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Research on weak object tracking based on

Siamese network with optimized classification
JIANG Wentao', ZHANG Dapeng’

(1. College of Graduate School, Liaoning Technical University, Huludao 125105, China; 2. Graduate School, Liaoning Technical
University, Huludao 125105, China)

Abstract: To address the problem that traditional Siamese networks are poor in tracking weak objects in blurry and low
resolution, this study proposed a Siamese network with optimized classification prediction. First, the feature extraction
ability of the backbone network was improved by introducing a deformable convolution module. Second, this algorithm
enhances the ability of the backbone network to extract features by introducing the location information in the classifica-
tion branch. Finally, a lightweight convolutional neural network was used for the prediction of classification and bound-
ary to further utilize the semantic information of the images while avoiding multiscale testing, making the tracking res-
ults more reliable. Many experiments have analyzed OTB2015 and VOT2018 datasets, and the results show that the
comprehensive performance of this algorithm is better than those of the mainstream similar algorithms, demonstrating
excellent adaptability to complex scenes such as motion blur, deformation, and fast motion.

Keywords: computer vision; object tracking; weak object; deformable convolution; prior spatial score; localization qual-

ity score; feature extraction; convolutional neural network; siamese network
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Fig.2 Deformable convolution module
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Fig. 4 Localization quality optimized classification label
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G, e R AR P25 5 2 iR 5, KRR
BRIERS o AR SCORE W R S 24 5 v i TR e ) T
Al DLSE B O RR e B R R, R T Sz ad Ial e
5337, TIMIAE BEAS 4T3 . H AR SN A ER AR 1L
2.3.2 OTB2015 #c48 & 54 R

OTB2015 a4 /2 H bR B ER Ul b )iz R
P ESCHRE A, AR O 2 B AN ] 28 1) N s i
FBOATRRTE, 3R 4L T ORI R 4 (illumination vari-
ation, IV) . ] 28k ('scale variation, SV ) . %
(occlusion, OCC) ., JE %% ( deformation, DEF) | iz 4fj
FE ( motion Blur, MB) . M 32 3J) ( fast motion,
FM) ., ¥ N e %% (in-plane rotation, IPR) |, “F [ #h
Jig#% (out-of-plane rotation, OPR ) . & B ( out-
of-view, OV) | 5 5 =M ( background-clutter, BC) |
K53 PE% (low-resolution, LR )% 11 Fxf T Hbp iR
EE B PO 0 B 2, BB 08 5 4 T M DAL R R
abERE . SR —UGE PN 0 7 2 RORS i 3 A
BT, AT LI R R B % M B XS BE 2% L
o 1E OTB2015 %da % 53 T 5 BURFIE A A1
K JE P R EE (convolutional features for correlation
filter based visual tracking, DeepSRDCF ) %4 1" #
K B X 3 A9 OKS B R 25 (accurate tracking by over-
lap maximization, ATOM) &3 SiamFC ., Siam-
RPN, #8025 A X I 45 1 ( distractor-aware
siamese network, DaSiamRPN)%‘F‘zE[z”\ SiamFC++
TR T B PRI S 2R A X 285 1 SE RS H B R ( deeper
and wider siamese networks for real-time visual track-
ing, SiamDWfc ) 3 5% BEAT R 1L

XSS RN 4 BT R, IHLAN R ) 2R 4y
MFRIRS IV EARFNRAEE R . A CHIEAE OTB2015
A BR BRI )RR 0.690, KR N 0.884, Xt H
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SiamFC A4 2 (0.586 ) FIURE A R (0.772) #1448
KT, X3 A RPN B 44 1% SiamRPN F1 Da-
SiamRPN B3k, W24 e+ T 5.8% Fi 3.2%,
KR IR T T 3.4% F10.3%, *F ekt iiftk
N FHE R ATOM 532 40 il 82 7+ T 2.2% 1 1.0%.
X HE [l RE A AlexNet 1 41 T M 45 Y SiamFC++
IR T T 1.5% F10.7%. %f I DeepSRDCF 43
T T 5.5% 1 2.7%, SELEERFH, K E
A0 T SiamRPN, SiamFC++, ATOM % ¥ i 5
BRI

