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Tracking algorithm of Siamese network based on parallel multiple
appearance features

CHEN Zhi-wang"?!, SUN Ze-bing":?, LV Chang-hao®, CAO Suo-hang"?, PENG Yong*

(1. Engineering Research Center of the Ministry of Education for Intelligent Control System and Intelligent Equipment,
Yanshan University, Qinhuangdao 066004, China; 2. Key Laboratory of Industrial Computer Control Engineering
of Hebei Province, Yanshan University, Qinhuangdao 066004, China; 3. Key Lab of Power Electronics for Energy
Conservation and Motor Drive of Hebei Province, Yanshan University, Qinhuangdao 066004, China; 4. School of
Electrical Engineering, Yanshan University, Qinhuangdao 066004, China)

Abstract: Target tracking usually only uses the appearance information of the first frame of the video to obtain the
appearance characteristics of the target online, and predict the position and size of the target in subsequent frames.
However, the appearance of the target changes all the time during the tracking process, and the appearance of
subsequent targets is not be accurately described by the first frame alone. Focusing on the above problems, this paper
proposes a Siamese network target tracking algorithm based on parallel multi-appearance features. First, dynamic
template frames containing information about the recent appearance of the target are introduced. At the same time, three
methods of multi-appearance, parallel appearance and parallel multi-appearance are proposed, which make dynamic
template frames for target tracking. Second, either the evaluation strategy of information entropy or the evaluation
method of the neural network in the evaluation module is applied to score the obtained multiple predictions separately,
and the prediction result with the highest score is selected as the final prediction result. Finally, an update module is
proposed to analyse the scores obtained from the evaluation module. If the score meets the update conditions set by the
update module, the final prediction result is used to update the dynamic template frame, and the new appearance
information is used to guide the tracking of the next frame. The experimental results show that the algorithm achieves
good results on standard datasets such as GOT-10k, OTB100, which verif the effectiveness of the proposed algorithm.
Keywords: object tracking; Siamese network; appearance features; information entropy
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RS I BT (47 2 715 7 531l R 128 x 128 45 3 A1 320320 1%
0T H ARAE Y 22 5 R0 52 £, BiE 3 o e 35 KCF
BRI AR, BN ZR 46 2 B B 28 1 9 BOWHRFAE
FEMURREEL . AP UAFAE AL BEAR T . BAH ST Tl =k
BN Z5 500 4> epoch, I ZREHfE /N BT H 2 5K A
ARG 1 KA WU it 25 1 55 2 A B BORE 5 T IOU-Net
BEH PN BRI 25 50 41> epoch, YIZREHE 1) 5/ H
JCHH T SRARAR T 1 skAar il ot 25 j. B JCR AT 16
2H f% /N LT, B> epoch KA 60 000 2H % /)N B2 7T,
FH AdamW Itk 28 X6 X 25 347t Ak, BUE %2 ik R A
104, FEAEFR U B FH] ImageNet (image data set for
networking) b 5G I ZR 2] a6 4k, HAn BT AL
WILEAL. S H N giow M1 Ar, 73 VS M1 2. P AIE $i FUASE
PR H AR IR 46 5 2] 2853 51l 2 1075 1104, %
> ERAE S5 1B BE 400 4 epoch FI1ER 2 AN BEfG 40 4
epoch Z J& FFE 10 f518].
5.2 HNiERR

A FRFR A P35 5 A JE (average overlap,
AC)P4. [ Th# (success rate, SR). AUC (area under
curve) A — 1L 5 £ (normalized precision, Phom)~
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K 1 £ (precision, p).  FRIEZ# 3 (frames per second,
FPS)#). SR 5 1 SR 75 73 7l & 7~ AO [ 4y 0.5 il
0.75 B B D) R IR 1) L 2R 1240,
5.3 XfEESEEE

RS FAE bR HE B 42 GOT-10k. OTB1002¢
UAV123271 Lasot |- 55 SiamFC. ATOM. SiamFC++,
DiMP50. SiamRCNN (Siamese regional convolutional
neural networks)!?8), TrDimp (tracking by discriminative
model prediction)?°], Ocean. TransT iX £& 25 i 57545
XS

