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Crowd Density Esﬁmation Based on YOLOvV3 Enhanced Model Fusion

SUN Qian-Yu, ZHANG Zhen-Dong
(School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: The accuracy of crowd density estimation is low in complex backgrounds and the scenario with dense and
mutually occluded crowds. To solve this, we propose a method based on YOLOv3 enhanced model fusion to estimate
crowd density. The heads and bodies in the data set are labeled to generate head and body sets, which can then help train
the two YOLOV3 enhanced models: YOLO-body and YOLO-head. Finally, the two models are reasbnéd on the same test
data set, and their outputs are fused to the maximum value. Consequently, the method based on YOLOv3 enhanced model
fusion has great robustness because its accuracy is 4% higher than that of oriv’ginal target detection and density map
regression.

Key words: YOLOv3; model fusion; crowd density estimation; deep learning; object detection

BT ST I 3R i, /\ﬂ‘]%tﬁﬁﬁiﬁ?, [ERZ) 2k /=)
SR HZS, S BRI SRR . — D7, fEA
TR T TR 57 LR EEF I DLRAT I, Pk
BT NG RN, £ 53— 5, 7] LA B 3 4
FRE A G iR, PR € & A
WL REAT RE R Al T BT B L

A B NTE A T 7 ik R EAA PR, — Mot
XRS5 3, 53— R LA O v R T A
{0 5 3 SR — BB B T DL I A P 45 s AR Ok S A

a0 Stedar AN SE AL A BE LS BN, SRR @
SRR I 2 AR H, AR, 3K A% S 1 e
DS R SRR I T SRR R HLid 22 BT A
NI DA K S 25 A IR 1. A2 SEBR B L, K 5
BAR, SEVERCZE. ST MR vE 2 4 2 — KB,
B s A N %R Chan 250 I 2
VR MR RFAE AR N B GE VAT 55 16 22 i IR A AT 555 S
Wik [8,9] $2 1 B A4S M KAl tH A S5 AH S KRR AL, R 37
B Xt 2 A 5 A ) R A A RS 78 SCEE KRR AL ; Lempitsky

@ WIS E]: 2020-08-19; &I TA]: 2020-09-25, 2020-10-21; 3% FHI[A]: 2020-10-28; csa £E4% Hi RIS 8]: 2021-03-30

Research and Development iff 7 & 271

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn/1003-3254/7915.html
http://www.c-s-a.org.cn/1003-3254/7915.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.007915
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20214F 55304 4

A NV SR T — e PR IR 9 B, % R e
AL P 1) P P HEAT AR R e NS B AR X
ST [l (7R AE 2T 5 T HER VAR X LR,

ULAESKBEE YOLO! ™™ R A B ALt B, LUk
vy FC) R 2L S TR R ey A JRE A 2% A 4B 3 B A
SR AE N 3 S AT N TLAE A5 1 5 DL T B AL A
FI B AL IR RS A SR, BRI Y T 25 T YOLOV3
3 o AR R R A AR N U A T ik — D,
YOLOv3 $ 5 B R R S ks L. 55 — i, {8 A N
S AR 0 S AN B A T 4R 23 I 2R
AN AL HEAT R OR B B AR . AR Al A 1 T R A
Hode £ L AT DR, 45 R AR W B A B BOR EE AN
PRk

it N e
11 YOLOv3 t#5&/z @ « ~  F

YOLOV3 Sk A AR 0T WL e 2

0, IR SERI R A 1A R A R X
S, R AR 5 DX 5 A 23 3
2 A 7 B 36 R i X AT bR . BRICSAE 2
FBE /N F BRI 30 5 5 (X ok 22 W AR M TR,

= 4

-

i TG B 2 0 5 SR IURFAIE

RN TT B A B E

Sy

. s
- - TS
LPNE)y FRIRAFAE B 5 TR IAE

Frid FIHE

() B4 30 S AE () 7 B AR FR AR D IEAE A )L B AR AR B A
B B B SIHE (1) FE B 0K 110 010 6 i 32 X 48 1) 2 A A v
RPREAR, TREAAST7 EE T A7 B AR PR B 15 B