&4 OTB2015 HIEEX LXK ER
Table 4 Comparative experimental results on the OTB2015

dataset
R I OREERR IREREEE/(fs)
BN RS 0.690 0.884 134319
DeepSRDCF 0.635 0.851 5.383
ATOM 0.668 0.874 25.599
SiamFC 0.586 0.772 73.545
SiamRPN 0.632 0.850 131.330
DaSiamRPN 0.658 0.881 82.647
SiamFC++ 0.675 0.877 145.561
SiamDWfc 0.627 0.828 66.450

B 745t T AEBE L AE OTB201S $u#E 46 I
B> HLA B R BRI 1 7 50 B R R SR B, Biker
FEEH, BbRar HEREdt, HEA R RE
AL RS SO A 55 H bR s, WSS 67~70 i, H
b B 8K 3 B v & A S 1 SRS , DaSiamRPN 57 £
FREAERY 5 S, K5 HAR. DeepSRDCF Joikift
W o HAw, KAEER . 755 70~128 i, HFRTE
235 e B -V ML, 30 TR PR S By, O 1R B o e
iz S, ATOM, SiamRPNAI SiamFC++3 70
T 1E % HREE H AR, DeepSRDCF 832 H BE IR 15 213
4y AR, A SCH L 5] A DC BLH NS {7 5% 1k
PR Ab 432588 71, Xt B AR BE F1 B i, fE
T H AR b iz 3 FUSOR I R SR 90 9T 2 A H AR,
[N i 4 R A BRI

“’ ”ij E’ﬂ ”

(a) Biker

(d) Girl2
B /<3777 [ DeepSRDCF [l ATOM Jll DaSiamRPN

I SiamDWfc SiamFC++

B 7 AEEEE OTB2015 F5| FMRERER
Fig. 7 Tracking results of various algorithms on OTB2015

fE Diving J¥ 1 h, FE PRI HARbes: . 78
55 34 Wit, HFRTE Bk B & A Pidis 3, SiamFC
I SiamDWfe %2 /F BRUER SR, TE55 72 T, H bR
Bk, SRS Kk A W] 4k, SiamRPN 1 DaSiam-
RPN iy - JC i VG IC 3] w55 o i RO HHE, T9DUAE H AE
B HbR o 7255 72~212 Wik, HbR7EBRKL
b & A 3% 2 e i A RUEE A5 fk, DeepSRDCF
Jo ik N H bR SR AS £k, SiamRPN Fl DaSiamRPN
HY T S VG FC A AE , 0 HE AR AR AT S T H
sk, BRERRCR AN . AR SO TR T
SERYIENH 43 32, AN S AT 22 ROBE T, oA 52
BEHETS T, X E AR SNUL AT RO AR fb EL AT B4 1) 45
B, DA O U0 A BR A Oy 5 B 1) B HAR, R ER

£ Dragonbaby [ %1, HirfEz ghid 2 &
Az T e | HE S RN B T L B SE A O, FESS 17 Wi,
H A 3000 14 ' B Ak BRI 15 B T4, 53K Siam-
FC.DeepSRDCF #l1 SiamFC & ==K . 75
44~46 t, HARDEUZ B, JFAE R T SN e iR
R, Z R R R 2T, BRA SCHE DL A i
AR B AGE R R R B bR, WA 01 S0 7E 2R
84 MTFFU M B, A SCH A5 £ T SRR Y H AR Ui
REJT, T LARRE PO B AR, SC B SRR IR

5 Girl2 Fp 91, 24 HARTES 106~128 Bt i)
PAT N ey, B E R, AR EREE
FriR 32 Hbx, SiamRPN Fll DaSiamRPN M i&E £ T
BRI B AE HEAT 100G, BRER 2RI, SiamFC I Siam-
DW fc [f] ## B R 2 155 iR 9 Hbr o 7228 666
mite, HAr 547 ANE G, I B 5240, SiamFC++
FIUIAE i £% 2] 1740 H bR I, SiamFC B ER M,
TES5 1406 Wiy, HARTEZS 3 A A RE AR, A
SCHE R AR e R H AR, HSR FH A 7 [ 43
3, BEBAFIE AN AR A, R I R B OR B 4F,

SiamFC [l SiamRPN
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2.3.3 VOT2018 # 4% & 525045 R

