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Dual attention Siamese network with anchor free for visual tracking

GUO Wen'2, LIANG Bo-wen', DING Xin-miao*'

(1. School of Computer Science and Technology, Shandong Technology and Business University, Yantai 264005, China;
2. School of Information and Electronic Engineering, Shandong Technology and Business University, Yantai 264005,
China)

Abstract: Aiming at the problem of decreased corner positioning accuracy caused by light changes, fast motion and scale
changes in the tracking process, we propose a visual tracking algorithm motivated by the framework of SiamCAR. Firstly,
the research method uses improved ResNet-50 as a feature extraction backbone network and combines with enhanced
multi-layer fusion feature map to extract feature, which makes full use of the location information of shallow features
and deep semantic information of the network, and improves the semantic understanding ability of the algorithm to target
features. Secondly, a hybrid attention block is constructed to alleviate the inaccurate corner location of the anchor tracker,
which improves the tracking accuracy and positioning accuracy of the algorithm. Finally, extensive experiments are
carried out on GOT10K, UAV123, LaSOT and other datasets. Besides, compared with current advanced trackers, the
proposed algorithm can better resist the influence of various complex factors such as illumination variation, rapid motion
and scale variation, at the same time, obtain good tracking performance on a number of evaluation indicators.
Keywords: anchor free; attention feature map; dual attention; Siamese network; visual tracking
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location error threshold

4 UAVI23 BURERIRE R INE SHEHEXTEL
2) GOT-10k X b 5256 4347

#1 7EGOT-10KRIETSXTEL
tracker AO SRO.5 SRO0.75 FPS
KCF 0.203 0.177 0.065 94.6
fDSST 0.206 0.187 0.075 67.0
SRDCF 0.236 0.227 0.094 68.5
Staple 0.246 0.239 0.089 68.3
SAMF 0.246 0.241 0.084 69.3
CFnet 0.293 0.265 0.087 35.62
MDNet 0.299 0.303 0.099 1.52
ECO 0.316 0.309 0.111 2.62
SiamRPN 0.483 0.581 0.270 97.55
SiamRPN++  0.517 0.616 0.325 72.30
SiamCAR 0.569 0.670 0.415 49.83
ours 0.594 0.694 0.464 30.37

GOT-10 K 72 [E Fr g 138 FH 5 5 xR ER H I VF
MR G AL e 87 Fhiz s =X, 560 Fliz )4
14,150 73 BA B F3hRiE 1) B ARE, 3 HE 778 7
PRV, A iR £ Hh B U 2548 5 R A Hh e 2%
MRFEZ A& 5FEE. BB E &SR
LR VRN R AR 4 B I 2RO A I SR
RIS IR 4 AT AT AR, B,
KMk as R EAL BB M, B W E 3% 4 R 3T 0
PEM, DA L GOT-10 K () B i 45 50 b Hofh v o B
YR 77, W3R 1 o, A8 S8 T4 b bl 2 v D) 265 A 48
SiamCAR %t AO. SR0.5 #1SR0.75 fI ¥4 Al & 1
2.5%- 2.4% 4.9 %, PE Fabr FESHE 2 I E
TR (AO) ML (SR).

3) LaSOT X L 546 43 #7.

LaSOT & — it & 2K+ & 1 KL AE
£, 85 TR, A FF 713k 2 1400 4. 5 Z AT )
Hm G LL, LaSOT Hp 124 7 A1 K B i 2 500 .
AP B ERA K B BT A & R Bk R, B bR AT RE 2V 2k
FFAEAL S o BT I, X IS T R A A R I R
Hh T ERER H AR I RE 7. DA LaSOT B I & A 1 3k
B0 A S R B A AT VA, 2R AR B A Rk 280
AR FE 5, & 13 S AR I b 30 1 IR R 45 1
ZACRE . W AR SCRE S BUA 1 Sk BR R SRR AT
Eb %, Bk 0 55 SiamCAR. DiMP-50 (learning
discriminative model prediction for tracking)®!,
ATOM (accurate tracking by overlap maximization)?°!,
SiamRPN++4%.

SIS EERANR 2R, R2EE B, A HIES
FEUESR L SiamCAR AL, 72 V0 — AU RS BE . RS FE L TR
FE 3 ERR L Tt 1 0.1 %, 1.1 %, 2.7 Y.

#*2 7ELaSOTRIZETS X EL SCI6
tracker IH—1bkE K HERf
MDNet 0.460 0.373 0.397
SiamFC 0.420 0.339 0.336

DiMP-50 0.648 — 0.569
StructSiam 0.418 0.333 0.335
ATOM 0.515 0.303 0.576
SiamRPN++ 0.496 0.491 0.569
SiamCAR 0.600 0.510 0.507
ours 0.601 0.521 0.534

2.3 HRLSCIE

N VEYIIE T A SR AR T SR B 1
4 2, 0T BT A () BAR AR AT T Bl S5, DAYEAY
BTN L B TR, BE AL DL SiamCAR #5784 Sy J
fitlh X 285, 328 20 s 0 22 T 26 B (Atrous) R AIE 8 53 A5
B (Affine) AR A VE B L (TAta), 9% 1) VFAl 76
OTB 100 ##5 8 _HEAT, AHE 70 % A Hu L 28 1 3
TG SR AT SEUR VAl ANV Al 2 A, 45 SR a0k 3 B,

R"3 SISUHEREE LR REEEIIEE %

SiamCAR Atrous Affine TAta Succ Prec
V4 - - - 66.3 87.6
Vv V4 - - 67.0 853
Vv - Vv - 672 86.4
Vv — — vV 67.3 875
v - V4 V4 68.5 87.6
v V4 V4 - 68.3 86.3
Vv V4 V4 Vv 69.3 89.6

F 3 A R0, kIS BROGT R R P E (R BT 20 A
(I RE JEE 1 DT iR, e b 22 TR A RO AR AR 2R 3R T 17 I
5B LA RN AT TR B, 3 ORI 2 B (1 [ e
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TE VAR 2 R A AR R AR B R R R 7 B S AR XS
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Prec 435124 69.3 % £189.6 Y.
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