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# 5| F1&3: ZHANG Shaole, LEI Tao, WANG Yingbo, et al. A crowd counting network based on multi-scale pyramid Trans-
former[J]. CAAI transactions on intelligent systems, 2024, 19(1): 67-78.

A crowd counting network based on multi-scale pyramid Transformer

ZHANG Shaole', LEI Tao™’, WANG Yingboz, ZHOU Qiangl, XUE Mingyuanz, ZHAO Weiqiang4

(1. School of Electrical and Control Engineering, Shaanxi University of Science and Technology, Xi’an 710021, China; 2. School of
Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China; 3. Shaanxi
Joint Laboratory of Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China; 4. China Electronics
Technology Group Corporation Northwest Group Corporation Xi'an Branch, Xi’an 710065, China)

Abstract: A crowd counting network based on multi-scale pyramid Transformer (MSPT-Net) is proposed to address the
problem of low accuracy in crowd counting in dense crowd scenes caused by complex backgrounds and large target
scale variations. A pyramid transformer backbone network structure based on depth separable self-attention is designed
in the feature extraction phase to effectively capture local as well as global information of the image, thereby effectively
addressing the problem of low counting accuracy in crowd density images caused by complex backgrounds. A feature
pyramid fusion module and a regression head with multi-scale receptive fields are designed to efficiently integrate shal-
low detail features and deep semantic features in dense crowd scenes, enhancing the network’s ability to capture targets
of different scales. Lastly, the proposed model is validated using a deep supervision training method on three publicly
available datasets. The experimental results show that the proposed MSPT-Net achieves higher crowd counting accur-
acy in the fully supervised and weakly supervised learning strategies as compared to mainstream crowd counting net-
works, overcoming the issue of low counting accuracy in dense crowd images with complex backgrounds and signific-
ant changes in target scales. At the same time, the method in this paper keeps the parameter number and calculation
amount smaller.

Keywords: dense crowd; crowd counting; multi-scale; pyramid; Transformer; self-attention; density map; deep supervi-

sion
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TE 4 Wi 75 vk 1 5 CSRNet'™ | DM-Count™” |
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Net"", SC2Net™ | FIDTM"™ 45 552 3 1 (0] £ 62 750 33k

FTHed . TR, AR SCAESS Wl 7 b5 ceSLLPY
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GERANE 1 s, HPVERAREE TR, —FR AR
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%1 A E M7 Shanghai Tech, UCF-QNRF.NWPU #iE & F T tL £ R
Table 1 Comparison results of different networks on Shanghai Tech, UCF-QNRF, NWPU datasets

. Y= Part A Part B UCF-QNRF NWPU
Tk ~ =
fii%  ##  MAE MSE  MAE MSE  MAE  MSE  MAE  MSE
MCNN!"! N N 1102 1732 264 413 2770 4260 2325 7146
CSRNet" N N 682  115.0 106 160 1213 208.0 190.6 4914
DM-Count™” N N 597 957 74 118 85.6 1483 884  388.6
DM-Count™” N N 669  125.6 123 179 1192 2133 1058 4453
MFP-Net'"” N N 655 1125 87 138 1120 1907 903  458.0
TransCrowd' N N 66.1  105.1 93 161 972 1685 1177 451.0
DLMP-Net™" N N 502 907 7.1 113 99.1  169.7 87.7 4316
SC2Net™ N N 589 977 69 114 985 1745 80.7 3489
FIDTM™ N N 570  103.4 69 118 89.0  153.5 860 3125
MSPT-Net(Z4<30) \ Y 53.1 88.3 7.0 111 82.5 139.4 739 3187
ccsLL — N 1046 1452 123 212 1334 2164 1645  532.1
MATT™ — N 80.1  129.4 11.7 175 1037 1774 1432 5136
TransCrowd' — N 66.1  105.1 9.3 16.1 972 1685 117.7 4510
Mps™ — N 714 1107 9.6 15.0 ~ ~ ~ ~
MSPT-Net*(430) — V 65.5 97.1 7.8 12.8 94.3 162.7 943 4125

T RS B Tk

1t ShanghaiTech £(d54E FA4 A SCT7 ik 5 2 it
IFEEHAT O, TE Part A 3843, A B Y
22 M7 P CSRNet #f b, MAE £ MSE 43 1] [ A%
T 151 F126.7, AL W I SR i 1% FIDTM
FH G, MAE Fil MSE 73 5 FEAR T 3.9 i1 15.1, #¢
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WX UAVESZ . Hd, Params 1 FLOPs /N i
HF|F iz =K, GFLOPs /& 7E 256x256 [/ AH1
BRI, SLIRLE R R 2 Fis .,

x2 FREBEBEENLIEIR
Table 2 Comparison of lightweight indexes of different

models
ik Param/MB FLOPs/GB
MCNN" 0.13 56.21
CSRNet" 16.26 857.84
DM-Count™” 215 60.8
TransCrowd" 86.8 49.3
PVT"(backbone) 38.56 12.35
MSPT-Net(43X) 26.93 9.63

