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Abstract: Visual tracking algorithm based on a Siamese network is an important method in the field of visual track-
ing in recent years, and it has good performance in tracking speed and accuracy. However, most tracking algorithms
based on the Siamese network rely on an off-line training model and lack of online update to tracker. In order to solve
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this problem, we propose an online learning-based visual tracking algorithm for Siamese networks. The algorithm

adopts the idea of double template, treats the target in the first frame as a static template, and uses the high confi-

dence update strategy to obtain the dynamic template in the subsequent frame; in online tracking, the fast transform

learning model is used to learn the apparent changes of the target from the double template, and the target likelihood

probability map of the search area is calculated according to the color histogram characteristics of the current frame,

and the background suppression learning is carried out. Finally, the response map obtained by the dual templates is

weighted, and the final prediction result is obtained. The experimental results on OTB2015, TempleColor128, and

VOT datasets show that the test results of this algorithm are improved compared with the mainstream algorithms in

recent years and have better tracking performance in target deformation, similar background interference, fast mo-

tion, and other scenarios.

Keywords: target tracking; Siamese network; dual templates; fast transformation learning model
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Table 1 Influence of parameter values on success rate (OTB2015)
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TEBRERSE ¢ — 1L, DASRONAL o bty 78 £ — 1
Y SRR KNI O, I R
FHE £(O,,) , FATATLALE £(O,,) AR T#IHAR O,
FzhZERR O, FFIE £(O,) M1 £(O,) , dladsRif=X(11)
M (12), = HIRRWEL V, FV,

V,=argmin|V+E -E_[ +A[v[ . (1)

V, =arg min”V *F, —F | "2 +A, V"2 , (12)
\4

Hph: E=f(0,), F,=f(0,), FE_,=f(0_). TEH
R, BARRFWAR LT I AL, K
2N HARFWAELL V. 1V, 20500 £(O,) Fil £(O,) #EfT
TERRBRWRAE, PTLMERGE Y BPRIEAE . H bR,
FEEL
3.3.2 HRIWHS

TELRBRERIS , i R AR DX P S5o0S BRER45 HY)
T, FEERERSE e -1, FRATLATRIAL & Ry e
59— SR X IMARIN XK G, , IR
00, 5 R AR A 2% X B B bR A E R, &l
3 fin. BUMREERHMES AR 2B LER, hZ25s
[BIAE, BTLUK FAR AR IE SRR F, Rl
ATLAREEIE ST, &0 BhRmasmgTy, kb
TREEFFIER R AL o

¥ G, 5 HARX I, O Fiys X, B, Ji4ha

e o I e o

B3 #ERXBALLFMAMER
Fig. 3 Search area and its target likelihood probability graph

DU ARG G, KN MER x J& T B br Xk

P(xc0|G
P(xe0[G_,x)=—L*€0]G)

> P(xe 2|G,_))

0e{0,B}
2 b FORE b AMBEAN, b FRER x BTH
b NEEASE], JFHR G T BRI S X
HE Hy' (b) fTH™ (b) , RAESCHR[18], iR E R
AL F MR AT LUK fag
H,(@®,)

ST

RN EXT G, | XERAIRBERHE B, 47
RAE, HS BARRUAMERIE P B RSTAE], RE
XTI BRI TR G

Fs, =POTE, , (15)
Hrp. o FoRBonEMg, TR EXRFE AU
AlexNet ™ WENFHEFR I 2% , EHL Convs EFHIES H
FRUSRER IR, Vkb TIRZRHE U 518 LUE R,
Bz 2 MERRAR, ARANH TR X AT 5
T RIS G, MERERE E, HIRLT5 B UUA
BRI LA S A TREERFAE E, AT A% > B9 Sl
W,

o (13)

P(xeO|G

+4, W[ . (16)

W, =arg min“W *F, — FGH
w
;H\:I:F‘: FG:-] = f(Gt—l) ) /"w %Emu{’téjﬁo

3.4 HirEM

TELRBRERIT,  PRIER A AT LAIE i PR AR 4t 8 AL
AR by ) B AR R AR L v, Fn v, IF SR EHR
FHIE £(O,) Bl f(O,) #ATIEMGIRERAE , B 15 e ifil e
Yeg 2w, SR XEEHE £(Z,) TR G
BUHRAE, ZJE XA o SRS 38 73 S PR B A R ik 2
AR R A ma i ], 2SR B AR
B e 1 (RIS il A5 3

200140-5



StE THE, 2021, 48(4): 200140

https://doi.org/10.12086/0ee.2021.200140

R =corr(V * f(O,),W,_, * f(Z,)) , (17)
R, =corr(V* f(O,),W,_, = f(Z,)) , (18)
R =R +(1-MR, , (19)

