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Abstract: The tracking algorithms based on the Siamese networks show great potential in terms of tracking
accuracy and speed. However, it is still challenging to adapt the offline trained model to online tracking. In order
to improve the feature extraction and discrimination ability of the algorithm in complex scenes, a Siamese
network real-time tracking algorithm that combines channel, interconnection and spatial attention mechanisms
was proposed. First a Siamese tracking framework with a deep convolutional network VGG-Net-16 as the
backbone network was built to increase feature extraction capabilities; then the channel-interconnection-spatial
attention module was integrated to enhance the adaptability and discrimination capabilities of the model; then the
multi-layer response maps were weighted and fused to obtain more accurate tracking results; and finally the large-
scale datasets were used to train the end-to-end network, and tracking test on the benchmark OTB-2 015 was completed.
The experimental results show that compared with the current mainstream algorithms, the proposed algorithm is
more robust and better adapt to complex scenes such as target appearance changes, similar distractors, and
occlusion. On the NVIDIA RTX 2060 GPU, the average tracking speed reaches 37FPS, which meets real-time
requirements.
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Fig.1 Framework of Siamese network

FEE B R E, (X0, Xo), 1A PI 5K R A AE LR 3 5 e
B, i —H Z I 2E R
1.2 E-F Siamese M 4% &Y B #RER IR

AR, TETREE 27 > W R JEHES) T, Siamese 924
BT H bR BR R, IS T4 B8 B 0 st
LT Siamese [ 45 AR e P BRI 07 SiamFCP 24,
W H bR BRERAT: 55 5 10 R AR R B 6 (R, ) DR 2 A
AH i B 25— Siamese M 4% (HEFZ | B4R
S T2 R0 A JZ AR 80, K AR P 87 5 — A Ay A6

B ST i A MR 2, Ji S5 Wit 8 A 2 DX 38 A o 4 0
G S A PR x, 73 590388 ot A G 7 A A B B
2% (), B S0y PR B4 E B RFAIE 23 8], 2 2] — A
JE B R f (2, ), W30 (1) B, AT AR A R
A 32 XS4 5% P8 =2 i) py AR B E, o [l o 12 4, 3
Rods, —H MU o KPR R E R,
b - T3 7 (W IO P P s A MU

f@x)=¢@)*e(x)+b-1 (1

2 Bh&iEENH Siamese M 4& B FRIRER

2.1 HIRHEZR

SRS 2 R

FZ AL Siamese TR BE 2% | 3 1 - 5K -2 [A]VE
&= 1 B Bt (Channel-Interconnection-Spatial Attention
Module, CISAM) ., H.AH 51z B LA K i o7 7543 fl A
WA . Horh Siamese ¥R B W 45 5 T VGG-Net-16
HEATFYEE, PRl CISAM., B )F 91 2 5k el i 5 11
Siamese [ £, K J5 46 R B 3145 2 19 FRIE 25 1], 15
BN Z R FRE R, 430 AT B OGS B, e 1 A5 4y

Template

,
e

4

|

o ——

Response Score Map

ﬂ Conv
Lﬂ Conv_CISAM
’/—? Conv_adjust

Pl 2 BrIAHESL

Fig.2 Framework of algorithm

20200148-3



ash 5 kTR

%34

www.irla.cn

%50 %

&l (Response Score Map) #F 17 il &, 154318 = , WA i
fr 82 HAR IR BOR
2.2 Siamese ¥ £ M %&

R AE B2 O P g BRI O 1 B R O OC B I
R T TR A RRAE SR ICRE J7 , T UG ] AT
FURIIR 28 1) PR AN AR 1, SCHR I 28 5 T3 7 g g B
5 1Y) VGG-Net-16 JEF7H 2 .

VGG-Net-16 /& Hi 3x3 1/NEVG A% DA B2 2x2 (1)
e R A S22 T S M 7 ) SR I A BBl 22 I 2%, i 1o
INEL A BRI TR B3 5 I ASTADL 05 R 3 U S8 JvT TR
0 Jry B, SR T 28 I PR RE . AL B S Bt

L2 AR IR R AR L A 2R E A
VGG-Net-16 BEZ £ MU HIE 5 F- 5 B9 FRAE, H5 H 2
) (9 AN ] J2 A () 3 3 1) 35 43 R AE P AT AR AL, an A 3
FiR

H T #% VGG-Net-16 W 4-Hh iz F 3 3 b 4 5k
, KR4I Siamese 4% (947 A, TR B 25 1 30 5 42 B OG
DA K o &1 ) il A SRR, X VGG-Net-16 T8 EK,
HARM 28 4583 1 s . IRl LUR i, B E:
FLALHE LA AT 1 o

