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Supervised Crowd Counting
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Supervised crowd counting is normally formulated as a regression task:
➢ Input: an image contain crowds;
➢ Output: a density map demonstrate the distribution and count of crowd in the input;
➢ Ground Truth: a point map in which a pixel with a value of one denotes a person’s location.

➢ OTM is applied to regress the density map into a point map.
➢ Applications: video surveillance and public safety services, traffic congestion control, marine 

environmental monitoring



Supervised Crowd Counting
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(a) A synthetic input with three humans;
(b) Density regression with the intersection hypothesis (using a Gaussian prior), where one pixel may 

correspond to multiple objects;
(c) Point prediction;
(d) Head region segmentation;
(e) Density regression without the intersection hypothesis (proposed method), where one pixel 

corresponds to one object. 



Proximal Mapping Loss
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• nearest neighbour is adopted to split the density map into multiple irregular patches without overlapping.

• In PML, the loss computation is divided into multiple simpler sub-problems, as each point-neighbour 
case  can be handled independently.



Proximal Mapping Loss

VISAL: Video, Image, and Sound Analysis Lab 5



Proximal Mapping Loss
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By defining ෥𝒂 = ෤𝑎𝑖 𝑖
෤𝑛 constructed from ሚ𝒜, the objective inherited from GL is 

to minimize the transport cost:            , where 𝒄 = 𝑐𝑖 𝑖=1
෤𝑛 measures the cost 

when moving a unit mass from 𝒙𝑖 to 𝒚.

Proximal mapping:

Bregman divergence 𝒟𝜑(𝒑, ෥𝒂)



Proximal Mapping Loss
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PML & L2 loss
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Here 𝜂 takes the role as “filler” such that 𝒑∗⊤𝟏 = 1.

with



PML & L2 loss
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Dynamic L2 loss

Traditional L2 loss

where



PML & Bayesian Loss
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• count loss forces the sum of 𝒂 to be close to 1;
• background loss forces the distribution of a to be close to 𝛿 𝒚 ;



PML & Bayesian Loss
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with



PML & Bayesian Loss
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L1 norm is robust to noise annotation:
• If the predicted count is close to 1, 𝒑∗  will be close to the distribution of 𝒂;
• If the count is far from GT, 𝒑∗  will be close to the distribution of 𝛿(𝒚)



PML & P2PNet
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The matching is implemented via Hungarian 
algorithm with the cost matrix:



PML & DMC
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𝜂 also serves as “filler”, ensuring the sum of elements in 𝒑∗ equals 1.



Experiments
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