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Research on multi-view data fusion and balanced
YOLOV3 for pedestrian detection

CHEN Li', MA Nan'?, PANG Guilin’, GAO Yue®, LI Jiahong'?,
ZHANG Guoping', WU Zhixuan', YAO Yonggiang'

(1. Beijing Key Laboratory of Information Service Engineering, Beijing Union University, Beijing 100101, China; 2. College of Ro-
botics, Beijing Union University, Beijing 100101, China; 3. School of Computer and Information Technology, Beijing Jiaotong Uni-
versity, Beijing 100044; 4. School of Software, Tsinghua University, Beijing 100085)

Abstract: Because of the occlusion and low accuracy of long-distance detection, pedestrian detection in complex scenes
is difficult. Therefore, a pedestrian detection method based on multi-view data fusion and balanced YOLOv3 (MVBY-
OLO) is proposed, including the self-supervised network for multi-view fusion model (Self-MVFM) and balanced
YOLOV3 network (BYOLO). Self-MVFM fuses two or more input perspective data through a self-supervised network
and incorporates a weighted smoothing algorithm to solve the color difference problem during the fusion; BYOLO uses
the same resolution to fuse high- and low-level semantic features to obtain balanced semantic information, thereby en-
hancing multi-level features and improving the accuracy of pedestrian detection in front of vehicles in complex scenes.
A comparative experiment is conducted on the VOC dataset to verify the effectiveness of the proposed method. The fi-
nal AP value reaches 80.14%. The experimental results indicate that compared with the original YOLOV3 network, the
accuracy of the MVBYOLO is increased by 2.89%.

Keywords: multi-view data; self- supervised learning; feature point matching; feature fusion; YOLOv3 network; bal-

anced feature; complex scene; pedestrian detection

R D 20201007 B AR TGN BB R AR 5 B SR 75 Hb L 1)
ELWA: [FH ?iiﬂggg%ﬁgém8;1&3}%,}??;]10#% BEETR, TANZ AR ES B EIE R R
6183034); 4 % ) S o o T e T .. BE 1y . 2 N
(41412040302);jl:?Hﬁéﬁﬁ%“)\?ﬂi&ﬁﬁiﬁfriﬂ” ﬁ'f‘ﬂ@)&fﬁ[l]o ﬂﬁ}\éﬁ%’f&%gﬂ%})\%ﬂ ﬁléj], Z"HE
AL (BPHR2020AZ0) LKA RERIERE g sy o] ok PRI B 1 B L 2 8 ) R

WA 5T By H (YZ2020K001).
S {E% : Tl E-mail: xxtmanan@buu.cdu.cn, N B R AR B — A HE R R, AT


https://doi.org/10.11992/tis.202010003
mailto:xxtmanan@buu.edu.cn

+58 O R

NN
N

S %16 %

o I AR 2 C N2 3 AT IR B R — A 45 3R
o AT AT A 3 2 ) TR A B &
B RS S AT IR BIHAL S, FETXANEHY
S N, —H RRE S | HERf b AG I H AT N, BE ik
AT, e R AR, B DL JC N2 3 45 X
AT NG 8 At A A s B SR  BRRA T AR
AN F B2 S B3 AR ZEAR A, 17 A8 Y
i 5 4 30 1 LA B A7 N 22 1) AR P, S se
st FOCEA G —F MM, 17 ARl — B2 T A
25 Wi A5 T RIS A ) R

524 sc il s T AT AR EESR AR K A o
HERYEF, hRe ke Ay A, I H 2R aE P B A 2L
M I M AR R o B N B AR AT N (VN B AR
FEAE R R R B AR BIAR 2 S/N T 32x32, 5
H AR R SHIEF RS R SFE) 10%) . (B2, 7852
B S 36 v, AR S — AR B, AT N R AR
sy AR X A I 1

