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Abstract: Objective There are two problems in current crowd counting models. Complex heavy-weight counting models
have strong counting performance, but their large number of model parameters and high computational complexity result in
low practicality. Current lightweight models reduce the model complexity but have poor counting performance. To address
these issues, a crowd counting model based on a lightweight convolutional neural network is proposed to effectively balance

counting performance and counting efficiency. Methods The method consisted of two modules: the feature extraction
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module and the density map regression module. First, in the feature extraction module, instead of discarding highly
similar information during feature extraction as in the past, more attention was paid to the fusion of intrinsic features and
similar features. A lightweight linear mapping unit was designed, which improved the counting accuracy while reducing
network parameters and computational costs. Then, multiple linear mapping units formed a lightweight linear mapping
block, and multiple linear mapping blocks were serially connected to form the feature extraction module. Next, the
features extracted by the feature extraction module were fed into the density map regression module. Instead of using a
small number of standard convolutions to regress the density map, the density map regression module used dilated
convolutions to replace standard convolutions. Stacked dilated convolutions were utilized to increase the receptive field,
and a more accurate regression density map was obtained. Finally, the estimated number of people was obtained by
summing the regressed density map. Results The proposed method had a model size of only 0. 12 MB and a computational
cost of only 9.23 GFLOPS (Giga Floating-point Operations per Second), both of which were lower than those of other
lightweight crowd counting models. It also achieved excellent counting performance on three crowd counting datasets: the
Shanghai Tech dataset, the UCF-QNRF dataset, and the NWPU-Crowd dataset. Conclusion The model ensures both
counting performance and counting efficiency, achieving the best balance between the two. It realizes real-time, fast, and

accurate crowd counting. Compared with other lightweight crowd counting algorithms, it has higher counting performance

and efficiency, and is more practical.

Keywords: lightweight convolutional neural network; crowd counting; feature fusion; density map estimation
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Fig. 1 Structure of lightweight crowd counting model
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Fig. 9 Diagram of sequential cropping
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REALATEL 482 5K & J, B B4 (Part B) M _F ¥ K#R T %
AT P 716 5K IEMR ., W43 =2 ] i AT 285
ZESART, A AT EIEAE B % A 5 1 B #8453,
AN, A 53 SRR, B 4  SeBOR [E E
DA AR BN AT 55 B B A BRI, A #8501 B
HBATHR 43 A U R W 43, Horfr A 5543 300 ik H
FUNGe, BT 182 5k FHTIEK; B 4> 400 5K FH T4k,
316 5K T,

(2) UCF-QNRF 454 , UCF-QNRF a4
1 535 skEMG, Horp a5 1201 SRIZREE RN 334 SRiMER4E
UCF-QNRF Bl A iA i B BUR AR i 8
SRV R AL AR R LA A [R) B4 2% B A ) 11 0 B s
BLLA K £ AR 50 55— 71, UCF-QNRF %8s 45
FEAETEPA MR L serh  IAnEaR K25 A,
U A A5 A5t A B LA ELA PR AR

(3) NWPU-Crowd %4l 4., NWPU-Crowd ¥ #i5 4
A HATA IR ABEHEOT 55 v 8ot iR i B 48 iz 800
EHA 5 109 5KE - F1 2 133 238 MRTESCAER . Bt vk
S RINZREE 3 109 5K IE B iE4R 500 5K & A Al 4R
1500 3B AP B A — S URE AR, L an AT
AR R e, R T DA SR AR AR e 1T HLIZ
B ) A HER AR SEA Pt o, S At
BRI TR RS T B g K
2.3.2  SEESRTEC B

