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Abstract

To address the strong perspective distortion and multi-scale variations in crowd images caused by
differences in camera height and viewpoint in urban settings, we propose a multi-scale crowd count-
ing method under a multi-task learning (MTL) framework. On top of a point-supervised paradigm, we
introduce an integrated multi-scale pyramid module that enhances feature extraction for heads of
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different sizes. Meanwhile, point annotations are converted—via multi-scale Gaussian diffusion and
adaptive thresholding—into crowd-foreground segmentation labels, which serve as an auxiliary
task jointly trained with the counting task. The overall objective combines counting loss and seg-
mentation loss, suppressing background interference and enabling reliable recognition across
scales. Experiments on urban-scene representative datasets—ShanghaiTech Part A, ShanghaiTech
Part B, and UCF-QNRF—yield MAEs of 57.8, 7.6, and 86.2, respectively, demonstrating strong per-
formance under severe perspective and uneven density conditions and indicating high robust-
ness. The proposed approach improves accuracy and deployability for smart-city crowd counting
without any additional annotation cost, making it suitable for cross-view urban surveillance sys-
tems.
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Figure 1. Foreground segmentation label map
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Figure 2. Crowd-scale statistics in ShanghaiTech dataset
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Figure 3. Diagram of the multi-task crowd counting
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Table 1. Comparison of crowd counting algorithm results on different datasets
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Ours 57.8 924 7.6 12.3 86.2 151.7
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Figure 5. Crowd counting result of ShanghaiTech Part A and Part B dataset
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Figure 6. Crowd counting result of UCF-QNRF dataset
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