VOT2018 $4ii 541 % 60 445751, SR FH Y
SOPRE AR TE B bR, 03T B0, [ A B2 A 1
OTB2015 ¥ 5, T REMR B[R] 0k Z ] iy P e 22
i, ¥ DeepSRDCF . SiamFC , X 25 A= [ 4% 51
i H #5 EE 1 (a twofold siamese network for real-time
object tracking, SA_Siam )% 7" SiamRPN.
DaSiamRPN, ATOM Fl SiamFC++45 F i By b AT
X o

XF LS g 45 IR 5 Fros, IR AR R4
TR s 25 SV B AR 45 R . A SCRE R T
Y128 5 & K (expected average overlap, EAO) ik
BT 0.413, 7 SEAF F 0 [R] S5k AR R 28 3Rk
thEg G RIS . RS2 580 7] 41, ATOM 5
DHER AR, X R O ATOM BBk 7E T H Ar
SR, 23 A 2 A T #E AT R A A, PRt
AT DL SRAT A P 05 v ) 0000 A, {ofF R B2 o A P
e, AH 2y S BRI S R, R A
25.83 Mit/FD o A SR ST 0] 9 4 S FAS FRM 4%
SLEB TN H bRl B, % B AR AR 5 PR R
L PR B ER PR E) T 0.586, 5 VOT2018 EAEH
7% SiamRPN 5%, H & WL H 4

R5 VOT2018 HFEEXLLLWER
Table S Comparative experimental results on the VOT2018

BRER A EAOT AT R BRERHBE /s
AICTTH 0413  0.586  0.206 129.46
DeepSRDCF ~ 0.154  0.492  0.707 5.10
SiamFC 0.188  0.506  0.585 69.58
SA_Siam 0337  0.566 0.258 40.45
SiamRPN 0383  0.586 0.276 128.71
DaSiamRPN 0326  0.569  0.337 78.64
ATOM 0401 0590 0204 25.83
SiamFC++ 0.400  0.556  0.183 141.35

8 45t T AN L TE VOT2018 $dli 4 I
BB ELA R M R AT B I BRERES SR Y
%] Dinosaur ", BR &5 4% 75 2 58 il B AR PR E 2 5 |
JHE G FIASTRY) 45 [m) B3, 756 38 i, H bR B 2 2]
ST S0, SiamFPC AREEHRS H bR, 78
55 121 i, HAR & AR B & AR R, A SCRE K
SR et e R AT IR ER H AR, M ATOM il SiamFC
BRI RS W . RS 158 WUAD 281 Wi, H bR
BN R ZL R AR A, FOEBRAEL, 35 5T Hnaess,
SiamRPN #il DaSiamRPN % Bt Y 481 4 i HE 5 s A

RE-FEAGUE BRER H b, AR SO IE HA B9 1Y H AR
WHIRE ST, AT LAIE & BB H b5 o

-=' v P
(c) Gymnastics3

(d) Motocross1
B 73771 [ DeepSRDCF [l ATOM [l DaSiamRPN

I SA Siam SiamFC SiamFC++ [l SiamRPN

8 AREEETE VOT2018 3 FHBRIRE R
Fig. 8 Tracking results of various algorithm on VOT2018

£ Fernando Jy 9 Hr, HARZ 2™ E £, H
FEBERZLR O MASME A2, 7E5S 55~86 Mil, H
WG R Bk B b, & XS LI R SR BE R
i N H R e B R Al BT AE H R 5 84
b, A SRR N AE X H bR 21 5 R4 5 151 i
BT B A9 IR AR{E, SiamFC, ATOM F1 SA_Siam
K b T AT 2 R A H AR, FIOI0AE 3 B
SiamRPN, DaSiamRPN, DeepSRDCF FI SiamFC++
BRI B AR o H AR, A A SCHEE IE R U
AR, AR T AR SO R RR i H AR U BE
55 283 Wi H br 5 T 0900 B, A SCRIA RS E
BRER R H AR, - HAEWE 5 B A 5 AR, SiamFC iR
B s R B AR, KRR RS R eI ER B4 H s o

1 Gymnastics3 JF ¥4, Hir &Rz 5,
TR 55 0 AR, B SO 2L, TR 22 I
FUARTE 77 B fe v, B MR AR B e AR Bl s, AR
SO SiamFCHRE S IEBA U3 H AR, 5230
B se e w, HARTEY Hae U H s L2f
o TE5 34~91 i H AR kA 7 b ik 7 vh k2B i
e Mz SRR, A AR SCHRE RE 8 B b 3 N H
PR AR, HAR T T AE A2 AL 23 5 T B AR
LR, SE HbrE S50

