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GLCrowd: a weakly supervised global-local
attention model for congested crowd
counting

Zhang Hongmin®, Tian Qiangian, Yan Dingding, Bu Lingyu
School of Electrical and Electronic Engineering, Chongqing University of Technology, Chongqging 400054, China

Abstract: To address the challenges of crowd counting in dense scenes, such as complex backgrounds and scale
variations, we propose a weakly supervised crowd counting model for dense scenes, named GLCrowd, which
integrates global and local attention mechanisms. First, we design a local attention module combined with deep
convolution to enhance local features through context weights while leveraging feature weight sharing to capture
high-frequency local information. Second, the Vision Transformer (ViT) self-attention mechanism is used to capture
low-frequency global information. Finally, the global and local attention mechanisms are effectively fused, and

i HEA: 2024-07-24; 1&[EIHHR: 2024-10-07; FFAHHEA: 2024-10-08

HEWB.: T AR AL FWIHE (cstc2021 jeyj-msxmX0525, CSTB2022NSCQ-MSX0786, CSTB2023NSCQ-MSX0911); T
P R E ARSI H (KJQN202201109)
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counting is accomplished through a regression token. The model was tested on the Shanghai Tech Part A,
Shanghai Tech Part B, UCF-QNRF, and UCF_CC_50 datasets, achieving MAE values of 64.884, 8.958, 95.523,
and 209.660, and MSE values of 104.411, 16.202, 173.453, and 282.217, respectively. The results demonstrate
that the proposed GLCrowd model exhibits strong performance in crowd counting within dense scenes.

Keywords: crowd counting; Vision Transformer; global-local attention; weakly supervised learning
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Fig. 1 GLCrowd network structure
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Fig. 3 Comparison of different methods. (a) Traditional convolution; (b) Standard self-attention; (c) Local attention
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Table 1 Information of datasets

Shanghai Tech

S A o B UCF-QNRF UCF_CC_50
G H R 482 716 1535 50
IR 589x868 768x1024 2013x2902 2101x2888
ASEPN 501 123.6 1279 1278
BRAEL 3139 578 12865 4543
FEUN ¢ 241677 88488 1251642 63974

%2 FHIBIZE

Table 2 Information of experimental environment

(L= 24

BYERSE Ubuntu 20.04.3 LTS (GNU/Linux 5.15.0-97-generic x86_64)
RS NVIDIA GeForce RTX 4090(x1)

SR 24 G

A3 HaFR A

Table 3 Data of partial experimental parameters

FESEL BARZH
&SR3 5x10™
Pl ENENGE L 1200
Ak s 0.95
Sk 1x10°
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GLCrowd BLALR AR, ALHEME T & B EL
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R BRI OT MARHEL-F-H5F, o isk)

7 S A I VA S

6] i, 76 UCF QNRF %% #5 4E i 52 36 o,
GLCrowd #&% 7 k. Transcrowd gap % % /£ MAE |- i
F+7T 1.7, # UCF_CC 50 ##ls4E ', GLCrowd 5%
5 PC-Net # AU b 7 MAE L& T+ T 7.6, JF H7E
MSE P RIEEERTE T 27.5,

A, X} GLCrowd BEAYTF & T Al AL 5255, ¥
Sy AT AR A 5 Brs o B A D DR iR EHR
(original picture) £ % Fi i A HE 7 s I AFE S 5,
AT R TR AR RS AT R TR
Tl S RIS 28 = AT R TR A AR 2
Hahn TR A AR R, XA TS SR AN AL
A = R ZREE AR SEIUTRIASIAT
A BRI K I 3 A2 A 5 | B AN RS R/ NAS— )
B HETATEGINEES THENRE . B4 5t
BEAR AL = AN ) 38 2 X B 3 A A R AR R
Attention weight Fll Attention map 73 #7 , #& i 19
GLCrowd 5 ) GE % 1 2y 58 FE Hb /e AT e IX I, JF
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Table 4 Experimental results on Shanghai Tech dataset