Forr: corr FORMMIPEITE, « ZAERERERE, R
TR, 73 90| 75 308 5 e A MR Bl A A 21 ) i [
B, R S AT I R &5 BN, R, A e i MR
37 EE RIS T F R B, A o P B ) 4 T B
SR, PO ESEAUR TEORIIRE, fEfRIER
ERVERERY RN AN S EBORIER . ek 2 Pt T
S WO RIS 505 R B, i R s
B IR 45 A W R A 2345 o i, B E AU N 7 A
0.75,

3.5 REfT

PRI AbRENG, DA & i T 2 R
KM, AXHERHM 3 ARERT,
y=1[0.9639,1,1.0375] , F-H415 2 1Y 2 RBE 1 X 3%
o 255%255x3 K/ E 77 A e Rme 1 ) AR
FEAERE R F .

2 AR R B

(wh)=t(w,_,h_)+1-1)(w,,h) ,  (20)
Holr: (w,,hy) FR SR N R R, (k)
FORAT—WTEAREE,  © i B s RE AR
FESCHR[21]559% CREST H, %S H &N 0.4, AL
SR HARTR M S 805 B T ROE AR T

3.6 BARE

ARSCRERRRRAN T o

A BRFH:L, L, ..., LWt BARAE:
Py =(xpp,) » WG HARIUE: S = (w.h)

Bt 5 WUEON BAROE: P =(x,,y,), TINHE
PR S, =(w,,h,) 5

M 2 #| n:

1) TELRIRES

1.1) PAE—WiisiiereE p_ SO fess ¢ ik
S AR ER I

1.2) PRECHASHNR | 3 SAAFE 2R XA RHIE ;

1.3) JE it PR AR S R o B BRI FIAE fL

%2

V. V, I SAE W

1.4) 45450(17) A (18) X8 2 X SRTBUSE AR i
PRI BETT AR, R A 20 1 A T IR A, A3
I LMY

2) N B

2.1) VA A AR

2.2) AV H V. BEEHE mH FimV,

23) BAH>0-mH HV,  >B-mV,

TH AR D;

4t

G5
4 TRERSHH

AR SCE R SR 6 Windows 10 R4 T AY
MATLAB 2017b+Visual Studio 2015, Ff4 4S5 HI7E
i & M Intel(R) Core(TM)i7-6850k 3.6 GHz AbF%s . 4
F£24 16 GB Ry _EE T, JFRA GPUNVIDIA
GTX 1080Ti)#EA T/ . NI TEA SCR LA R0, &
15 5IAE = A B0 R B4 A T 3
100 MISF S (77 A FAAJFFN) I OTB2015! | 417%
128 U F 51 1Y TempleColor128! 4dia4E Fil VOT!!

4.1 OTB2015 LI
4.1.1 EHr

4JRIR T RS 5 AR 0o BRER S IR
U SCRATE R 0 50T IR PERE, TR 32
MULTF 4 A5 T B A T e T -

1) HFRIEAE, BRER SRR T Y B AR AR 200 2 Hirini
SEARAELLICEC , A5 MotorRolling 1 Diving,
TEMA A T B:, P Skl R 2 H A, BAE
JREEmih, Y HAR BUERE Y, SiamFC . DSiam
Staple ™S5 F AR S FRIEE I, I A SCIRL sk XU
TEL 7] BRI RSB AR S I3 B H AR IEAE
A DAE—E FR B Dz m R, T Re b i BR B H A o

2) EARER . BRI R WAy R, o
AT P31 Liquor A1 DragonBaby, H#pfEiz shidfEH

o

BN BALAT R £ 49770 (0TB2015)

Table 2 Influence of parameter A values on success rate (OTB2015)

A 0.70

0.75

0.80 0.85 0.90

Success rate 0.609

0.612

0.610 0.606 0.604

200140-6



StEL THR, 2021, 48(4): 200140

https://doi.org/10.12086/0ee.2021.200140

MotorRolling ‘

Liquor

Bolt2 £

Soccer

B4 5AFF R RIzE Rtk
Fig. 4 Comparison of partial tracking results of 5 algorithms

SRR, TEEPEOL T, W DB TR
Gy, 1 AR R, AR SCH A AU AR
PUkI, JEES G E B G R TR RS, 75 R R I ikt
XIRAGHATTRT, ARGk T RN

3) PuHES), fEMUSHF Bolt2 1 Soccer 1, Hix
MR B 25 5 S BUEMEA , i HARRU & A2 1k
TERUSA Bolt2 1, StapleBVATESS 72 Mgt &K HAxw,
SiamFCI*/Fl SiamTril L7645 190 Wik AR, A
PR AR TR 2k 2% 2] HAR B RS AT S,
TEPHGE S TE O T e B ER 2] HAr .