(1) T 2% 3 B b B AT 55 XS 467 B 1 75
SR, MBREE BB, i/ T L8 BRI BB

'3 VGG-Net-16 F2IRAI ML
Fig.3 A set of feature maps extracted by VGG-Net-16

20200148-4



s Gk A2

%34

www.irla.cn

% 50 A

)3 fE MK BALN, £E 45 BUZE Conv2 2,
Conv3 3, Conv4 3 J5 4@l A Tl i - B BE-25 [ 1R
B CISAM, JE BUFFE ] 2 Conv_CISAM, R 4
ANAE, 4 HiE/E Conv2 2 CISAM, Conv3 3 CISAM
A Convd 3 CISAM;

(3) #2507 2 3 SORFAE 3 R AT E A, H

Conv2 2 CISAM, Conv3 3 CISAM Ll K Conv4 3
CISAM 435§ 1L

(4) VH3& . Ry T8 F 5 2 N A5 43 TSR B
G, TE AT BAH G I8 BT, W% £ 4 SCRFE Conv2_
2 CISAM, Conv3 3 CISAM DI & Conv4 3 CISAM 43
S A HE)ZE Conv_adjust FEATIE Y .

& 1 Siamese MR L5

Tab.1 Architecture of Siamese network

Layer name Kernel size Chan. map Template size Search size Channel output Stride CISAM

Input 127x127 255x255 3 - No
Convl_1 3x3 64x3 125%125 253%253 64 1 No
Convl_2 3x3 64x64 123x123 251x251 64 1 No

Pooll 2x2 61x61 125%125 64 2 No
Conv2_1 3x3 128x64 59%59 123x123 128 1 No
Conv2_2 3x3 128%128 57%57 121x121 128 1 Yes

Pool2 2x2 28%28 60%60 128 2 No
Conv3_1 3x3 256x128 26%26 58%58 256 1 No
Conv3_2 3x3 256x256 24x24 56x56 256 1 No
Conv3_3 3x3 256%256 22x22 54x54 256 1 Yes

Pool3 2x2 11x11 27x27 256 2 No
Conv4_1 3x3 512%256 9x9 25%25 512 1 No
Conv4_2 3x3 512x512 77 23x23 512 1 No
Conv4 3 3x3 512x512 5x5 21x21 512 1 Yes
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Fig.5 Grad-CAM network visualization results
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Tab.2 Experimental platform parameters

Device Product model Memory
CPU Intel(R)Core(TM)i7-9 700 16G
Basic frequency 3.0 GHz
GPU NVIDIA GeForce RTX-2 060 6G
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Fig.6 Qualitative results display of the 6 tracking algorithms over partial video sequences

¥ k5] 0.896, B FE K 0.689, HXT T SiamFC &%

AT 12.4%. 10.3%., EM SCH R EAE Siamese
PR 245 HE S Y LAl b, BREEBCT B R 1) R 4 4SRAE, [R] ER
AT TR R o 15 00 265 B30 35 7 A g o R A

fiE, $&T1 T 5 B SRR B S R e e

Precision

Precision plots of OPE

= ECO [0.910]

== Proposed [0.896]
=== DasiamRPN [0.880]
m— SiamRPN [0.851]
== CFNet [0.778]

«+« SiamFC [0.772]

0

5 10 15 20 25 30 35 40 45 50
Location error threshold

[l 7 ¥ OTB-2015 OPE [ #E R E i £l
Fig.7 Tracking precision plots of OPE on OTB-2015 dataset

(2) ANFHVEEAE OTB-2015 H, 11 FOAR ] & M5

14 BRERS L S S AT 45 SR NP 9 B, SChREAER
JEAEA AL | ST P e B JeR 1 v HE 44 5 —, AR I
LN TN T 2N S E N miLs 8 INE St S N = ]

P | AR PR B e 5 =, UK T ECO,

20200148-9

Success rate

Success plots of OPE
1.0
09 f
0.8
0.7 +
0.6 +
0.5 t+
04 === ECO [0.691]
[ == Proposed [0.689]
0.3 + === DasiamRPN [0.658]
02 I == SiamRPN [0.637]
’ == CFNet [0.587]
0.1 F  ««« SiamFC [0.586]

O 1 1 1 1 1 1 1 1 1
0 01 02 03 04 05 06 0.7 08 09
Overlap threshold
[ 8 T OTB-2015 OPE B ZhZ ML 4]
Fig.8 Success plots of OPE on OTB-2015 dataset

1.0



GROEY 1
%344 www.irla.cn % 50 %

(3) PRI AE OTB-2015 H A [l 445 i 1 1) A MR | R E R P HER S, SUR T ECO.
Dyt Ay 4 R A 10 B, SCrh R e RUEE AR (4) BT ECO, SCH Bk RN JE 1 000 o 5
e AL I N BERS R PR Im e e S — A A 2R SRR TR I 4% AR ) ECO B3I 1
JEHRARAY | ST AMGER  ERS  mE ] tREbZ . GPU Ly 8 FPSY, SCrp R 1 1 R A F