) Part A Part B
SR
MAE MSE MAE MSE
HLNet"” 715 108.6 11.3 20
Transcrowd_gap®” 66.1 105.1 9.3 16.1
Transcrowd_token®” 69.0 116.5 10.6 19.7
MATTH! 80.1 129.4 11.7 17.5
oT_M¥" 70.7 114.5 8.1 13.1
SUA_crowd"? 68.5 121.9 14.1 20.6
PDDNet*” 72.6 112.2 10.3 17.0
GLCrowd 64.887 104.411 8.958 16.202
% 5 UCF_QNRF 448 £ 523042 % #6 UCF _CC_50 345 &£ 52302 %
Table 5 Experimental results on UCF_QNRF dataset Table 6 Experimental results on UCF_CC_50 dataset
AR R MAE MSE e ] MAE MSE
HLNet 100.4 182.6 MATT"! 355.0 550.0
Transcrowd_token®” 98.9 176.1 CCTrans™ 2450 343.0
SSGP_Crowd"! 355.0 505.0
Transcrowd_gap™” 972 168.5 SE Cycle GAN*? 3734 528.8
oT_M™" 100.6 167.6 CDPL_crowd"” 336.5 486.1
SUA_crowd"” 130.3 296.3 Transcrowd®” 272.2 395.3
I 102 ri66 CrowdFormer™” 218.8 330.4
PC-Net“? 217.3 309.7
GLCrowd 95.523 173.453 GLCrowd 209.660 282.217
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GLCrowd: a weakly supervised global-local
attention model for congested crowd
counting
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GLCrowd network structure

Overview: Crowd counting aims to estimate the number of people in an image using computer algorithms and has
wide applications in public safety, urban planning, advertising, and tourism management. However, counting in dense
crowds still faces significant challenges due to complex backgrounds and scale variations. Vision Transformer (ViT)
offers superior information processing capabilities compared to convolutional neural networks (CNNs), but it falls short
in detail capture compared to traditional CNNs, limiting its performance in dense scenarios. To address this issue and
reduce reliance on extensive annotated data, this paper proposes a weakly supervised crowd counting method based on a
Transformer with a combination of global and local attention mechanisms. The approach aims to leverage the
complementary strengths of both global and local attention to enhance crowd counting performance.

First, the Vision Transformer’s self-attention captures global features, focusing on low-frequency global information
to understand the overall context and background layout of the image. Next, local attention captures high-frequency
local information, using depthwise convolution (DWconv) to aggregate local features from the values (V). Depthwise
convolution is also applied to queries (Q) and keys (K), and attention maps are generated through the Hadamard
product and Tanh function. This approach aims to achieve higher-quality contextual weights with stronger nonlinearity
for identifying specific objects and detailed features in the image. Global and local attention outputs are then
concatenated along the channel dimension. To integrate local information into the feed-forward network (FFN), the
paper replaces the original FFN in ViT with a feed-forward network that includes DWconv. Finally, a regression head is
used to complete the crowd counting task.

The proposed model was validated on the Shanghai Tech, UCF-QNRF, and UCF_CC_50 datasets and compared with
current mainstream weakly supervised crowd counting models. On the Shanghai Tech Part A dataset, the proposed
model improved MAE by 1.2 and MSE by 0.7 compared to the second-best model, Transcrowd_gap. Although the
OT_M model showed slight advantages in Shanghai Tech Part B, this is mainly because OT_M uses point annotations.
The proposed model uses coarse annotations that only provide the total number of people in the image. On the
UCF_QNRF dataset, the proposed model improved MAE by 1.7 compared to Transcrowd_gap. On the UCF_CC_50
dataset, the proposed model achieved a 9.2 improvement in MAE and a significant 48.2 improvement in MSE compared
to the CrowdFormer model. These results demonstrate that the proposed network model outperforms other mainstream
models in weakly supervised crowd counting.

Zhang H M, Tian Q Q, Yan D D, et al. GLCrowd: a weakly supervised global-local attention model for congested crowd
counting[J]. Opto-Electron Eng, 2024, 51(10): 240174; DOI: 10.12086/0ee.2024.240174
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