FUR A FH A R 28 0 28 52 4k HH T A O RRAIE, IF
oA 346 [X 3k P o7 B A FR AN 2R A S AT PN SXE, T
DLREBEAS T HERL A — A FEAR, FFEAR 8 3 SEHEAR X T
FLR A7 B AR AR RN G B R IR AR 2 AE. 5 FH 9 25
PR Sk P A B AN ), e Bl s 19 2% T A AT bR 25 AE.
J'Zﬁ?)tﬂum@%ﬁﬁi@ﬁﬂ%iﬁﬁw% YOLOvV3 ik
%Eﬁ@ﬁl%%.i : "

YOLOV3 %fﬁ E‘Jﬁ?@é@% DarkNet-53. DarkNet-
53 1926 4 W AT I, 16 1) A Ao, S i
GRS KRB R, FrAERBUER R IR 2
3x3 Ml 1x1 BFPBRZE, M E2ERZINE 53 )2 1
234 DarkNet-53 FrAEHEEUS, N T & m A AR/
ARG FE, YOLOV3 75 3 NASERFE L8476,
MRIER 3 AFR1E (bounding box), ¢ i H 5 H SAE
HI2Z FE L (I0U) s K ) A FRAE T H bR, YOLOV3 45
Uk 2 s, B W Resn Ron — MR £, &%
n N ZE#I0; DBL & YOLOV3 A4, Kornd:
1 (conv)+HtIH—1k (BN)-+EE A %L leaky ReLU.

TFE TS

B 1 YOLOv3 HikEAE

1.2 YOLOv3 138 =8Y
R T AE PR 3 R ) TR B e R PR ) T A 0

K5I, YOLOV3 3o R0 7 Ji X 284 R Aty i 0 4 st
(1) BT MK F ResNet50-vd & #J5i4H HJ DarkNet-

53. ResNet-vd & ResNet & ¥ f) 03k W 4%, ResNet-
vd S HEATE E S ResNet JLF—5 {H 2 H 5 2

272 W FH K Research and Development

F T 2%. EHR DarkNet-53 A4 T 5% 2= M 45 ] 3,
{H 7 [ ResNet50-vd fH L, ResNet50-vd 7E 3 & Ak
FE - — A3, 1 Hi%k ] ResNet!! 251 4%
HEINE Sy k. v LARAE AR 0l %5 75 ok, Rig ik
ResNet18. 50, 101 SEA[F 9 444y B Fn eIl )&
TP 2.

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

2021 4F #5304 541 http://www.c-s-a.org.cn - I WA

DarkNet-53

— -| DBL | Resl | Rele ResSH ResSJ—I-{Res4J'

DBL'S

Conv—= V1 |
4

4

416x416%3 I e — : '
-%DBL‘L%#E ol —" '
_ ) Concat ';IJ DBLI ! DBL[ConV'—h 2

13x13%255

o

DBL’S 26x26%255

I"|DBL E;Hil_" = —r
oncat'—“ui' DBLlﬂDBL Conv|—=| 3
A=l J

DBL'S 52x52%255

B 2 YOLOV3 M4 45K \\

Weight layer

F(x) ReLU

Identity

Weight layer

F (x)+x G'-

3 BREHH

(2) I AT 2L F (Deformable Convolution,
DCN)"L BRI B R, WA SR DS ESA
SRR R BE AT 55 )z B UE ik LR 7R 5 R B AR
L5 S THRG B~ RS2 S5 F T, YOLOV3 H s
AUFH ARG T ET MR E 5 e m
3x3 B « -

(3) H1T YOLOV3 {F Ay i Bt Fboes IS8R, 5 5
{LKEE A EL Faster RCNN Cascade RCNN 253y Bt
H fﬁ*ﬁ?ﬂ“ﬁﬂﬁ%‘ﬁﬁ%m%%, JiF L YOLOV3 155
BRI T ToU IR 433, ATLh— e FE B R mid
FHHE ) TE ALK 2, 4 /N B B H BRI ) 24 R0 i B
R NP0 265 K5 52 1) 22 .