R T PR M SR DA R S A NG I R X
(A [A) R, A SCH M — b 32 1 22 00 A 2080 il 5 T
fE~Fff YOLOV3 17 AR M A AY (multi-view data
and balanced YOLOv3, MVBYOLO), B ki AR
R A0 £ B A, A5 A B 2 > i 2 AR R
FlA W 28 B AU (self-supervised network for multi-
view fusion model, Self-MVFM) %f H #4747 11k 5 42
BCS VLR, SEH 2 A UL Rl G o H R 7E SE PR R
R[] £ BE IR B AR MR 3 1) UG Rl G & 7= A e
2. ARIHEZ A BGRLA i 5] A S i ineeF-
W, A RS [ AL EE Rl A B e A e 22
MR, BLAh, R T HE R 4453 1 50 T R T
7 I EE B AT N B ARG B, AR SCHR T — AN REAE
SEA#T Y YOLOV3 4% (balanced YOLOv3, BYOLO),
TEE R 22 33 Self-MVFM R 45 filt & (1) 22 41 #a 1&]
14 )5 , F Darknet-53 [ 28 %} MR FEATRRAEHE IR, 7T
PIARTS A3 HER N R RRTE o 20 PR & I AIRZ R AE
BIETT NEE R ACHE it | SO (E B PR
A& 2 R AE AL A . B 4518 SUfE R . X3k
159 A2 R AE 5 5 J2 R AR 2E 17 SR A, W55 281 v i)
290 o3 PR AT RRIE LA B IE, PRI A R
By R FE 7 SN aE B B R o R IR, 5
Darknet-53 $2&HUAY J5 46 R AiE 2517 @5, 75 A H @il
BEREIIAT N . TEAILEE L vOoC i
FH AR RN, A SCEE A MVBYOLO 47 A Kl
BEAUT] DU 80P o 2 425 5 BT AR DR B o

| 2T 540 A Sl AT AR 5

1.1 SUABERSEE
B X 20 B | £ RO AR AE dnAe] 2R 47 @l 1Y)

) 5, — B2 B H A1 X3 . Farenzena
TR T — b X B IR Bl 4 SR AR BT ik
TR B T 2 A A e i BB A7 5
JEE v 4% 3 BN AR A, SRS AR AR R A AL B IR
BTN S AR AR . Wen 25 2 A JLEK B ATH
B B 1 200 A% 0 18 A 1= A X AR 78 g K]
LR LEHE, T P A R 2 I 45 A Z A0 B 1 A
XAF B — DR THE R B . AT B
7N EMER B e 2 3D JE AR B il S, AR SCIRIN — &R
WA, B W 200 AR 1B A A T AR
41k, Chen 25" 3@ it it A 22 9K A [ £ BE 1
PEWUR R ) 5 = FRAE, FREAT A&, DA AR B A
LM m o HHETM RN FEIZERZAE L, X Fh
FeT R 0 W 48 S5 R B T i M MERR R, T
TRRCRAE R R Yi " 5] A 2 Fiokr
R A 35 RS GE R R AL LA R R R A
EIRl ), 5 IAEAS R0 A (B4 8] 22 F1 DL AC 1Y AN [H]
L, b TAV R B BRI BB AT H
IR E B R G S5, $&8 1 3D S n Edn &%
PERISERE N, B RR B 2N B A X R 4,
IR B 2 2 BEAY, S0 B B 23 [a) 45 ELRRAE A4
Jan i SCRFAE AT Rl S T 1 SCor FIME 55 1
S AEE . Su " B 20 5 B 4
(multi-view convolutional neural
networks, MVCNN), F| Ff 4 () CNN [ 45 %F £ 4
A RS R, SR g R o L 4R
3D K 7 B A, Feng 261 42 A4 2 P 1K) B 1
B2 HEZL, ¥E MVCONN JEAl |- 38 i 4 2 A5 Y O
ARV AR A EAR A G i A v ), B iEAT
FRAE R4 . Dong %" £ CVPR2019 -3 H—Fh
I FH A WLARR A R TLART 249 SROAR R0 1 6 o e [] 5 45
AP A o R B — SO ) 4R R AR VLG R,
ST B Z AT 2 A S 4R B AN 4
o WU 57 KA B2 0 S i s 48 Hh 2 A A
AR I A T B 22 AN ML, AR P 4
AT ZAHUE B RS, SRR R T AT A
R SR B ARSI AL
12 1T AN E

