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Dataset ucsD MAI UCF_CC_50 WorldExpo'10 SHTech partA SHTech part B
Evaluation Criteria MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
CSCC [19] 1.60 3.31 - - 467.0 498.5 12.9 - 181.8 2773 32.0 49.8
MCNN [12] 1.07 1.35 - - 3776 509.1 11.6 - 110.2 173.2 26.4 41.3
CMN-Boosting [43] 1.10 - 2m - 364.4 - - - - - - -
CSRMet [18] 1.16 1.47 - - 266.1 3975 8.6 1.47 68.2 115.0 10.6 16.0
CMNN-pixel [49] 1.12 2.06 - - 406.2 404.0 13.4 - - - - -
CMTL [21] - - - - 3328 3414 - - 101.3 152.4 20.0 311
Switching-CNN [15] 1.62 2.10 - - 318.1 439.2 9.4 - 90.4 135.0 21.6 334
MSCNN [90] - - - - 363.7 468.4 11.7 - 838 127.4 17.7 30.2
MetWVLAD [122] - - - - 3113 401.8 10.3 - 107.6 169.3 214 339
SaCNN [132] - - - - 3149 4248 8.5 - 86.8 139.2 16.2 258
DA-Net [128] 1.03 1.31 - - 290.8 326.5 - - 71.6 104.9 15.0 219
FCNN [150] - - - - 2531 356.4 - - 67.6 110.6 10.1 18.8
BSAD [161] 1.00 1.40 - - 409.5 563.7 10.5 - - - 20.2 356
IG-CNN [162] - - - - 2914 349.4 11.3 - 72.5 118.2 13.6 21.1
IC-CNN [169] - - - - 2609 365.5 10.3 - 68.5 116.2 10.7 16.0
SANet [170] 1.02 1.29 - - 2584 3349 8.2 - 67.0 104.5 8.4 13.6
DRSAN [172] - - 1.72 21 219.2 250.2 7.76 - 69.3 96.4 11.1 18.2
HA-CCN [174] - - - - 256.2 348.4 - - 62.9 94.9 8.1 13.4
PACNN [177] 0.89 1.18 - - 241.7 3209 - - 62.4 102.2 7.6 11.8
CANet [152] - - - - 2122 243.7 7.2 - 62.3 100.0 7.8 12.2
L25M [194] - - - - 188.4 3153 - - 64.2 98.4 7.2 11.1
SAANet [196] - - 1.28 1.68 2716 391.0 - - - - 16.86 28.4
E3DNet [197] 0.93 117 1.64 213 - - 8.32 - - - - -
DSSINet [198] - - - - 2169 3024 6.67 - 60.63 96.04 6.85 10.34
SPANet [200] 1.00 1.28 - - 2326 319 - - 594 92.5 6.5 9.9
PGCNet [1588] - - - - 24456 361.2 8.1 - 57.0 86.0 8.8 13.7
AMSNet [71] - - - - 208.6 296.3 6.8 - 58.0 96.2 7.1 10.4
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CNN: Convolutional Neural Network

1. Zizhu Fan a , Hong Zhang Zheng Zhang , Guangming Lu b , YuCrowd counting
Crowd density estimation Convolutional neural network Deep learningdong Zhang,
Yaowei Wang (2021). A survey of crowd counting and density estimation based on
convolutional neural network, Nurocomputing, 224 -251.

Y. Zhang, D. Zhou, S. Chen, S. Gao, and Y. Ma, “Single-image crowd counting via
multi-column convolutional neural network,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pp. 589-597, Jun. 2016 .

D. B. Sam, S. Surya, and R. V. Babu, “Switching convolutional neural network for
crowd counting,” in EEE Conference on Computer Vision and Pattern Recognition,
pp. 40314039, IEEE, Jul. 2017,

Ning Liu, Yongchao Long, Changging Zou, Qun Niu, Li Pan and Hefeng Wu,
"Adcrowdnet: An attention-injective deformable convolutional network for crowd

understanding”, Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pp. 3225-3 ”
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Scale-Relevant Feature Extraction
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Predicted Density Map

Photorealistic Image (for Training)

Real Image (for Testing) Predicted Density Map
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