RS L2 45 A I B A5 1) 6 B AR FRAE B 41
FAHBRAL I 4 ADNAREORIEAT YIZR. T ToU 7 2k HL#EAT
FH TR0 300 FHE 5 FE AR BUSE 2 (] () B K&, JF 4%
BT 46 58 A8 B A N — N BEARSEAT 1A, KA B AR FRE
BYPE— AR AT IR, BT LMEH ToU $ 2k e 3k
53 5E RS HE I I ZR SR AR I 25 3R L2 B2 1 ToU 45
R AN 4 PR

A ~ o~~~ o~
' |:| Ground truth: x=(x,, x,, X, X,)

1 x/
! I:l Prediction: x=(x,, x,, X, X,)

* I, Loss=|o—0|)}

Intersection (o, 0)

® JoU loss=In Union (0, 0)

B4 L2 #2580 ToU #i2k

1.3 Xi#H) YOLOV3 188 5 R8RSt

fifi FI £ Object365 i 4 W%mﬁﬂﬁﬁﬁ
WAL, £ COCO ?&%E%;b& TSR AEAE,
TensorRT lﬁﬁ%%%ﬁ AT A adE AR B 1 AR 2R B0 IE R
E%ﬂé&@ﬁgfﬁ&u% |-

a

) 4 R AIE A R A
Hilg Wik FlERE

1)

e YA wAP (my)
YOLOvV3_DarkNet ImageNet 38.9 425
YOLOvV3_ResNet50 vdDCN ImageNet 39.1 352
YOLOv3_ResNet50 vdDCN  Object365 42.5 352

YOLOv3 ResNet50 vdDCN .
- - Object365 432 352

IOULoss

2 SRR SRR A A

SZIG IR 4% 9 NVIDIA Tesla V100 16 GB & 17
GPU, H Tensorflow &% ] YOLO H brAsr 5 A4 i 47
P&
2.1 HIE&E

N T SRAIE BT B H O R (RO RE A e . SR BT

Research and Development fiff 70 & 273

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20214F 53045 41

{11 R X R 4 Sk 3 T £ 4E ShanghaiTech.
ShanghaiTech ¥4 & & — N KM I N FF G iH HdE 28,
HAE 1198 I\EE. T IREFEEE, ISR T AJF48
P EE UCF-CC-50 I8 7> Hcdfa. Seie R a6 odm SR L 00
2000 5K Il 25 B A F 45 A1 1000 5K 005 B $odls . ok
2000 FK Il ZR 5 ] Labellmg $0df brid: L B 4 il it 47
N Sk AR AT I B A AR, AT AS 2 T 7 S Il
il s SFMAAN B AR

T 971k BT IR R A 2 1 S SO AL I id 72
RAETWA, I ENBCRH TR E. &
Bl SCBMURIEE . SRS UN N AR R
K. EHG IO R E & 5 fos.

Original Random_brightness ~ Random_brightness ~ Random_brightness ~ Random_brightness,_

=
i -
.

Random_contrast

Random_crop

m

Random ﬂlp

s EgRamEURE

2.2 REN)IZ

JER G (B 4 43 ) 8 3ok Sk A R B AR AR K
PN IR 00 45 SKEREE RN B IR 4R o O 9 A B s
4SNP YOLOvV3 35818 YOLO-head F
YOLO-body. FHt, 9 1 # s AL kS B2 A1 42 T+l Zhidk
&, YOLO-head A1 YOLO-body & 4 #5ik Fff 7 7E W™ it
ANTFFEESE Object365 LIIZRIFHI YOLOV3 35t 7Y
TS R BRI Z S8 % 2.