4) RIEAE, LA F] Box il Woman K,
Hbs e R R kA T B REAZEL ., 76
Woman #UI 564 Wi, R REHRAZK, (HRKZE
BRI IRER R, A SRR 3 AR T, ddid
AHSRMIUNEE [ 38 1 M, 7E PRUE R A [7] B B2 %
HFR R AR
4.1.2 BB

£ OTB2015 $dide -, BRERMEREM) EZIEM TR
S FRURE A BE o 224 FU SR B A 5 WA R A

@ 10
0.8

2

© 0.6

» ——Ours[0.612]

3 — —DSiam[0.601]

O 0.4 f|---upT[0.594]

S ——SRDCF[0.593]

1] - - -SiamTri[0.587]

SiamFC[0.582]
0.2 ——Staple[0.573]
- - -DSST[0.516]

0

0 02 04 06 08 1.0
Overlap threshold

M EERK T —E BER, POMIRERRT), WM
B PR BT AR S L. E AR O A R
ZE M BREREE A 5 N ThRE I B bR oA g Z A RK R
PEEGHAE , KEBRREEHE HAn O A B R 2/ N T —E 1
(EREL Uk &SPsY Uik Guaa (s

AR SR 5 AR E I BRER BT T AL,
AFE R TR B ) YR EEAE SiamFCP! | DSiam!'! |
UDT™ | SiamTril® 1 3 F A1 5 UE 9 1 B8 B 3 1k
SRDCF?! | Staplel” | DSST™, [ 5 JB/RT 9 FhFik
£ OTB2015 $#ladE Erymth & AnksoEthse, 5
FEMERRA L, A SCRTETE OTB2015 BUEE b AAS
FEHER T 1.6%, NIRRT 1.1%.

OTB2015 BdEAE L& 11 PR ME, A4ER
JEARB(SV) . PUEE SI(EM) | B I (MB) . T EHR
Z%(BC). HEFI(OCC). JLIAE{L(IV) . JEZE(DEF)., ik
SIPERLR) N BER: (IPR) . V- HIZMiES: (OPR) |
HFRHEHALEF(OV), 3 4 FIFE 5 4 BIE/R THE 11 Ff
ANTRVE T SR BRER I B RORE B . L e L2
PR, ROLASRLES R S MR FR, HEA5

(b) 10
0.8
_-——
-
S 06 -
(2]
O —_ Ou[s[0.808]
© — _DSiam[0.792]
a 04 - --UDT[0.784]
—SRDCF[0.781]
- - -Staple[0.776]
SiamTri[0.775]
0.2 —— SiamFCJ[0.769]
- - -DSST[0.684]
0

0 10 20 30 40 50
Location error threshold

B 5 OTB2015 %4 % LR F Ak 49 A2 % (a)fo4s BB (b)
Fig. 5 Success rate (a) and accuracy (b) of different algorithms on OTB2015 data set
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Table 4 Comparsion results of tracking success of the algorithm under different attributes
Ours 0.598 0.615 0.589 0.583 0.572 0.601 0.582  0.571 0.603 0.578 0.618
SiamFC 0.551 0.556 0.579  0.564 0.507 0.570 0.552 0.515 0.545 0.470 0.582
DSiam 0.589  0.592 0570 0.567  0.553 0.583 0.576 0.566 0.591 0.566 0.612
SiamTri 0.568  0.557  0.573 0.542 0.492 0.585 0.560 0.533 0.573 0.543 0.627
ubpT 0.565 0.544 0.536 0.552 0.535  0.589 0.562 0.528 0.592 0.460 0.480
Staple 0.525 0.535 0.548 0.560 0.549 0.535 0.589 0.568 0.537 0.476 0.448
DSST 0.482 0.475 0.501 0.457 0.423 0.467 0.540 0.511 0.480 0.386 0.390
SRDCF 0.556 0.547 0.541 0.564 0.539 0.592 0.596 0.578 0.594 0.460 0.512
A5 R BT Ik e SRR A B T gk
Table 5 Comparsion results of tracking accuracy of the algorithm under different attributes