1) GOT-10k: 4158 1 ffr 7, 75 48 H AH [A] () ResNet-
50 {1 9 i Ak 4 BRUBE JL (185 O, A SR H ) Bk
(ours) kb Ocean ft) AO & 7.4 %, Eb{# i ResNet-101 f)
SiamRCNN 1) AO 75 3.6 %; 5 [7] #f f /] Transformer
] TrDimp FH TransT #H Lt, A 3C 55 1 AO b H 5
1.4 %.

F1 GOT-10k#IEE _LAIXTELSEIE

CAZS AO SRo.5 SRo.75
SiamFC 34.8 353 9.8

ATOM 55.6 63.4 40.2
SiamFC++ 59.5 69.5 47.9
DiMP50 61.1 71.7 49.2
Ocean 61.1 72.1 473
SiamRCNN 64.9 72.8 59.7
TrDiMP 67.1 71.7 583
TransT 67.1 76.8 60.9

ours 68.5 77.5 61.8

2) Lasot: W3R 2 By 7w, 7518 FH AH [7] 1) ResNet-50
VB N R AIE $& BUBE BB, AR S5V (ours) HE Ocean [
AUC = 8.4 %, 1E [F] %5 14 J& F b ATOM ] AUC &
12.9 %, Lt DiIMP50 ] AUC 15 7.5 %. H.9% SiamRCNN
£ Lasot B4 48 EHUAS 1 4 1) G, (R A SO
bt SiamRCNN (5 fps) B 7 £ LA |, Be 8 DL S o B 12
7. AT WA SCBREAE PR RE A BT A AR 4 1 T+ 187, B
i DL i P R SRR IE AT

<2 Lasot#H#EE _EHIXTELS0IE

Bk AUC  Pim P speed (FPS)
SiamFC 33.6 42.0 33.9 86
ATOM 51.5 57.6 50.5 35

SiamFC++ 54.4 623 54.7 30
DiMP50 56.9 65.0 56.7 35
Ocean 56.0 65.1 56.6 25
SiamRCNN 64.8 722 68.4 5
Ours 64.4 720 682 37

3)UAVI123: W13 3 frw, A SCHE H A 532 (ours)
£ UAV 123 445 R B =, tL DIMP50 [ AUC &
2.5%.

%3 UAVI23FIOTB#iEE&E F AUCHIXTEE

BIEE  Ours

UAVI23 678 65.3 61.3 64.2
OTB 68.1 68.4 69.6 66.9

4) OTB: H- A1 75 100 A~ B A Bk i 14 1 40400, 60, 4%
25 % (K BEAAA. 4n3% 3 BT/, AR AR SC B (ours) (1)
AUC tt DIMP50 1% 0.3 %, Lt SiamRPN++ 1% 1.5 %, 15
RHEE TR E KIS, AUCIAE] T 68.1%, AR
SRV 55 4 ). AR SCHE I R Z AR 4 R IR
72 (1 JE DR A - 5 A R I R0 A8 ) ¢ P 1 i, 7 K
WA - R B 22

b 3R ) B S5 w] DA, A SR H R B
(ours) 7E 2 M4 46 L0 R B AR 75 ) M g, 3R 0 3L
HAIRGEIZARE H1, 2 — A 58 5 T B
54 jHRLSIG

N T T T TOU-Net {58 #5745 B 1 TOU 1 18
ioug, X BVEVERE T RZ IR, Y TH a0 R I SR ae: {3 2 T
TOU-Net [ 91 #7455 B 70 50 3 B B, Y 94T 2 40 WLARE
AE S AE R B UAVI23 bk 4T 5256, HirPiouy, €
[0.5,0.95], UL KO 0.5, L5045 R UK 8 iz, 24 10U
BRI ioug, BUAS [FHEIN, AUC (AR AL A B S, 18 B A S
$2& H 1) 5 T IOU-Net [ 58 BT BEHLE — AN S A UK
(17735, BARSR Iz AP, TEASCH ioug, HX0.75.

