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Abstract: The diversity of crowd scale in reality is'a great challenge to crowd counting algorithms. Therefore, a novel
crowd counting algorithm based on scale fusion is proposed in this study. Firstly, the algorithm for density map
generation is optimized. Multiple head detectors are used to obtain part of the head scales of the sparse crowd, and RBF
interpolation is employed to éomplete this part of the density map. As to the dense part of crowd, the traditional distance
self-adaptive algorithm is adopted to generate a more accurate density map. Secondly, the regression neural network of
the density map is designed with a mobile inverted bottleneck convolution module, and a dilated convolution module is
added to facilitate the extraction of head edge features. Finally, the loss function of the regression neural network is

optimized by distinguishing the crowd area from the non-crowd area. In the experiment part, the algorithm is compared
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with other similar algorithms on multiple datasets, and the results show that the proposed method can significantly

improve the accuracy of crowd counting.

Key words: crowd counting; multi-scale; scale fusion; deep learning; density map
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CMTL> 1013 1524 200 311 3228 3979
MSCNNP 838 1274 177 302 3637 4684

904 1350 21.6 334 318.1  439.2

SAANPY _ — — — 271.6  391.0
Cross-scene™  181.8 2777 320 498  467.0 4985
ic-CNNH7 — — — — 2609 365.5

PSDDN™! 854 1592 161 279 3594 5148
MSFBCC 703 1015 135 204  251.1 308.4
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* 4 7 Mall $dE4E RS SUR T

A7 MAE MSE
MCNNM 2.24 8.5
Faster RCNN' 5.91 6.60
Gp™! 3.72 20.1
CA-RR™! 3.43 17.7
Count-Forest®" 2.50 10.0
DRSANP! 1.72 2.1
AT-CFCNP? 2.28 2.90
ACSPNet" 1.76 2.24
MSFBCC 1.57 242

FK5  1E UCSD Ff4E LI E8Ufixd

Hik MAE MSE
MCNNM 1.07 1.35
Switching CNN[) 1.62 2.10
CSRNet*" 1.16 B T W’
GP™! 224 .3
Cross-scene™! «1.60 ‘.". » 3.31
CA-RR™ 207 6.89
ACSPNet™ % = ¢ 1.02 1.28
SANet"™ 1.02 1.29
PaDNet"*”! 0.85 1.06
SPNDPY 1.03 1.32
MSFBCC 0.81 121

% 6  1f UCF-QNRF #¥a4E R EBE N

Hik MAE MSE
Switching CNN! 224.0 445.0
CMTL®! 252.0 514.0
SAA-Net™" 97.5 167.8
SFANet" 100.8 174.5
DUBNet?™” 116.0 178.0
DSNet™™! 91.4 160.4
TEDnet®” 113.0 1380 i 9
PCC Net™™”) 1320« 1910
LSC-CNN! 1205 \-‘ B * 282
SDONet™ 1044 176.1
MSFBCC 90.2 159.6

1

4 JHRREL

MR T R A 103 S AT SRR S AN
W7 vk, 7£ ShanghaiTech $(¥54E B #%r b 4 %1
B 0h N5 B AR OB VE L #4815 1T R 40 2K BR
R AL BT T T AR SE S, SRE0 A DG HVA AL HE MCNN,
MSCNN. Switching CNN Fl CMTL. 525645 &KW, f
PR AN B P A B TEARIE SR UM 4
2 1K A5 A 10 S s R SO PR 53 2K bR B e 8 2 AR T

8 L il +4iik Special Issue

S NBEUT U T .
4.1 A\HEEREREZE

P I N N PR ST PN
FrSLER IR BE (W1 10(a) ATE 10(b)), 5 10(c) AL,
A LA H e 0 N PR B 4% o A A AR P Sk
HO R

(a) [EE A ARAL KR

e

(b) I NHE 2 0RO BR RS At TSk A RUBE
B T G

(c) ZET REER & KL NHOH Bl S RUZ

Bl 10 AFE7 A R

73 K PR H O S N R PR A R S R R
) BE B 3 N B T T A R R AR 3 1 2 A
WEZRFREE, X Bk 4 ML DL K& MSFBCC #4711 25,
DLIEIF S50k (N T B A RV R I . R T N
IR H 0 N PR A SR on 5 TR G P S 0
P10 25 5 PR A B A i L S B, MR R AT LA Y, 55
G PR EE B B I NN R AR BURE AR L, TR
SOk N R AR SR e A% 5 ke 2 T A ] [
VA 26 B HERf 2, HoAR XF T+ Switching CNN AT MSCNN
HIHRTH i N S 25, MAE A MSE 53 B 5K T 5.9 F11 7.2.
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R T Uk A R RCR AT B

ik JEUR Sk ik
MAE MSE MAE MSE
MCNNM 26.4 413 24.3 36.2
Switching CNN!” 21.6 33.4 15.7 30.9
CMTL®! 20.0 311 18.2 153
MSCNNB 17.7 30.2 163 23.0
MSFBCC 17.3 22.1 13.5 20.4

4.2 HEMLZIZIT

NUGAIE MSFBCC #1458 (25 AT R, B SE Rk AR E
R 2 155 0] FH B2 K 5 RRURSE e S0k F AR i B I 2% 33047 %of
b siiat. 2% 8 NI EfficientNet 57 F BEZIK 2 AR B
U3k EfficientNet {E AHRFAEHEE A 25 152503408, 4 3
538 8 HyszuG 45 M, K EfficientNet N HFEEE AN
LT B4 s L AT e v R v A, R P I K 3 AR X
REAIE S A 208 HEAT T I 2 kSR d e v A A .

% 8 RSSO L

Hik MAE MSE
EfficientNet 18.3 31.5
EfficientNet-+[iZ ik & A 13.5 20.4

4.3 KREHMIL

N T AR AR bR B A R, R TRE )
P[] 145 2 R SCFE VR R s 96 ) 5 A SR AT
AR REAT N, 29 M HT IR 46453 2k s BRI AL 1 1)
TR bR B HETR 30T L, IR T LU e, I de Hh e
BERIBR B BRE B — B R RAR T R N O
FRIER 2.

RO Uk K R BN AE AN R S RN E

ok JRIGH L Eﬂli&)ﬁﬁ‘]ﬁﬁﬁ
MAE MSE MAE " MSE

MCNN®¥ 26.4 413 © 203 33.9
Switching CNN'! 206 | 334 17.6 30.1
CMTL™ 7200 31.1 17.5 316
MSCNNE! 17.7 30.2 15.2 29.3
MSFBCC 15.5 26.3 13.5 20.4

5 sikHRE

BEXIE Go s S NI LG AR E 2
FEVER IR, $2 T — Rl T R R 8 SR AR
5% MSDBCC, 73 M MR & L B AR ik .
P[] Y e £ ) 2% U T AT K R SR 3 AT THT T 1
T, 7873 AT LS AN ik S 46 R W], MSFBCC g%

AERf b HE T L R AR PR o (RN DA B e [ 26
MK 28R, IF B TsE i 3 AN SR T UEEA
HERA AT W R 5V H . {H /2 MSFBCC R AES B kA
HBSHEBOR, IR ELRLRR I H S b il 8 7 25 %
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