274 W5 I & Research and Development

*£2 NGB

\
2.3 PRMEIEIR

SRR F /]
AR [3,256,256]
HE KN 8
E S 0.001
Pl ite 60000
et 3% Adam
FESH 0.9
L21ER 0.0005
Touloss Diouloss
Anchor mask [[6,7,8],[3,4,5],[0,1,2]]
[[10,1 [1‘30] [33,23]
Anchors [30, 61& 1,[59,119]
L . [116890][156,198],[373,326]]
L\ -

ST AIRR R (AER) FAPHTER A 1077 H 00 A
BT ATRE AT VA, P SR T
A2 BRI B R L, W5 N HOUE G, T
9P, IR P 0 68
|P; — Gil
G;
B I T B

ZN E;
i=1 N
449l A LG, 7R TR T
24 EEGE \ \
ﬂ%%“‘ﬂ%*ﬂﬁﬁi%ﬁﬁﬂdﬂﬁﬁ’JW/\ YOLOV3 158
B YOLO-head A YOLO-body B 64 i A
G S T R 7 A3 5 4\ T

Ei=

"ML R, YOLO-body #7241 YOLO-head £

RIRIT L7, seie g RankEl 6 A, Kl 6(a) A YOLO-
head B ALAG I 5 R, ] 6(b) ¥ YOLO-body A5 8 4 Il
S5

Y SR DU SAT NN 2R GO T,
YOLO-head 8! 2xJgi% 1M YOLO-body B L I B 4,
SEigy 48 A 7 Fros. Bl 7(a) A YOLO-head 174 k6

455 7(b) A YOLO-body H5 7R A I 45 5.

X LA A, SR A YOLO-head 5 YOLO-body
ar Wl 45 SR AT A KA Rl & 1) 77 vE W B 8 B, BIDRE PR
AR T N IR 2 FE (A T &5 SR A it AT g

g 248 BT SR A DURAT M LS 537 5 S
RUJIN B 0. DRI, RERE AT 00t B v 1 R N 5 J5E
T THIRE BEAT B AR 1.

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20214 553045 41

http://www.c-s-a.org.cn

i EN RSN

-

(b) YOLO body #ii#”{ﬂé*%

Ke ANii# %}\ﬁil—ﬁﬁ USRI R E S

-

(b) YOLO-body HHHEIAG N2

Bl 7 BsE AR EAT NI e AR iR 1
T LT ARSI 2 R
2.5 SLIEHER

FESCIG I, RS B & (07 3 5 DR A ) R R A
DN 7536 A0 ey M P B 0] V9 D5 VR 3 AT 1 ERAR, 45 R
2R3, RYIPTHR AR Y R 1) O 2 B e R EE AN
BHRIE.

8 *&kﬁﬁm% \:

. -
L\ R AEEERE
Fy L ST - P (AER)
_ AVGG 167307 % [ [El [ ) 0.347
MCNN & 8% 2 F& [ 19 0.174
YOLO-body 0225
YOLO-head 0.183
ey 0.133
SRR

feth 7 —Fh YOLOvV3 M5t Rl ah & 1 7 EH T A
W FE AL, @I YOLOv3 8 5 s 74 sfe $i w6 il
55 ) 5 A 000 8 . 3 ek P AS R e v 1 000 4
Y%k YOLO-head #1 YOLO-body #5743E47 fi £ 1) J7 2
SRR K AN B Mﬁ%ﬁﬂ%ﬁ)‘%ﬁﬂﬁ’m«i&ﬁ&m
mﬁﬁﬁ&%mﬁﬁﬁ

A%
, N Tsaam
1 Lin'SF, Chen JY, Chao HX. Estimation of number of people
in crowded scenes using perspective transformation. [EEE
Transactions on Systems, Man, and Cybernetics-Part A:
Systems and Humans, 2001, 31(6): 645 —654. [doi: 10.
1109/3468.983420]
Dalal N, Triggs B. Histograms of oriented gra dients for
human detection. CVPR 2005. IEEE Computer Society
Conference on Computer Vision and Pattern Recognition.
San Diego, CA, USA. 2005, 1. 886-893.
Wang M, Wang XG. Automatic adaptation of a generic
pedestrian detector to a specific traffic scene. CVPR 2011.
Providence, RI, USA. 2011. 3401-3408.
Ge WN, Collins RT. Marked point processes for crowd
counting. 2009 IEEE Conference on Computer Vision and
Pattern Recognition. Miami, FL, USA. 2009. 2913-2920.
Idrees H, Soomro K, Shah M. Detecting humans in dense