DiMP50 SiamRPN++ ATOM

7.85
759675 S 6772

7, 76 67.5, 7.45

73 e \67.04/ 67.347.23)

AUC

0i5 016 0i7 018 0i9
10U H{H
8 10U F & iouw, XTERERMERERI SN

A4y v 1T S b A5 FH 2 2 AR ot 35 45 4] 4 AR o
(A H a TR ACHEH B2 ANIERIE (K 4+ H
bRIR) HATHPMFHE (K 4 H cRoR). AT 240
WUEFAE (6 4 1 d 2 oR) X H vk MERE 1 52, 7 GOT-

10k _F3E4T 7 S256, SEEG A R K 4 FT R,

F 4 FARBF RS EMRAY 7755 3T IR ER M GE AU S2 M

# a b c d AO

v 66.9
v 66.4

v 67.7

v 68.0

Vv 68.5

FE 4 Th # RO AUE P BT AR AR WOEAT BR 7, 0.y
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HRER F: AT HT LB T4 MLk BARRIZE & 3635

by o~ d¥)fd FEET TOU-Net [ 14 A5 e 158 5 A e
Z2BEH BN AS AR M. W] LA B, 7 5 A FH B A AR
35 e ) R B AR T @ 2 18 B9 1) AO M T B (T %
0.5 %); A SCHE HH 1 3 Fh 7 vE A0 AT AR s S0k ) M
Hh ZANIEFIE DI TE T 0.8 %, 4T SP A ¢ 42 TF
T 1.1 %, AT ZHPMERAE AR TF T 1.6 %. AR M)
& Z APRFAE b 5 FRAT AN LRFAE ¢ I TE 5 & LT 4
7], (H AT AMAFAE ¢ Lk 2 AN AE b 32 51 T 0.3 %, Bt
W 22 A A ULREAE 4T 4 N 380 00 28 o i s 2 it v B
IR

53 b, 3 AT DA F 31 S50 R S bR
PR T 2h A AR L. W3R S B, B S S L
FH TOU-Net [ 1k RE IS, 15 20 B bR, 5 8 5 /N, (Rt
AT DARR 3 LA 1 75 SROE B AN [ 1 77 25 56 3 s A A5 AR
.

£ 5 I0U-Net 55 E1HXIEE

AL ik AUC/AO  FPS
GOT-10K 68.50
Lasot 64.42

UAV123 IOU-Net 67.85 37
OTB100 68.09
GOT-10k 68.20
Lasot . 64.21

UAVI23  fREE 67.47 40
OTB100 67.95

NUGE HAH OCBE . T Sk AR, DL K BT KL
BRURE )40 2 bR IO AR SOV 2, 7E GOT-10k _F %
THULRVE Bl 8: 1) S 7 50 0F B A SR B 1
52, F Ocean 119K £ H.AH 9% (depth-wise correlation,
DW) BB AR 5 A% ST AR5 1 EOAH SRR B 2) O T 38 AIE
TN S AR x5 925 (4 5 0, 73 91l ] DETR (detection
transformer) [ 3% T~ 2 J2 /1ML (multilayer perceptron,
MLP) g 7l I Sk #55 B A BR B¢ AR F B 43 28-181 19
(categorical-regression, CR) 7l I Sk 55 B AX & A& SC 57
V5 T Sk AT R 3) 2 i KL T KL HKORE B 45 2K oR B
(-KL). Ay T S5 a1 5k W, A E AT 46 S LR AR 1R 47
EREF (base).

