 ground truth: 18.0 ground truth: 37.0 ground truth: 59.0 ground truth: 217.0 ground truth: 89.0
detected: 5.48 detected: 17.94 detected: 39.2 detected: 58.49 detected: 214.76 detected: 90.42
Fig.4 Test results on subway dataset Fig.5 Test results on ShanghaiTech—PartB dataset
& 4 sthighsst & B R4 [€] 5 ShanghaiTech—PartB F#E MR 2% T
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Table2 Counting accuracy results of the proposed model

No. Caffe model accuracy/% embedded transplant accuracy/% inference time/s

1 96.862 91.179 0.850

2 95.776 90.394 0.880

3 93.746 89.837 0.900

4 95.293 93.792 0.860

5 94.525 89.155 0.880

6 95.748 92.891 0.870

7 96.479 95.987 0.880

8 94.126 92.749 0.880
Avg. 95.319 91.998 0.875
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SR, IR A B BUZ Y REEZ B o AR SCBEAL AR — > 2% JE B A F0AS SR AR 00 3t Bk ot 15 s 4 B R AT T
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