Algorithm S OPR IPR occC DEF FM \Y BC MB ov LR
Ours 0.796 0.816 0.781 0.772 0.737 0.777 0.752 0.749 0.743 0.719 0.862
SiamFC 0.732 0.747 0.742 0.720 0.690 0.732 0.713 0.690 0.701 0.669 0.875
DSiam 0.784 0.796 0.770 0.751 0.726  0.754 0740 0741 0731  0.708 0.854
SiamTri 0.752 0.752 0.739 0.714 0.718 0.761 0.713 0.695 0.714 0.723 0.859
upT 0.743 0.756 0.753 0.732 0.703 0.740 0.724 0.701 0.715 0.677 0.852
Staple 0.731 0.725 0.759 0.726 0.732 0.708 0.737 0.722 0.701 0.668 0.682
DSST 0.654 0.650 0.501 0.457 0.543 0.584 0.690 0.681 0.480 0.478 0.581
SRDCF 0.739 0571 0742 0735 0726 0758 0.781  0.761  0.757 0597  0.744

SHETRES R R RIZ R VOT(visual object tracking)ill -5 & H iR Ex 40

4.2 TempleColor128 24§
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Fig. 6 Success rate (a) and accuracy (b) of different algorithms on TempleColor128
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Table 6 Evaluation on VOT2015 by the means of accuracy and robustness

https://doi.org/10.12086/0ee.2021.200140

Ours DSiam HCF SRDCF Struck Staple SiamFC LDP

Accuracy 0.65 0.59 0.45 0.56 0.47 0.53 0.52 0.51
Robustness 1.03 0.94 0.39 1.24 1.26 1.35 0.88 1.84
EAO 0.296 0.284 0.220 0.288 0.246 0.300 0.274 0.278

4.4 HRASLG

AR SCHE SR G SERl_ 5 AT AU ML A7
SO, H AU LTS TERREER B, W5 —
Wit eb i AR SRR SR, AE e Sl A e a5 R
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B > BARFW AR L Sl R AR Y
LAY 0 € 5 PR R T 0 1 R DI H s BLARA
RIE, SREFHERLS, HETMHIE 5 .
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1 1 0.6%F1 0.3%, JE it S5, AT AR R IEAS S
PN S AT, XA M RE A — e 1R T
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5 APCE #8#5, HAEZim ) Kl APCE f845ik
B B E A A XA HETE T, BRAR T SRR A
FRIESRIOR AR, [l ESE e TR H GPU i, ffiA< 3¢
SR N R SR B T SR BRI 29 fs, TN
7 PR,

5 HRSRE
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Fig. 7 Success rate (a) and accuracy (b) of different modules are added into the algorithm on OTB2015 data set

F QA S &5 = NC R S5 Y Sopd

Table 7 Comparing our method with different trackers in terms of tracking speed

Ours DSiam SiamFC SRDCF MEEM Struck TADT CFNet

Speed 29 45 58 5 10 20 33 41
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Visual tracking algorithm based on online learning

Overview: Visual tracking is a fundamental challenging task in computer vision. Tracking predicts a target position in
all subsequent frames given the initial frame information. It has been widely used in intelligent surveillance, unmanned
driving, military detection, and other fields. In visual tracking, the target is usually faced with scale change, motion blur,
target deformation, occlusion. At present, most trackers based on discriminative models include the correlation filters
trackers which use hand-crafted features or CNNs and the Siamese network trackers. Visual tracking algorithm based
on the Siamese network is an important method in the field of visual tracking in recent years, and it has good perfor-
mance in tracking speed and accuracy. However, most tracking algorithms based on the Siamese network rely on
off-line training model and lack of online update to tracker. Guo et al. proposed the DSiam algorithm, which con-
structed a dynamic Siamese network structure, including a fast transform learning model, and was able to learn the ap-
parent changes and background suppression of the online target in the tracking phase. But it still has some disad-
vantages. Firstly, in the tracking stage, the rich information in the history frame is not used. Second, when background
suppression, only a Gaussian weight graph is used in the search area, which cannot effectively highlight the target and
suppress the background. In order to solve these problems, we propose an online learning-based visual tracking algo-
rithm for Siamese networks. Main tasks as follows:

The algorithm adopts the idea of double template, treats the target in the first frame as a static template, and uses the
high confidence update strategy to obtain the dynamic template in the subsequent frame.

In online tracking, the fast transform learning model is used to learn the apparent changes of the target from the dou-
ble template, and the target likelihood probability map of the search area is calculated according to the color histogram
characteristics of the current frame, and the background suppression learning is carried out.

Finally, the response map obtained by the dual templates is weighted and the final prediction result is obtained.

The experimental results on OTB2015, TempleColor128 and VOT datasets show that the test results of this algorithm
are improved compared with the mainstream algorithms in recent years, and have better tracking performance in target
deformation, similar background interference, fast motion, and other scenarios.

Zhang CY, Hou Z Q, Pu L, et al. Siamese network visual tracking algorithm based on online learning[J]. Opto-Electron
Eng, 2021, 48(4): 200140; DOI: 10.12086/0ee.2021.200140
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