W 6 ffr7w: 1) 3T Transformer 1] B AH AR B 7E
ACEE R EEAEM, /£ A0 LLLDW &
9.5 %. 2) A SCELVF A 9 000 Sk A% Bk EE MLP AT CR
B Ik, B MLP 55 3.7 %, H CR 5 2.5 %. CRAERL T
KEA BAS L5 B0 T HE, 185 238 H R /L
AR T 3 SR HE ST S5 AR B v VR RS E, Si e
CR_PLUSIEfE 11X —f&4:, At AO b5 AT EEM
REAH 4, (H2 X e /R0 ORI S8, R E
M TR RR, T AT XA R B R T A F R S

B, A58 SR EA RS 3) 3 A 2 T KL B
5% R 5 B 2k BEASBE T (-KL) 53 0.8 %, B A SC
BELEALE P A0 22 1 KL HIURE RO 453 2 o 5501 Al B I 2k
A LA i S P RE.

R 6 FREEF AETSIERNI 75 X BRER 1 RE R F20

base DW MLP CR

CR_PLUS -KL AO

Vv 66.9
Vv 57.4
v 63.2
Vv 64.4
v 66.7
v 661
6 & »

AT H R ER R A ASE P ARSI 58— il
42 2] HFR AR ULRRAE, 10 B AR SIS B A0 R AN
AL I — ] L $R T — MR I BT IR AT 2 AP URR
AIE FR) 2R A 0 2% PR R B0, FOA R s iz AL RE ). e,
AT AN IURFAE AN IF4T 2 SRR 7 3k BRI n 1 Ak
MR S E ML E & (AR Gt 4% T
PAR GPU [ I-47 TH 5L RE 1, IF A S B AR SR 1 R i
HE. FEAT ANIAFAE T iE A TS B B PR B
BRI IUA 75 K 2 B4 I 2R v] AR TSR 1)
PERE. FF4T 2 SPUARFIE 77 VE AN 5L T TOU-Net B (1) o
BT ST E AT DR R R 4 SR R 1R e,
B BT ISR, Segn &5 B W], A SCIR I T iR AE
AR AR R T B I RE, Bk T T
R ITVE A U
2 CHk (References)

[1] Bertinetto L, Valmadre J, Henriques J F, et al.
Fully-convolutional Siamese networks for object
tracking[C]. European Conference on Computer Vision.
Cham, 2016: 850-865.

[2] Li B, Yan J J, Wu W, et al. High performance visual
tracking with Siamese region proposal network[C]. 2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City, 2018: 8971-8980.

2Rk S H HBRE I 7 VE 0], 3 55, 2022, 37(7):
1873-1882.
(Li H, Dong Y, Liu X, et al. Transmission line
abnormal object detection method based on deep network
of two-stage[J]. Control and Decision, 2022, 37(7):
1873-1882.)

[4] Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification ~with deep convolutional neural
networks[J]. Communications of the ACM, 2017,
60(6): 84-90.

[S] Zhang Z P, Peng H W. Deeper and wider Siamese
networks for real-time visual tracking[C]. 2019



3636

xR ¥39%

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, 2019: 4591-4600.

REWE, FMBER, XIBERH, 5. Ml & HOG FF 1k AT &
IR AR A bR R R RV (0], P S DR, 2023,
38(2): 327-334.

(Song J H, Sun X N, Liu X Y, et al. Twin target tracking
network combining HOG features and attention model[J].
Control and Decision, 2023, 38(2): 327-334.)

X, KR, BRI, & & TR ER A
A bR R R B (D). FE I S TK, 2022, 37(8):
2049-2055.

(Liu R H, Zhang J X, Jin C X, et al. Target tracking based
on deformable convolution Siamese network[J]. Control
and Decision, 2022, 37(8): 2049-2055.)

Li B, Wu W, Wang Q, et al. SiamRPN++: Evolution
of Siamese visual tracking with very deep networks[C].
2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Long Beach, 2019: 4282-4291.

He K M, Zhang X Y, Ren S Q, et al. Deep
residual learning for image recognition[C]. 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas, 2016: 770-778.

XuY D, Wang Z Y, Li Z X, et al. SiamFC++: Towards
robust and accurate visual tracking with target estimation
guidelines[J]. Proceedings of the AAAI Conference on
Artificial Intelligence, 2020, 34(7): 12549-12556.
Zhang Z P, Peng H W, Fu J L, et al. Ocean: Object-aware
anchor-free tracking[C]. European Conference on
Computer Vision. Cham, 2020: 771-787.

