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Abstract  Crowd counting has attracted much attention in computer vision owing to its contribution
in public security. For example, in a crowd gathering scenario, the monitoring device can monitor
changes in the number of people in real time, and provide early warning of overcrowding and
abnormal conditions to prevent the occurrence of safety accidents. But on account of occlusions,
perspective distortions, scale variations and background interference, it faces a great challenge to
achieve high accuracy on the prediction of crowd counting in a single image. In this paper we
propose a novel model to count crowds named FF-CAM. It merges the frontend feature map with the
backend feature map in the baseline, achieving a fusion of various scale features without additional bran-
ches or extra subtasks. The fusion is fed into the channel-attention block to optimize the
procedure, and to conduct feature recalibration to use global and spatial information. Furthermore,
we utilize dilated layers to obtain a high-quality density map. The dilated convolutional layer

expands the receptive field, and its output contains more detailed spatial information and global
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information without reducing the spatial resolution. The SSIM-based loss function is added to

compare the local correlation between the estimated density map and the ground truth, meanwhile

the regression-based loss function is added to compare the difference between the estimated
number and the actual number of crowd. Our FF-CAM is verified in the UCF_CC_50 dataset, the
ShanghaiTech dataset and the UCF_QRNF dataset, getting brilliant estimations. Compared to
state-of-the-art, MAE is improved by 4. 5% and MSE is improved by 3. 8% in the UCF_CC_50

dataset.
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focus on the analysis of crowd group behavior in public
complex place. It is the most concerned issue in public security
management. However, the crowd behavior in public open
area is complex. Crowd behavior is various in different
scenarios, thus it is difficult to model them directly. Our
previous research found that the crowd behavior could be

described by crowd collectiveness when the public safety was
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considered. The crowd behavior differences in different
scenarios and the difficult problems in unified modeling can
be resolved by extracting the general crowd collectiveness.
We regard the crowd system in public place as a complex
system. From the perspective of visual data observation, we
investigate the methods to mine and discover the universal
crowd collectiveness in public complex place. In addition, we
analyze the evolution of the crowd collectiveness, which
present the generation mechanism of crowd event and
abnormal behaviors. According to this idea, we define four
collectiveness that can be quantitatively descripted and
measured: dynamic crowd collectiveness, static crowd collec-
tiveness. conflictiveness in crowd collectiveness. and stabili-

ty in crowd collectiveness. The collectiveness is measured by

the new graph-based learning method. Robust collectiveness
map is generated by multi-view learning method. By analyzing
the changes of crowd collectiveness in the timeline, the
occurrence and evolution of crowd collectiveness event can be
represented in spatio-temporal dimension. By analyzing the
evolution of crowd collectiveness, we also research the
problem of exploring abnormal crowd collectiveness motion
and the recognition problem of different crowd collectiveness
motions.

This paper collects different crowd scenarios, and can
provide the number of people and the density of the scenario
in single images. It can help us to analyze the evolution of the
crowd collectiveness and the crowd behavior in public open

area.