Research and Development fiff 7L & 275

© MEREEBIK T

http://www.c-s-a.org.cn


http://dx.doi.org/10.1109/3468.983420
http://dx.doi.org/10.1109/3468.983420
http://dx.doi.org/10.1109/3468.983420
http://dx.doi.org/10.1109/3468.983420
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

2021 4F #5304 541

oo}

10

crowds using locally-consistent scale prior and global
occlusion reasoning. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2015, 37(10): 1986 —-1998. [doi:
10.1109/TPAMI.2015.2396051]

Lin Z, Davis LS. Shape-based human detection and
segmentation via hierarchical part-template matching. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2010, 32(4): 604-618. [doi: 10.1109/TPAMI.2009.204]
Chan AB, Liang ZSJ, Vasconcelos N. Privacy preserving
crowd monitoring: Counting people without people models
or tracking. 2008 IEEE Conference on Computer Vision and
Pattern Recognition, 2008. Anchorage, AK, USA. 2008. 1-7.
Chan AB, Vasconcelos N. Bayesian poisson regression for
crowd counting. 2009 IEEE 12th International Conference on
Computer Vision. Kyoto, Japan. 2009. 545-551.

Chen K, Loy CC, Gong SG, et al. Feature mining for
localised crowd counting. Proceedings Britishe Machine
Vision Conference 2012. Surrey, UK. 2012. 1-3.

Lempitsky V, Zisserman Al L\earning to count objects in
images. Proceedings 0} the 23rd International Conference on
Neural Information Processing Systems. Red Hook, NY,
USA. 2010. 1324-1332.

276 W7t JF K Research and Development

12

13

14

15

Redmon J, Divvala S, Girshick R, ef al. You only look once:
Unified, real-time object detection. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas, NV, USA. 2016. 779-788.

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu, HI, USA.
2017.7263-7271.

Redmon J, Farhadi A. YOLOv3: An
improvement. arXiv preprint arXiv: 1804.02767v1, 2018.

He KM, Zhang XY, Ren SQ, et al. Déep residual learning for

image recognition. Proceedings of 2016 IEEE Conference on
v

incremental

Computer Vision and*Pattern Recognition (CVPR). Las
Vegas, NV, USA. 2016. 770-778.

Dai JF, Qi HZ, Xiong YW, et al. Deformable convolutional
networks. Proceedings of the 2017 IEEE International
Conference on Computer Vision. Venice, Italy. 2017. 764—
773.

Yu JH, Jiang YM, Wang ZY, et al. Unitbox: An advanced
object detection network. Proceedings of the 24th ACM
International Conference on Multimedia. New York, NY,
USA. 2016. 516-520.

© TEREBIK R

http://www.c-s-a.org.cn


http://dx.doi.org/10.1109/TPAMI.2015.2396051
http://dx.doi.org/10.1109/TPAMI.2009.204
http://dx.doi.org/10.1109/TPAMI.2015.2396051
http://dx.doi.org/10.1109/TPAMI.2009.204
http://dx.doi.org/10.1109/TPAMI.2015.2396051
http://dx.doi.org/10.1109/TPAMI.2009.204
http://www.c-s-a.org.cn

	1 模型
	1.1 YOLOv3模型原理
	1.2 YOLOv3增强模型
	1.3 改进的YOLOv3模型与原模型对比

	2 实验过程与模型融合分析
	2.1 数据集
	2.2 模型训练
	2.3 评估指标
	2.4 模型融合
	2.5 实验结果

	3 结束语