Szegedy C, Liu W, Jia Y Q, et al. Going deeper with
convolutions[C]. 2015 IEEE Conference on Computer
Vision and Pattern Recognition. Boston, 2015: 1-9.

Xie F, Wang C Y, Wang G T, et al. Correlation-aware
deep tracking[C]. 2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New Orleans,
2022: 8751-8760.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need[J]. Advances in Neural Information Processing
Systems, 2017, 30: 5998-6008.

Bhat G, Danelljan M, Van Gool L, et al. Learning
discriminative model prediction for tracking[C]. 2019
IEEE/CVF International Conference on Computer
Vision. Seoul, 2019: 6182-6191.

Danelljan M, Van Gool L, Timofte R. Probabilistic
regression for visual tracking[C]. 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Seattle, 2020: 7183-7192.

Chen X, Yan B, Zhu J W, et al. Transformer tracking[C].
2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville, 2021: 8126-8135.

Yan B, Peng H W, Fu J L, et al. Learning spatio-temporal
transformer for visual tracking[C]. 2021 IEEE/CVF
International Conference on Computer Vision. Montreal,
2021: 10448-10457.

Mayer C, Danelljan M, Bhat G, et al. Transforming model

prediction for tracking[C]. 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. New
Orleans, 2022: 8731-8740.

Kristan M, Leonardis A, Matas J, et al. The eighth
visual object tracking VOT2020 challenge results[C].
Computer Vision— ECCV 2020 Workshops. Glasgow,
2020: 547-601.

Carion N, Massa F, Synnaeve G, et al. End-to-end

(20]

(21]
object detection with transformers[C]. Computer
Vision—ECCV 2020. Cham: Springer International
Publishing, 2020: 213-229.

Danelljan M, Bhat G, Khan F S, et al. ATOM: Accurate
tracking by overlap maximization[C]. 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Long Beach, 2019: 4660-4669.

Fan H, Lin L T, Yang F, et al. LaSOT: A high-quality
benchmark for large-scale single object tracking[C]. 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, 2019: 5374-5383.

Huang L H, Zhao X, Huang K Q. GOT-10k: A large
high-diversity benchmark for generic object tracking in

(22]

(23]

[24]

the wild[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2021, 43(5): 1562-1577.

Lin T Y, Maire M, Belongie S, et al. Microsoft COCO:
Common objects in context[C]. European Conference on
Computer Vision. Cham, 2014: 740-755.

Wu Y, Lim J, Yang M H. Online object tracking: A
benchmark[C]. 2013 IEEE Conference on Computer
Portland, 2013:

[25]

[26]

Vision and Pattern Recognition.
2411-2418.

Mueller M, Smith N, Ghanem B. A benchmark and
simulator for UAV tracking[C]. European Conference on
Computer Vision. Cham, 2016: 445-461.

Voigtlaender P, Luiten J, Torr P H S, et al. Siam R-CNN:
Visual tracking by re-detection[C]. 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Seattle, 2020: 6578-6588.

Wang N, Zhou W G, Wang J, et al. Transformer
meets tracker: Exploiting temporal context for robust
visual tracking[C]. 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Nashville,
2021: 1571-1580.

[27]

(28]

[29]

fEE®EN

WREHE (1978-), 55, BI#UR, 4, BitAE S, W
BB A B Anka il 5 BRER A 4T, E-mail: czwaaron@gysu.
edu.cn;

PNEELE (1998—), 53, flt:, IR THSENURL 3G b H bR PR
KB 92, E-mail: 893130323@qq.com;

BB 5 (1996-), 55, fit:, AFHEBE HLI D0 A A 42 il
2158, E-mail: 316998054@qq.com;

HRA(1999-), 5, Wit W THEHL G H AR RS
HIHF 72, E-mail: 1127001852@qq.com;

9255 (1963—), T, #x, LTI, NEEYHLES N
&5 S5 4T, E-mail: PY81@sina.com.