TEAR /N o B e X} U FE ShanghaiTech £ 4 4E -
AL B A S P )1 0 AR TR T 8% 5 2 ol 1y )1 A5 A5
FEMR BT B 11 HERe 77, SE g X e 45 SR ANk 2 PR,
H 3% 2 A] 1. 7E ShanghaiTech Z4E4E I, Yl Zist 72 Hoxd
P Rt FHBE AL BY 2 AR 1 U1 s 70 7 3 B B op
B M, A M, FREAL, oA TE I 2Rl B b xR it 47 Bl
HILER BYAH T 2% BT, 385 0 7 1 25455 20 1) 22 4 5
Bk, HR PEAR AR SCHE S A9 T B0 AU AE 42 1 1 B, 5F
S H AL BB T R AT AR, AR 2 B
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TR PRI, — 2R R P B2 2% 1) I 2% 25
1, 5 — 2R R 8 i G sl a7 B ) M 48 254, S g 4

W 3 fin, T UCF-QNRF % 4 F1 NWPU-Crowd
T R I EN SN 23 3 R NP RN
FEHEE 55 A AR KA P AR, TR I — 26 AR 3 A 7Y

x2 AREREFAXEMNLMERHTRER
(Shanghai Tech ##E%)
Table 2 Experimental results of different image cropping

methods during the testing phase ( Shanghai Tech dataset)

kT E K/ Part A Part B
ARTEX PN B EE HEAT 5000 111 52 2 1 I 25 25 4 I H X M, M, M, M,
AL R BRI RO, B e e 16s o3 —
SRR AT G L T SR R, e - 70,3 5.6 .4 o1
2R 3 I AR U R AT T SR A
F3 FEAAFGETERFEEINMRBELNIRER
Table 3 Experimental results of different crowd counting model methods on three datasets
AH AT Part A Part B UCF-QNRF NWPU-Crowd arams i EE
%%&”7‘?; SLART M, M, M, M, M, M, M, (M) (c;ini)
CP-CNN'2 ICCV17 73.6 106.4  20.1 30. 1 — — — — 68. 4 —
CSRNet"*? CVPRI8 68.2 115.0 10.6 16 120.3  208.5 121.1  387.8 16.26  325.3
CAN!'® CVPRI19 62.3 100 7.8 12.2 107.0  183.0  106.3  386.5 18.1  193.58
DUB-Net"' AAAT20 64.4 106. 8 7.7 12.5 105.6  180.5 — — 18.05 —
SUA-Fully!”  1CCV21 66.9 125.6 12.3 17.9 119.2  213.3 — — 15. 85 —
STNet'*! TMM22 52.9 83.6 6.3 10.3 87.9 166. 4 — — 15. 56
MCNN " CVPRI16 110.2  173.2  26.4 41.3 277.0  426.0  232.5 7146  0.13 11.87
TDF-CNN'®  AAAIIS 97.5 145. 1 20.7 32.8 — — — — 0.13 —
SANet!'"! ECCV18 75.3 122.5 10.5 17.9 152.6  247.0  190.6  491.4  0.91 71.45
LCNet! ICIP19 93.3 149.0 15.3 25.2 — — — — 0. 86 —
PCC-Net!™  TCSVT20 73.5 124.0 11.0 19.0 148.7  247.3  167.4  566.2  0.55 72. 80
PDDNet["¥! APIN22 72.6 112.2 10.3 17.0 130.2  246.6 — — 1.1 —
LMSFFNet'™  TGRS23 85.85  139.9 9.2 15.1 112.8  201.6 — — 4.58 14.9
Our model — 68. 1 106. 3 9.3 15.9 108. 6 184 115.4  450.6  0.12 9.23

HH 2% 3 AT AR SCHE S B R i g AT OB AL 1Y
SZHEAUH 0.12 MB, I EAUA 9. 23 GFLOPS, X} b
HARBRER T AR S AR s P e Re L, 58
AL BB B AR L, 7E Part B 3044 b, AR SCRERL Y
M, AL HECGHT Y LMSFFNet #5055 0. 1, M X 0. 85 1
ASCAEAY LY LMSFFNet B A9 S50 1% 4. 46, 1157 AL
5. 67 s FEHAREHRAE I A SCRIR 5 H A i b A HETT
B RUAE LU AR T St M, Fi M,

