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YOLOv3 Based Object Tracking Method

LI Jing®, HUANG Shan®
(Sichuan University, a. Electrical Information College; b. Computer College, Chengdu 610065, China)
Abstract; An object tracking algorithm is proposed based on the deep learning detection algorithm of
YOLOv3 (YOLOv3 : An Incremental Improvement), which utilizes the advantages of deep learning model in
target feature extraction, and extracts candidate targets by using regression-based YOLOv3 detection model.
The target color histogram feature and Local Binary Pattern (LBP) feature are also used for target screening,
thus to implement object tracking. At the same time, a method called K-neighbor searching is presented to
improve algorithm performance, which performs neighborhood detection for the selected targets. Experimental
results show that the proposed algorithm has a good tracking performance, with an overall performance

improved by about 80% in comparison with the four contrast algorithms, and has good robustness in the complex

situations of illumination changing, posture changing, size changing and rotation of target object.
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Fig.1 Structure of Darknet-53 network
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Fig.2 Schematic of K-neighbor searching method
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Fig.3 Detection results of YOLOv3 with K-neighbor
searching method
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Fig.4 Contrast of detection results with/without K-neighbor
searching method during object tracking

2 HiRERIFRE

2.1 $FHERE
7 BRBRER BT, 240 B iR ES RN H k2 )E,
TR, MEERSUF S B R R3] SRR
MU REREE M BRER B4R . A3CRA HSV Hia &
J7 EIFFAERN LBP B 7 EIRHEL R #1758 B AR Ak .
ERAE G FFE S RGB #1 HSV %5 [A] FF1E, 1

R2RERE, Hd TR 8 tRs BB R
RREEE, AR AN B R RS BERE" .
RGB B = [E RS AR ¥ £, I A B a2 8 59
HEEZROEAERS ABCZEFHANERS, B
BEAR e HSV ZE[EIFF1E. LBP FFE2 R ERFFAE, Xt
Yk e B SRR R A R R E IR , BEB X 1)
a2 (83 % B SCEA B AR ACR , R LBP 4F
EREE R/, AR TRUEE”RA™
LBP FFERBUEA AKX A

P(x,,7,) = 2%(1‘, il (2)

Ko (x,y,) BRPDRE i, BRI, RASEE
B R B 55 o MEF SRR, B
1 x=0
s(x)={0 -y (3)
J51, SR LBP 277 EASE T R 22 LBP 454 £
F LBP 5 5300 B 15 B BB, X E AR
LBP 44731 51 404 0 , B A A A4 ph T B
BRRT AR KRS, b T REXF YR, &R
FEGA LBP B EAHE .
Bl 5 o B SIBIE Crossing LK %+ B 1R
% E bR, BIR i K A7 % K Part of Crossing, [ 5b, [
5d . S 4§12 7 FIBIE Crossing, Crossing &y HSV £
7B {E Crossing () LBP 2177 A4 ; FilE) Sa. [ Sc.
[l Se 435I/ Part of Crossing S F0%f i #9 HSV H 77
HSEF LBP FL 7 EASIE .

0 250 500 750 1000

a Part of Crossing b Crossing
401 60!
30 50+
40
201 30-
101 -
10+
o 0
0.00 0.05 0.10 0.15 020 0.25 0.0 0.1 02 03
¢ Hist-HSV PC d Hist-HSV C
100 | 150
80 125
60 100
&l 75
4 ”-
2 25
0 0
005 010 0.15 100 005 010 015
e Hist-LBP PC f Hist-LBP C

5 HSV B EF LBP By EFFERR
Fig.5 Feature extraction of HSV and LBP histograms



90 Bt 5 & #

B26%

2.2 B#riEsE

HARIRE R T, B el i 2K g —
srE B RRAIRIEHE , 2R Ja X1 38 T /Y B AR R EHER K
A S5RER B R Z [E 89 HSV HJ57 #1448 {61 71 LBP
H AL, @ 5 & N ER LR RHELES
1, Z3C HSV B J7 F#+E A LBP B J7 FFIEXT BL A AN E &
Borilnl M2, ZEEEAERs R HIRE
HEAEME VR BX H AR HSV Al LBP B4 H J7 7 iEAH DL
BER{ES 510 6 M3, 5P M AN ERA XBREN
FRARLEE BRAEL, 4058 AT b BA HBRERAY B A, 5
T —wisksE AR

HSV BEJ7 E4H {6 B2 A1 LBP H J7 B tH U #% B E
AR RE A, B

s(H, ,H,) = Z VH (DH,(I) (4)
«/fll?

s(L,,L,) = Z VL (DL, (I) (5)
«/i L
Y(x) =-Inx, (6)

2efr:H,  H, 4} BT FAR AR IRy HSV 45
N AR B i 3 o, = 3 HL(D).,

H,(J) o H, FF5 % J ) bin i HSV B8 [ B 5t3T
16;L, L, 533 ik B v AR B 45 A9 LBP 1L

F M AR ET S bin L, = 57 S L),

L(J) F#AL, #F5k ] bin iy LBP $FiE M E5
HHE.