Precision plots of OPE- Precision plots of OPE- Precision plots of OPE-
illumination variation (37) out-of-plane rotation (63) scale variation (63)
g g - g
‘% £ ‘% {4 % /3
505+ — ECO [0.912] 205t — ECO[0.907] Z 05 | [ff — Proposed [0.889]
S o1 [#* - Proposed [0.887] 8 ou | I~ Proposed[0.893] 8 04 ~ ECO [0.877]
~ o3 [ff - DasiamRPN[0.878] | = ('3 [ Jf -~ DasiamRPN[0.877] | & '3 | Jf ... DasiamRPN [0.857]
02 — SiamRPN [0.873] o2 L = SiamRPN [0.855] 02 |§  — SiamRPN [0.846]
: — SiamFC [0.741] : — CFNet [0.760] : — CFNet [0.739]
0% - CFNet [0.703] 0% _ - SiamFC [0.758] Oé - SiamFC [0.730]
0 5 10 1520 25 30 35 40 45 50 0 5 10 15202530 354045 50 0 5 10 15202530 35404550
Location error threshold Location error threshold Location error threshold
Precision plots of OPE- Precision plots of OPE- Precision plots of OPE-
occlusion (48) deformation (43) motion blur (29)
1.0
09 +(©
0.8 ,.“‘ ,,,,,
- 0.7 T o SO . o
o i gost & g o6y (" Eco [0.897]
£ 05 | [f¥ — ECO[0.906] 5 05 § ¢ — Proposed [0.895 €05t i :
8oal fff - Proposed [0.840] S o4l ff - Dasli)amRIEN [0.8]86] 8 04 | [f — Proposed[0.861]
®~ 03 | ff - DasiamRPN[0818] | &~ 5 | ff . ECO [0.856] & os | -+ SiamRPN [0.821]
02 L — SiamRPN [0.791] 0'2 | — SiamRPN [0.837] 02 | — DasiamRPN [0.816]
0'1 — SiamFC [0.727] : ~ CFNet [0.710] 0'] = SiamFC [0.707]
0 CFNet [0.697] 06 - SiamFC [0.694] o ... CFNet [0.681]
0 5 10 1520 25 30 35 40 45 50 0 5 10 1520 25 30 35 40 45 50 0 5 10 1520 25 30 35 40 45 50
Location error threshold Location error threshold Location error threshold
Precision plots of OPE- Precision plots of OPE- Precision plots of OPE-
fast motion (39) in-plane rotation (51) out of view (14)
1.0 1.0 1.0 —
09 [(® 0.9 M = 0.9 @
0.8 | = 0.8 L T TR RS 0.8 i -~
207 ¢ z L 0T 0T} e
:% 0.6 1 — ECO [0.878] jg 06 ¢ i = Proposed [0.919] :% 061 P oy :
b5y 0.5 P 5 05 ¢t " — ECO[0.892 5 05} - ECO [0.913]
3 — Proposed [0.863] 3 ) [0.892] S 04 178
& 04 -+ DasiamRPN [0.817] | & 04 f -+ DasiamRPN [0.889] & 04+ g — Proposed [0.799]
03 — SiamRPN [0.793] 03 | — SiamRPN [0.859] 03 | § - SiamRPN[0.728]
0.2 — SiamFC [0.744] 02 } — CFNet [0.786] 02t -_gh$¥%ﬁ%§;gf2m
-+« SiamFC [0.743 L = Slam -
0 I, el 01y o SemrcTE % - PNt [0.604],
0 5 10 1520 25 30 35 40 45 50 0 5 10 1520 25 30 35 40 45 50 0 5 1015202530 35404550
Location error threshold Location error threshold Location error threshold
Precision plots of OPE- Precision plots of OPE-
background clutter (31) low resolution (9)
1.0
0.9
0.8
- 0.7 . O
S 0.6 s 0.6
Z o5 | i — ECO[0.942] 2 o5 | J —ECO0881]
8 o1 | #f — DasiamRPN [0.856] 3 o4 | F - Proposed [0.877]
- e -+ Proposed [0.835] A Y == SiamRPN [0.870]
0.3 — SiamRPN [0.803] 03 — SiamFC [0.848]
02 fy _ 2am y 02 = DasiamRPN [0.815]
CFNet [0.756] i
0.1 SiamFC [0.692] 0.1 f CFNet [0.750]
0 5 10 1520 25 30 35 40 45 50 0 5 10 1520 25 30 35 40 45 50
Location error threshold Location error threshold

59 OTB-2015 11 R [H] & PR T 371 BR RS B2 it 2

Fig.9 Tracking precision plots of 11 different attributes video sequences on OTB-2015 dataset
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Fig.10 Success plots of 11 different attributes video sequences on OTB-2015 dataset
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