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Abstract: To address the challenges of large scale variations and strong background interference in dense crowd images,
this paper proposes a crowd counting model named Multi-scale Selective Density Aggregation Network (MSDA-Net).
The model introduces three collaborative modules: the Multi-scale Tuning Module (MTM), the Selective Attention Module
(SAM), and the Density Context-aware Module (DCF), which collectively enhance feature representation and density map
quality, thereby improving counting accuracy in complex congested scenes. Specifically, the MTM captures multi-scale
contextual information through multi-branch atrous convolutions, alleviating the impact of drastic scale variations. The
SAM employs spatial and channel attention mechanisms to suppress background noise and highlight foreground crowd
regions. The DCF models the contextual dependencies of density maps using convolutional LSTM architecture, enhancing
continuity between adjacent regions to generate smoother and more accurate density maps. A joint loss function combining
Euclidean distance loss and structural similarity (SSIM) loss is adopted to optimize pixel-level regression and local

BETH: BHFAREEEES (62073227); I FHRHLTHIH (2023)H2/101300212).
"EAE1ERH: HWIE, tyuqing0619@163.com
WSk F 3 2026-04-14; #2352 H #H: 2026-05-07; 74k Hiki H 11: 2026-06-13 http://www.computscitech.com


http://www.computscitech.com/
http://dx.doi.org/10.57237/j.cst.2026.03.001

85 EHE %

2 R BN FLAG TR 7T

structural consistency simultaneously. Extensive experiments are conducted on four public benchmarks, including
ShanghaiTech Part_A, ShanghaiTech Part B, UCF_CC_50, and UCF_QNRF. The proposed MSDA-Net achieves superior
performance on all datasets, e.g., MAE of 58.1 on Part_A, 6.9 on Part_B, 205.3 on UCF_CC_50, and 84.8 on UCF_QNREF,
outperforming many state-of-the-art methods. Ablation studies further validate the individual contribution of each module.
Overall, MSDA-Net demonstrates strong generalization ability and practical application value in real-world crowded

SCenes.
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. SHA SHB

ks MAE RMSE MAE RMSE
SDANet 63.6 101.8 7.8 10.2
SCAR 66.3 114.1 9.5 15.2
Bayesian 62.8 101.8 1.7 12.7
HA-CNN 62.9 94.9 8.1 13.4
DENet 65.5 101.2 9.6 15.4
LSC-CNN 66.4 117.0 8.1 12.7
MSCANEet 66.5 102.1 — —
MFPNet 65.5 112.5 8.7 13.8
MSDA-Net 58.1 98.7 6.9 11.7
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MAE RMSE  MAE RMSE

MCNN 3776 509.1 277.0 426.0
Switch 318.1 439.2 228.0 445.0
CP-CNN 295.8 3209 — —
Ic-CNN 260.9 365.5 — —
CSRNet 266.1 397.5 — —
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HA-CNN 256.2 348.4 118.1 180.4
DENet 241.9 345.4 — —
LSC-CNN 225.6 302.7 1205 —
MSCANet 24238 329.8 104.1 183.8
MFPNet 240.8 384.4 112.0 190.7
MSDA-Net 2053 285.4 84.8 1452
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B BRI T N, (S 2 REERFESR I R
AE AR S, BN MTM. SAM B DCF ik
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SHA

SHB
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UCF_QNRF
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2, 58 MSDA-Net B =& &, 5T
LE MAE A1 RMSE, 74718 MTM. SAM #l1 DCF
R0 20 Je A

3 MHAL A R SR 4 R

MTM SAM DCF MAE RMSE

= = x 8.2 13.0

~ x x 7.6 124

x \ x 7.7 12.7

x x v 8.0 12.8

. . v 6.9 117
4.5 RIRRALSTHT

N2 B AIE T4 H 9k 1R AT R e A R o
', ASCRIR T AN ESEALE IR B G L i s R T T A
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CSRNet MSDA-Net (ours)
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5 4
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2% MSDA-Net ( Multi-scale Selective Density Aggregation
Network) . M 454 | 25K B9, s E
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