5 I G LL  1E Part A B4R L AR SC
BRI M FERSERY CAN . DUB-Net .SUA-Fully F1 STNet
#5.8.3.7.1.2 F115.2, M HeA &I CAN Fll STNet 5
6.3 F122.7, 7E Part B B¥i4E I, A SCHIARI M, 57
S AR B CAN . DUB—Net F1 STNet 5 1.5.1.6 F 3,
M_ Ay HAE R CAN, DUB-Net Hil STNet 5 3.7.3. 4
5.6, 7E UCF-QNRF %#fite b A SCHERE M, 4y

S AR CAN . DUB—-Net 1 STNet & 1. 6.3 F120. 7,
M, 439 e iRl CAN \DUB -Net i1 STNet 5 1.0.3. 5
M 17.6, 7 NWPU—-Crowd $Ua4E [, AR SCHEAIAG M,
FERiR CAN 51 9. 1, M, 3%l LAY CAN F1 CSRNet
= 67.8 Fll64. 1,

BRI A0 M S5 R AR L, 7E 3 MR 4R ik
AHAS AR M, F1 M, B A SCHR AR AL (1 244
AT R X S A % Y I 4% 25 A LR Kb, B
X L A A A B9 RSO Y RS R e L 5, B
RIS H e AR R/, RSS90 25 AR B A S 4
HR AR TR A TR R R T RORCR A R T e
Y

3 B AR AT A5 SR A 10— 13 s, M
e BT Ay i A 8 I 3k 4 T | i T L ST % B TR RN
it # R
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(o) fitE EE (it A% 154 N)

—— e

(e) EXEEE(EXZA#:1174 A) (O) it =EE (G A#:1171A)
10 Shanghai TechA ##E&E E#H LA R
Fig. 10 Selected experimental results on Shanghai TechA dataset

]
v, |

(d) WANEFH (e) EXFEEE(EZAH#:55AN) () A= EE (T A#:55 )
B 11 Shanghai TechB #{#E & F &5 LI ER
Fig. 11 Selected experimental results on Shanghai TechB dataset

(b) EXFEEE(EXAH:4534N) (c) it ZEEE (AT A%:4520 A)

(d) WNBEF (e) EXFERE (EXA#:2978A) (f) At = EE (it A%:2981A)
12 UCF-QNRF ##E5E L #8453 KR
Fig. 12 Selected experimental results on UCF-QNRF dataset
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(d) WNE R

3.4

P2 — LT B 2 W 45 1) % Ak AT TR
AU TECRIEAE AL A 4 B AR A 1 00 T O B8 T RSB ¢
HHEPERE . X H TR BB A S 80w F A
I R 4% f Ak /NS Y 3 BOPE R S 22 B[R] R, 1523
T E R A R I I S B A R A 4R U B
FIFET 4 A R 2 2H B 9 2% 5 JRT Rl B e, AR AiF 42
FPUREHL I b 2 P Bt S ke AR P 5 B e Mk ARl AT AR
WU Z2 B ARARLRRAE , B SRR Al G, R R IE T
KR R B R RREAR T S8 fit it % B 1 [l g
RS FH sk A B LU B /N 09 45 B R R 45 51 R 1Y
JRRAZ T ERRAR TR A 1 (] B AN Bk 20 A 25 ) AR A i B
o TR 55 50 B B, B AR SCHR MY B B A T RO L A
3 FMAHEE BT T R S 2 AT
BOARHATX G, FR SES0 8 bR AT A SCHR R Y R Ak
TR 55 Ath 458t SO H BB R AR L, S 80 Fli
R ERARAY S T AR REBR Part B A4 4 41 1402
TR 5 E AR AR L, AR THERE TN 2
(s IR (EIP S 2 o5 A I € =0 s S S N
L, AR TAER % A Vision Transformer
NN A R RRIE SR HL Rt Rk e — Ak
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