BMEEEHREITELESERBEGOEINES
BERMENEZE, 23R (6) #HTER A, REHHE
Mk Hin SR B s B B AR ER 4, BP

S, =W, Y(s(h;,h,)) +W,Y¥(s(1,L,)) (7)

RS, BAFE i M EREEENES W, , W, BRMN
HBERELB W, =1,W, =2, RERESMEEEHRD
B EAEMER S BUER/DNHTIHE, EBE &S
AfEE B iR M IRER X 52 .
2.3 HEIEEH

EEBRESES , FREBMATRBSHAEE.
ReF JtRERL, ERBREA R ERE BIRERHNE
REELRNEFRERBA . BN ERESER
KREZZE La1wi B 5 5 &R B M X R EHE A
B, YHES TR EN, BER S REMENER
B MBUE B F AR . AXBERERERTRA
i 2= (3 (6L 5 ) R

% M FTDIIC R B AR5 HAVER AP B B4
LB E S 43, 76 24 R I T BC B #7584k B #5 A9 HSV

HARER LBP H A FFIEME I ER W ERES
4, [ B i R o 2= 25 R B, A B TR E o
BAREHEGR
S(Hi’Ha) >3(HisHa)u.
s(L,,L) >s(L.,L,), (8)
F.=F. . >Fy

AH:s(H, H,),,s(L;,L,) 5351577~ HSV 7l LBP H
J7 EARUBERS S0 BEL, A< 353 31 0 6 01 35 F,  F,_ R
A IC S B AR BT E WA | — B AR R AR BT E WG F,
AMEBE, A S, REMEXRGENT #2E
PEARCE Hid TR , I EL AT LA AR AR A ol B
B HAMEARRIBER

[ B, FE A I 1 7 o AT BB th B0 B R Wi T A
LERBYIEL , XA ERER B TOD XAl E—WibRER B iR
GORE D SRR BRER SR , EAE I RR B 5.

2.4 TOD H%iiiE

A 3CHR i B9 Z T YOLOV3 /Y H A5 BR B2 B 3% TOD
MEERENT

1) 7EH—WE R FHIRBERER B 15, FEHREH
B HARERAR , SR B AR AR A9 HSV B 7 F51E A &A1
LBP B J7FF{E A & ;

2) MRIEAT— Wl B9 BRER B AR AR AR AL B A AR K 4B
BERE K3, FEEREFRA YOLOV K5
FAWWEER;

3) RERFIFELIBEWGE R, B EIF—35H1 69
EAMBIEAE , 2 B ISR Bk B A%, W LA — Wi BR ER
HARRIREN HRTMUER BREE R 5

4) R BUR B8 B AR A9 HSV B J7 FF1E [ B A1
LBP 7R EA &, FHREX(4) ~X(D HERITE
J7 BRI AR LB RAR U 8 40, B8 5 I R RO IR 3k B
PRFE N BRER B AR, WA 6 BT 7 5

5) FIWTERER BARBERCER AR T, 2N
B, AR EST2) AW ENAEHER.

- Scores:3.087 1

': =_  Scores:6.695 6

Scores:3.926 3

Scores:3.493 4

K6 BiREIERZRER
Fig.6 Sketch of object tracking process

Pl VOT-2017 FF31] & Boltl % 30 wiE & A, 5317



F105 =

me%: T YOLOv3 BirRERT i 91

HirREIEPRER R SERLETR. £ A8
/NER R BRBREREAR , K2 MK F 2 person, B, 4T
BHER E—Wi( 3 29 B0) ILECRIBRBR S5 2R, WA LA
BEONEERN,7E K =3 B9 K SB35 R [F 2 B 45 (person) ,
B3 4 Mk HAR, B 6 TR LA GRSk 18 ; R
R EAMRE B i 5 R AR B A8 B 07 B CUER 2,
SGREREM/NEGTE, EFR I REAOEER
PRFEN ZATDIE R BR B 45 7 s IR4E B AR E# A& 0F
R R, FI SRR B B AR .

3 XBERSHH

AL MST 2 iC 48 fii, CPU 4 Intel-I5
AbFEZE, GPU 25 GTX1050Ti, 7£ Windows & 4t [ | Py-
Charm FF &V & FHF R LI, 455 OpenCV3. 4, HiEIE
5 £ Python,

AT ARG RERERE L LR, EH4
#f OpenCV3. 4 N & IR %5 & BOOSTING, MIL, KCF #]I
TLD( Tracking-Learning-Detection) "' £ g Xt H. IR i5 &
. MiXFIEEZRINECS BRERA T RES
b et AL SR AL S E R mME K™ %A VOT-
2017 FF3 %4 £ E AY Bmx, Crossing, Graduate, Iceska-
terl , Pedestrianl #f1 Singer2 iX 6 ZH B & X F 1/ FF 51
E3RUN> 08
3.1 XREESW

