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Dense Crowd Localization Method Based on Feature Denoising
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Abstract: The difficulty of dense crowd location analysis is to obtain accurate prediction of individual targets in the image. In dense
crowd scenes, small target objects and other objects in the foreground image have characteristic noises caused by mutual occlusion
and interference. The human head features learned by traditional crowd location methods are easily affected by feature noise, which
may lead to weak discrimination of human head features and inaccurate boundary information acquisition. To solve the above prob-
lems, a class aware feature denoising method is proposed for crowd location, which uses the idea of semantic feature decoupling to
suppress feature noise and thus to enhance the detection of independent heads. Different from the traditional pixel domain denoising
methods aiming at improving image visual quality, the proposed method will denoise multi-scale features in the feature space, pro-
mote the model to learn more about target features, and suppress interference features. Through the semantic decoupling of fore-
ground target features and background features, the response of head features and background features is enhanced and weakened, re-
spectively and the detection performance of independent individual targets can be improved. Experimental results show that the aver-
age F1 values of the proposed method on Shanghai Tech, UCF-QNRF and NWPU crowd dense population data sets are 81.2%,
72.4% and 77.1% respectively, which shows that it improves the performance of dense population localization.
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Fig. 1 Framework of model
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Fig. 2 Schematic diagram of feature denoising

The first line: individual object feature boundary blur, the second line: weak object feature response
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Table 1 Ablation experiment of feature denoising module

methods F1/Precision/Recall

Baseline 0.791/0.860/0.732
Baseline+D_conv 0.805/0.871/0.748
Baseline+W _learning 0.805/0.857/0.758
Baseline+D _conv+W _learning(Ours) 0.811/0.854/0.772
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Fig. 4 Crowd localization visual results before and after feature denoising
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Fig. 5 Performance of comparison among image denoising

methods
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Table 2 Comparison of crowd localization methods
ShanghaiTech Part A ShanghaiTech Part B UCF-QNRF NWPU-Crowd
Method Backbone
F1/Pre/Rec/ % F1/Pre/Rec/ % F1/Pre/Rec/ % F1/Pre/Rec/ %
TinyFaces ResNet-101 57.3/43.1/85.5 71.1/64.7/79.0 49.4/36.3/77.3 56.7/52.9/61.1
RAZ _Loc VGG-16 69.2/61.3/79.5 68.0/60.0/78.3 53.3/59.4/48.3 59.8/66.6/54.3
LSC-CNN VGG-16 68.0/69.6/66.5 71.2/71.7/70.6 58.2/58.6/57.7 —/=/=
FIDTM HRNet 64.6/58.7/71.9 74.6/79.6/70.3 60.9/51.7/73.9 71.1/67.5/75.2
ES'@iRS HRNet 75.9/82.7/70.1 86.4/90.9/82.2 72.4/75.5/69.6 77.1/82.9/72.1
SF A, AT LA AR L HA Ty R B FP ORISR 2 1Y Jsjkx.200700107.
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