X 2 th R SR AT 43 B R, X MCNN
CSRnet. DM-Count 2 R {#i F| Transformer A9
CNN [ Z8 B | S50 AH X 34K, {H FLOPs A Xt
B . ASCHIEMSEE N 26.93 MB, FLOPs 2
9.63 GB, #L:1fE J7 1% TransCrowd Z 4 & N 86.8 MB,
FLOPs 4 49.3 GB, 7E:fig$2 7+ a9 R i, S%& DA
Kot s A W TR
3.6 AL

R T UEAR SO R AR, BT S KA
REHEFEA, B 6 45 T 78 NWPU Fds ££ 4 H
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CSR count: 85 CSR count: 376

MFT c01int: 46 MFT count: 344

DLMP count: 24 DLMP count: 315

Ours count: 268

(b) YEHERH

B 6 NWPUHIEEARTERIBS ATRMLER
Fig. 6 Partial visualization result plots of different methods for the NWPU dataset
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J TIN5 8, ¥ Part A v Y R BE ALK B
B — e RSF R 256%256 B9/ &, Part B H1 1)
B BEALE BT N ST R 512512 (9 IRR . AT %
UEFT BT YRR R 4 FIE B (FPM) | 2 R 23
& RBH (MAC) Fl 4 585 - #3t AL BB (PAP)
AYA R, A SCHE ShanghaiTech 20HE £ #6417 T8
S, SEERAS R ANER 3 AR 4 PR

#3 XTF FPM RE M R4S AEH 7 RS0 06

Table 3 Ablation experiments on the characteristics of dif-

ferent stages of FPM
Ik Part A Part B
Fi\ F» F3 MAE MSE MAE  MSE
N - = 79.6 1238 9.4 14.8
— N = 58.1 96.6 7.9 125
- — A 56.7 92.6 7.4 11.8
S S — 572 95.6 7.8 12.3
N — N 55.6 91.5 72 11.6
— A \ 543 90.4 72 115
S S \ 53.1 88.3 7.0 11.1

&4 KT MAC 0 PAP i Rl LI
Table 4 Ablation experiments on MAC and PAP

N Part A Part B
Tk MAE MSE MAE MSE
Baseline 56.8 94.4 7.8 13.1
BaselinetMAC 54.1 92.1 7.2 12.0
Baseline+PAP 55.2 92.9 7.4 12.3
MSPT-Net 53.1 88.3 7.0 11.1

3 N HIAS TR B Be B R A PG AR 4 52 3%
BB PERE . AN [R) B BB RR AT 26 A [R] A SOy
fiE, Fi Foy F323 50 09 G ENIR 3 4B Be iRk
ALK B, 2 D A AT — S i BE A AR I
PEREAR 2 T W%, [ IR JZ R B RRIE A 5 B 2 1 i
SCRFAE, X BRI AL oy B 2. G oAb
B B i e A mT DL B A TR JZ B B 25 Kk B S
Sk, AT B g I 265 0F T A (] %5 J3E 37 35 9 2 1L 7
THBORE . 45 R FRM, FRAE 6 T IE IR B T/l
A BB Z R Z 1 SCRAHIESR B, BEmii e 7 A
FETHEC R

B 4 N il A RIS B Al 22 IO Tk 32 B
8 [ U1 Sk r 22 IO 2 1) 25 BB B AL <6 7 B 1 247tk
R By B o SRR AR, AR A — Fh s
BRAYNOLT , BERURT L & A B R R, i — 22 Rk
T 20 RUBE 25 ) 45 UL H N 43 7 5P 4 i A A e
WA o[RS SC N R B M I 2T SRR A
B R AT T 90Uk . SEEREE SRR, B AR SRR Y

1 4 AR Xk Ay 2 AR L 3 T v AR R, TR SR =40
AN TR ASCER () 63 2 T B v DX 44 1 R, o LT 4y b
Wk, 55 S s,

x5 FRANEHRAHBERLE
Table 5 Ablation experiments with different weight loss
Part A Part B

;X MAE  MSE MAE  MSE

Ly 54.8 92.5 7.4 12.2

Ly +n1Ly 54.5 91.6 73 12.0
Ly +mLy 54.2 91.3 7.3 11.9
Ly +n3ly 53.8 90.4 7.1 11.5
Ly +mi 2Ly 540 899 73 11.6
Ly +ni3Lls 538 895 7.2 11.5
Ly +m23L2 534 889 7.0 113
L, (MSPT-Net) 53.1 88.3 7.0 11.1
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T3 Transformer AFE 114005 % (MSPT-Net), 1
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i 3t 22 RUBE 1Y) 25 1) 6 R B RN 4 7 35 1 34 i Ak s
st RE AR T 9% B P o R R 2% 1) g1 o ] e
BLAB I T #UA R B R, AR I ZRad 2
MSPT-Net 7 21> 4 4 R I L = MEE,
AT DL FHF R R, an A & W 4
TR A . ARk, Bk S st dE FRATTAY ik, LASE
M AL A, AT LR 2R SR A
rh ) B I W B Y A ) SRS, i e B I AR
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