SE5 i A 5] 31 62 O JE TR A X S [] ) BR B B vk
T4, EBWE £ AR 4N 8, N RERWF
5o HE BRI RIBERHRmRER K AT, WA A
&R XX False” 4 , XX RREFEHEEL R

X FEEZA, FEF 5 B Iceskaterl 1, BRER B #5
EETHEFEINR, A 7 iR

MIL ===TOD

s KCF === BOOSTING TLD

7 3 Iceskaterl JREEZE R
Fig.7 Tracking results of sequences Iceskaterl

L ARSI FER, W56 4.5 5 WATR,5
MREREIAERRER S M BR BR b ; 2455 3 BT 4 T B AT
{5, O A B AGR , 4n5E 100,55 101 AT , X LAY
HAWE R MR B 69 B @R, A SCIRER S % TOD
REAR 4 b8 R 6 2 4l s 12 3 B SE R A B0 ¥ 14 3
V3% i fef R DU B, 455 140,55 151 WPz , X EL 3R
EHAB AW, KCF BEEZREA B, TOD &
HEAIBRER R, (KB 58 K A93&E B

Xt FREEZEH, 7675 B Crossing HBRER HAn 2
EMARL L. HRPALUESD, L5k dm Kaet,
BRER HARRIR EEZHZE K. (A 8 F255—17 3 @A
B, FE S 28 R, Ho AR B B AAERREBRER |, (B
HAAFEE LR

Xt Fheds 24k, 751 A Bmx 1, BREEHIR R EF
B REBEREIET , AUARKRESREL,F
BHEHRAKRIBER: . W5 11,55 2958 58 Wi, 7
B B9 5 FrERERS 3k P KCF 7258 40 /5 i BB IR &
K, BRASCIRERE % TOD 4h, HAWE 3 WA R &
ERREES

Xt FIEIRAEAL, £ 5 B Singer2 H A LAF HACR .
Bl iRE: B inik TSRS T E, AR RAE—EE
Ao W05 11,55 4158 50 .58 59 WiFT/R , HAHR AP
Wi 6 BOL R AR K, EFTA R 5 MRERE R+, B
S BEEA AR R ER WS, TERIES 59 WiF,
FERRRAZACIE], W 8 HikE 3 RE PR, A3
BRER% % TOD 7 BOOSTING HiLRERRER E HAR.

s
= ’
4
>
> -

s KCF == BOOSTING ——TLD =——=MIl. ====T(QD

8 % Crossing, Bmx # Singer2 3 IREELE R
Fig.8 Part of tracking results of sequences Crossing,
Bmx and Singer2

3.2 XREEHH

AT X KRR 5 Fh %R KRR PERE, R
AP L REEREMERRXP MR REES
EAERE™ .

L RERIRERETN Bir O S MLhR BAR
bR B ERERBE RS, A N



92 Bt 5 & M

B26%

D(p,\p) = (2, —2)  + (v —-72)"  (9)
A%, Y0 %05, A3 BRI T EH 5 0 8 R
LBy B AR O S AR .

B R R RIETN B iniE 5Lk B s ER T E 4
HEEHEARHE, HEX R

_a(p) Na(g)
P(P8) =4 (p) UaCe) s

AH,a(p),a(g) HHFR7- T B s XML B ir
S X

LB R, Y M EEERES RS
I E W B inE RN IEEE, ARl —bREES
RAEA HRTWIRER S RS 5% .

A AT AL S R anE 9 . 10 B

s
a PLEERRE
o8 Ve ofll gl . {
W T VTN
E - 3\/\/\;[\ J
oz-————:é‘érgm‘; ) \/\\ — ﬁ;,\\
0_;1_111) v a L - e
0 10 20 30 40 50 60 70
WS
b B&HE

A9 5 FMEREEEERFS] Box AIHEREXT LL
Fig.9 Performance of 5 tracking algorithms on

sequences Bmx

675[0,,
650 _kCF TING|
TLD
625(—MIL
a®

WS
B 10 JF5 Crossing 7 B R BRERHE (x 2L47)
Fig. 10 The trajectory of object tracking on sequences
Crossing( x coordinate )
& 9. [& 10 3 A A A B3 6 il S 0 A [F] B BR R
EHTX . B 10 FERERRREEREHE.

1E VOT-2017 FF3 4% Y Bmx, Crossing, Gradu-
ate, Iceskaterl , pedestrianl 7] Singer2 jX 6 tH B AL FE
HEFFIE LG, € 20N 5 #HREEREXEF
FIE ERyEhrtERE. TREH& O RERRETFHE
My EERE, P EMESHEA T LR T . 43R
k2.3 3 Fim.

*2 POSEERETEHE
Table 2 Average of center distance error 2%

TOD BOOSTING KCF TLD MIL

Bmx 27.568 85.257 133.048 156.943 87.294
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