A N AL I 2 B s A 0 45 88 1 — A B B 5L,
H 32 T 55 2 4 i A 1 TR SRR ot A E 7Y
TN, IR AR S R AT A7 B R, SR T4 T
NI % UK L 223 B ARANTR], IF HL I I B 4 44
RS UA R AT N E AR, L FA500 MO | 8k
JEA R S5 R 52 i, (A A7 AR IAT: 55 — B %2
B OFREANTOCHE . WS LR A, 1T A
R 5 0T LAy Ry 2 A F 207 ) BT AR s Bk
PR AT AR R0 5 % B 2 T B AT ARG



51

R, 25« 2200 F B0 il & AR IEF A YOLOV3 A7 A iF ¢ ©59 -

1.2.1 A THEEEGITALN

1 G B v Yy L AR R A T ) B B 7 [
(histogram of oriented gradient, HOG ) #1747 A\ 4%
fIE B2 5, I F) FH 32 4% M) £ AL ( support vector ma-
chine, SVM) 8k #F 4743 2", HOGZ —Fh i %
AR ER R iR SRR IR T . TEIREE 2% > R
TIE$2 BOT kR B 22 i, Bt s F ATz A H .
Girshick" " 4542 tH & 25 ¥ #4F£52 5 ( deformable parts
model, DPM) 532, fff 1] HOG $2 BURHIE, I 7
AT N A R AL A7 R A8E, DT AE — o TR
T AT RS E LRI Y [R) R, DPM H A
T2 AR AT AR AR RN FR A AL A AR AR Y
LI 61 X G 0T A X3, R R BB AT AE P AR X
S X I, TS AR AT RN, AR
SVM F1 AdaBoost #1745335 . 73 4h, A #4r
A B SRR AR B AT IS . (RO T N B
I FAR DL [ AN Bl i, T T s B ik
Wit iz g iy a5 B As, BT S H AR AT 2
T o AR 1) B B R - 38 2 ) i — iR A
SORCARL, Y E WS SRR T X ke, A5 3
BB E AR, AR R TR AR

WA SR SRR R T R R — B AR

BT B E NS H A &R ER,
122 ATIREF 3 4T AN

e FAL G F IR AT NI AE— 2 25 S T LU
T ) A T 14 G 000 25503 i o A 1, (ELATS S RE 3 R S
P (R FH 5 0K o 2012 4F Krizhevsky 55 44 R B
2 X FR R H B R 532551 B RAFRCR, #F5E
FA e B o e D) 4 B R AE LA AR R Y 3R
INRE ) FE R, RN AR BT —
NGB . HI, XFFAT AR5, B FIRE
25 2 1) 7 1 52 B BOR B 2 9T 3 1) T R o

F TR 2 > B4 T NG AT 43 A XL R B A
W55 B B I o XU B A ) ik i e A il — 4
i 0 0 A e e #E , SR i X i 36 #E 3 45 43 2 Al [
9. Girshick 45 2 H [X 5k 4 AL 28 % 4% (regions
with CNN features, R-CNN), B &K ¥ CNN
HF BEski, s S T BAs bR, 5
¢ Girshick 7£ R-CNN At - iE 47 2ieat, 20 71
T DXl 3 AR A 220 ) 5 A R 21 ol TR Ml X 4 B
ERHE 3 G IFFE R — > M 28 5 0, 4y 1 s A
I 0 338 BE VRS ) E A R . Ren %57 7E Fast R-
CNN | 3§81 DX 3845 L) 4% ok A ol i 15 IX 3k, 440 o
— Tl R Ay DX R e e X 2 A AR i 381 g £ )1
G AR R Tis B,

B B 8l e X RS B AS [ A
B, ORI TE L R AT R0 ) A AR SR A, LA Ok

PO EMR e B AR, LA YOLO™™ SR 2 i sl B
A T 32 R F b A 0 AT 55 B 48 g [T O ), 2
— P AT AR 75 . BR T YOLO RANH
T B BRG TD f S Y A 5% o RS T ASE LT
Zhang %5 4 5L T YO A i 22 9 25 1 H B K
W51, G BRI B ) J3E PR S LI B A i ¥
B R B E A o 7 T A 5 AR AR R A
DA, 2 AR A 4, ST T A6z TN £ o4 Al 5
HHE

2 ZALAEE B A AL T 1

ASCHE I 2 A B L A B RAIE A YOLOV3
7 K M 2% (MVBYOLO) 4045 2 #4r: 1) A W
B 25 2 1 Z LA REE S RS 45 B (SelEMVEM);
2) FRAEF-fif YOLOV3 M 4% (BYOLO). ¥ S Xt i
AR Z A0 ES AR A DT BE, BB il — A 52 45 10
R, 22 e A B BRI 0 28 i fi 2 i i R 45
L R Y =B E ot AN NG R N oR UL O
B POL RARMEZR N 1 BT .