£ Motocross1 F¢ 81 Hr, 3= Bk 2 H b 1y th
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HIZ B | E % AT 5t 4% 6L . DeepSRDCF ., SiamFC
1 ATOM Hy T-xF H b5 ¢ fiF 42 HURE T B85, 7E46
36 iy 5e 22 fLAS AN G IE 60 U5 H AR, BR R R,
TE5S 75~94 Wi A AR iehs, Bl SAW 2L, A&
SCREMEE BR 1) B AR U RE ) RE A5 SR e B
B H AR, HP00AE B8 #4F8T 55 H bR, HARF R
SR AE TN R B, (E FRDUAE Xt H s 7 5 1 O A 6% 2R
o 55 147 Wt H bR RUBE & A R AR AL, AR SR
ToUIAE RE % 555 W H AR S A 4K, SiamFC-++F il AE
TR, &8 £ 7 5, SiamFC il DeepSRDCF I it
MHES /)N, ANRESERE L5 H AR
234 LaSOT ## & F 84 R

H T AR AR SO B A SO DL R K
79 BRI B RSOE P, FIAN T RS B H AR BRI
$¥i 4% LaSOT., LaSOT H4 4%t 1400 S HLH 7
GIHEAT TR AR, OF B E U K R 3 T
2512 T, FA B m R MERE, BEAS T 4 b 46 TIF SR 2R
SRR I RRE PRI A, R — Yo i PR O
IR ARG . ¥E4#% SlamDWfc, SiamFC, ATOM,
SiamFC++, DaSiamRPN, —ff1 4 — f#) e H r B
5 A1 43 #) J7 ¥ (fast online object tracking and seg-
mentation: a unifying approach, SiamMask ) ** 1 £
I FR A 22 M 4% ( multi-domain convolutional neur-
al network, MDNet) & 3" 22 7E LaSOT $4iE 4 I
BAT SR RE AT XS L o

XF H S 25 SR 6 Firs, JIoRL AR 4
P53 KRR & IV BRI A R . R J5 2R ik
5, A SCHRAE LaSOT 4245 A9 K 51 R i 1
SIAE] T 0.550 B RLZI AR A 0.635 BONE R, AH
LT DaSiamRPN 73l 5 1 3.0% 1 3.5%, # [t
THREL R L SiamFC 7342 i 1 13.5% il 21.4%,
T T 6 A 1Y () 286 B 58k v B Bl ARG 1 R X R
eI, T) A A S B Pt R A

R 6 LaSOT HiFEEN L LI R

Table 6 Comparative experimental results on the LaSOT

PRI RIS RS PR BE /s
AT 0.550 0.635 13032
SiamFC 0.336 0.420 70.81
SiamDWfc 0.347 0.437 65.52
ATOM 0.499 0.570 26.47
DaSiamRPN 0.515 0.605 79.70
SiamFC-++ 0.500 0.571 143.34
SiamMask 0.467 0.552 29.93
MDNet 0.394 0.460 1.65

3 #AKiE

o ot 2 A () 245 B B8 A3 o AR RT3 R A
T 0L T B 55 H bR B ER R A ) 8, DA A AR
RUSr 2568 0 0 JE B, CREAE B2 BRI SRR AE b
257 TR AR A A R U 45 R A7 ket o B AT AR T
& FUBE B oie k5 4%, 91 X I 4% 45 7 1 4540
1k, 51 B 45 3k 350 R0 A ST 0] 05 43 52, [] B )
FH & 7 B DE 0 %t o N Gt A7 Ak, v
X EFRE R EIEE S . 7E OTB2015, VOT2018 Al
LaSOT A M4 45 I 1Y K& X e S 56 ik B iy $2 58
TRAEBO | Ko PR 55 H AR b AR 0 SE B4R
MR E MR, AR T YMALERHE
%, AR AT

JIT B K SR A AE ik 23 ), T RIS
B 1) W, A B AR I P A T 2k B R A% 1
TR BURUE 7 H Aw, H 7 8 $ 5 18] A7 0T fE 52 2]
AL B AR BA S, S 280 B W, N etk —
B S T )G aE AR AR B BT SR W, £
LB R T Y RE

£ % 3Lk
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