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1. More Experimental Results
1.1. Quantitative Evaluation

We evaluate our method with more methods including MCNN [19], CSR-Net [5], SA-Net [1], and NoisyCC [14] on the
ShanghaiTech [20], UCF-QNREF [4], JHU-Crowd++ [13], and NWPU-CROWD [17] datasets. The results are demonstrated
in Table 1. The proposed AWCC-Net can achieve the best performance in UCF-QNRF and JHU-Crowd++ while conducting
comparable performance in the ShanghaiTechA and NWPU-CROWD datasets. Moreover, we present the density maps under
different adverse weather and clear scene predicted by the AWCC-Net and other algorithms in Figure 1. The results show
that the AWCC-Net can predict the more accurate density distribution and counts of crowds under bad weather and clear
scenes.

2. Implementation Details

In Table 1 of the regular paper, we compare our methods with several baselines. The results of 'BL-U’, "BL-UF’, *GL’,
’GL-U’ and *GL-UF’ are retrained based on their original setting and official implementation since they do not provide pre-
trained weights on the JHU-Crowd++ dataset. The results of other methods are directly reported from their original papers
or the paper of the JHU-Crowd++ dataset [13].

* indicates equal contribution.


https://awccnet.github.io/

Dataset ShanghaiTechA  UCF-QNRF JHU-Crowd++ NWPU-CROWD

Method MAE MSE MAE MSE MAE MSE MAE MSE
MCNN [19] 110.2 173.2 2770 426.0 1889 4834 2325 714.6
CSRNet [5] 68.2 115.0 - - 85.9 309.2 1213 387.8

SANet [1] 67.0 104.5 - - 91.1 3204  190.6 491.4

SFCN [18] 64.8 107.5 102.0 1714 775 297.6 1057 424.1

BL [9] 62.8 101.8 88.7 1548 75.0 299.9 1054 454.2
LSCCNN [11] 66.5 101.8 1205 2182 11277 4544 - -

CG-DRCN-VGG16 [13]  64.0 98.4 1122 1763 823 328.0 - -
CG-DRCN-Res101 [13]  60.2 94.0 955 1643 71.0 278.6 - -

DM-Count [16] 597 957 856 1483 - . 884  388.6
NoisyCC [14] 619 996 858 1506 - . 969 5342
UOT [10] 581 959 833 1423 605 2527 878 3875
S3[7] 570 960  80.6 139.8 594 2440 835 3469
GL [15] 613 954 843 1475 599 2595 793  346.1
ChfL [12] 575 943 803 1376 57.0 2357 768 3430
CLIR [6] 569 952 858 1413 595 2406 743 3338
MAN [8] 568 903 773 1315 534 209.9 765  323.0
GauNet [3] 548 891 816 1537 582  245.1 . .
AWCC-Net 562 913 764 1305 523 2072 744  329.1

Table 1. Quantitative comparison on the ShanghaiTech A [20], UCF-QNRF [4], JHU-Crowd++ [13], and NWPU-CROWD [17]
datasets with existing methods.
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Figure 1. Comparison of density maps of the proposed method and other methods in the adverse weather (i.e., haze, snow, rain)
and clear scene. The proposed method can compute more accurate density maps compared to the results estimated by other strategies.
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