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Abstract In crowd counting, traditional methods often struggle to balance preserving local details and captu-
ring global context due to the high variability in crowd density and occlusion levels within scenes, leading to per-
formance degradation in highly congested or severely perspective-distorted images. To address this issue, this
paper proposes a dense-scene crowd counting method based on deep spectral adaptive modulation (DSAMNet ) ,
aiming to simultaneously enhance the spatial resolution of density map estimation and global counting consis-
tency. Specifically, the method first employs a depth-aware module to jointly extract multi-scale texture fea-
tures and coarse depth estimates, utilizing predicted depth to guide perspective correction and achieve geomet-

rically consistent feature sampling. Subsequently, a spatially adaptive high-frequency encoding module is in-
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troduced, which dynamically modulates coordinate frequencies based on local depth during the encoding
process , thereby enhancing the positional representation capacity in geometrically sensitive regions and impro-
ving the network’ s adaptability to scale and structural variations. Finally, an implicit density decoding module
integrates visual and geometric representations through a cross-domain attention mechanism and performs point-
wise density regression via a hierarchically conditioned multi-layer perceptron, achieving high-quality recon-
struction of continuous density fields. Experimental results demonstrate that the proposed method achieves su-

perior performance on several mainstream crowd counting datasets, exhibiting strong robustness and generaliza-

tion capability in complex perspective scenarios.
Keywords
plicit density decoding
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Tab.1 Comparison results of this method with other methods on the Shanghai Tech dataset and UCF-QNRF dataset

SHA SHB QNRF
WARPA Jik

MAE | MSE | MAE| MSE] MAE| MSE]
MCNN' R 110.2 173.2 26. 4 41.3 227.0 426.0
CP-CNN'™ R 73.6 106. 4 20. 1 30. 1 - -
CSRNet" wE 68. 2 115.0 10.6 16.0 118.8 204. 4
CAN?Y w A 61.3 100. 0 7.8 12.2 107.0 183.0
DM-Count' ! R 59.7 95.7 7.4 11.8 85.6  148.3
SS-DCNet*’ PR 59.9 95.0 7.7 11.1 92. 4 158.7
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Visualization example of prediction results using

this method on the SHA dataset
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Tab.2  Comparison results on the JHU-Crowd + + dataset

Jrik Jr=k MAE | MSE |
MCNN''®/ A 160. 6 377.7
CSRNet' R 72.2 249.9
CAN'?! R 89.5 239.3
SANet!* P R 82.1 271.6
SFCN!3! R 62.9 247.5
AT R 60.5 238.9
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Tab.3 Comparison of efficiency across different models

Tk Params/10° FLOPs/10° FPS MAE | RMSE |
CSRNet"™ 16.26 182. 69 66. 35 68.2 115.0
CAN" 18. 10 193. 65 56. 17 61.3 100.0
SASNet ¥/ 38.90 393. 20 21.77 53.6 88.4
BL™ 21.50 182.19 63.75 62.8 101.8
SRRNet 66. 14 162. 09 26.93 60. 8 103.0
RAQNet*™ 28.30 250. 80 28.30 59.0 101.2
AR 2.42 163.13 81.27 58.9 89.5
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