Self-MVFM
HRAE A DC || MDarknet 3
=gzl 1T 7T
V22 e I
| [ Hai 1 I
@-lﬁ_':l NG el

e _HI A
R S IE R $ I ‘é
i I
I

E 1 MVBYOLO 17 A#&ill ) &
Fig.1 Multi-view data fusion and balanced YOLOVv3 for
pedestrian detection
21 BREEBEFINSUAFESMEGMNEER

I 27 T 1) 22 0L A 000 R I T A
R s BRI, BB Rk 55 A T SR I
fIEVC IS, ) b AT Z2 M R B G o AR SCER R A
W 2 3T 1) 22 A0 A R A T 5 R R0 4%
F R e 2 i o
211 #ER g A E SR %

Z AL A Kl 5 AR P B RO S R A R
RS ARMER N AR o X TG A I | %1
155 BIBRTE, 245 — > IR, 38 2 bp V8 R AE =)
AR W AR FE B, T LAAS B8 I
{ELZ R T Rp AE A A 55, N AR X ) i A — 4>
18 Z AT U D AR A5, D I A SOR AR AL 75 1
LR EPIAINIUE 2346/ S ISR PR = € TE iy
BRI A AR, BRI h

1) )P 757 B TUART R 5 Hhe 4R 2 47 5 2 1Y 13



60 - BOfiE R & ¥ i %16 %
Pl R o PRI AR SR P 07 P 3 0 22 488 R A9) 20 R A a5
] B LA JE AR B dl S Rt — 2L 2 BE L 20 h@ﬂ%ﬂ%%ﬁﬁﬁ%ﬁ%hﬂﬁ%@%%ﬁ

275 VR S5 R A 5 B8 R A 5y W E Y TR R
o T ROBEAS AR R IR A J5 S5 R AT S AR A 2R Y
Rk S SR E AT DA B R S MRR AR i B . X
NEE . = I SRR LA R B B0 A
FLLPMBARIE R T4 o M TR 1 4 ) ] B LA
TR B £ X8 AR A 19 2 AT I 2, 453 T
— DRI GRFAE A I R4 o 5 RO AN AR AR AL 4
SEARGLRA AL, TR SRR U 2645
I 14 G A SRS 9 265 G B T T HAT — 2 1Y
DU, AR A X 0592 PRG3R R AT 1 BUR ik a5
P 2 1 B — SRR A el 110 3 TR [, G TS 5 2 A

{7 LTI R A

WIZLRAIE ARG 19 2

SRR B

2) AATRAERG A bR

I E2V G- REPIRCEE SR DN Sz gy
BRI EBSHN=80; BIN, BRAITE S
JUAR A5 48 1 J5 iy A%, R4 1) 79 it RGO i 4 (]
1§ 2 i WML AE B 52 A 1T B LA A8 e 08 B &
1% o R TR 1) v Az A 00 SRR AT A AG: 0 ) 4%
X B S G R S5 P RR A 55 AT 3R B, K 5 R R
G0 I 1R 79 ot 1] 5 ke S5 [l i Pl 4% A R A 550 R0
LRI BT 0 TR R AR 5 . BN T H
S MG B R S IR R IR SRR T
_______ %@@!ﬁ@?@%"____”

HEBRARFAE SR I Y 2 i

-

M

et Pl
Fify LI R
[ Fusion

_ mE

hY

|

|

]

|

Bl :
B 22 R A |
]

]

I

]

]

]

]

I

=
]
==
Lt
L
1=~
:f ‘L'

R RRE SR Y 2

|

|

|

|

|

|

|

:

= |
[51%{ LII% R :
|

|

|

|

|

|

|

|

|

T SRR A B

B 2 Self-MVFM [ 25 & &l

Fig. 2 Self-supervised multi-view feature fusion model
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