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Context-aware attention fused Transformer tracking

Xu Han, Dong Shihao, Zhang Jiawei, Zheng Yuhui’
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Abstract: Objective Visual target tracking, as one of the key tasks in the field of computer vision, is mainly aimed at pre-
dicting the size and position of a target in a given video sequence. In recent years, target tracking has been widely used in
the fields of autonomous driving, unmanned aerial vehicles (UAVs) , military activities, and intelligent surveillance.
Although numerous excellent methods have emerged in the field of target tracking, multifaceted challenges remain, includ-
ing, but not limited to, shape variations, occlusion, motion blurring, and interference from proximate objects. Currently,
target tracking methods are categorized into two main groups: correlation-based filtering and deep learning based. The for-
mer approximates the target tracking process as a search image signal domain computation. However, fully utilizing image
representation information by using manual features is difficult, which greatly limits the performance of tracking methods.

In recent years, deep learning has made significant progress in the field of target tracking by virtue of its powerful visual
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representation processing capabilities. In recent years, Transformer trackers have made breakthroughs, in which the self-
attention mechanism plays an important role. Currently, the independent correlation calculation in the self-attention mecha-
nism is prone to lead to the phenomenon of ambiguous weights, thus hampering the tracking method’s overall performance.
For this reason, a Transformer target tracking method incorporating context-aware attention is proposed. Method First,
hierarchical vision Transformer using shifted windows (SwinTransformer) is introduced to extract visual features, and a
cross-scale strategy is utilized to integrate deep and shallow feature information to improve the network ’s ability to charac-
terize targets in complex scenes. The cross-scale fusion strategy is used to obtain key information at different scales, cap-
ture templates, and search for image diversity texture features, which helps the tracking network better understand the rela-
tionship between the target and the background. Second, a context-aware attention-based codec is constructed to fully fuse
template features and search features. For the problem of inaccurate correlation computation that occurs in the attention
mechanism, nested computation is used for query key pairs to focus on the target information in the input sequence and
incorporates a target mask for assigning weights, which can effectively suppress the noise caused by inaccurate correlation
computation, seek the consistency of the feature vectors, and prompt better interaction of feature information. The encoder
uses features from the output of the trunk as input and uses global contextual information to reinforce the original features,
thus enabling the model to learn discriminative features for object localization. The decoder takes as input the target query
and the sequence of enhanced features from the encoder, using a two-branch cross attention design. One of the branches
computes the target query and the encoder’s inputs to attend to features across the full range of locations and search regions
on the template. Finally, a corner prediction header is used to estimate the target bounding box, and the template image is
updated by the similarity score results. Specifically, the decoded features are fed into a fully convolutional network that out-
puts two probability maps for the upper-left and lower-right corners of the target bounding box. The predicted box coordi-
nates are then obtained by calculating the expectation of the probability distribution for the two corners. Result Training
pairs are randomly selected from the common objects in context (COCO), a large-scale object tracking dataset (Tracking-
Net) , large-scale single-object tracking (LaSOT) , and generic object tracking benchmark (GOT-10k) datasets to train the
tracking model in this paper. The model’ s minimum training data unit is a triad consisting of two templates and a search
image. It was trained using 500 epochs, using 6 X 104 triples per epoch. The backbone network and the remainder have
initial learning rates are 10~ and 10™. After 400 training sessions, the learning rate decreased by a factor of 10. Extensive
testing was conducted on TrackingNet; LaSOT; GOT-10K; online object tracking as a benchmark (OTB100) ; a bench-
mark and simulator for UAV tracking (UAV123); and the publicly available need for speed (NfS) dataset, and the results
were compared with those of several current state-of-the-art tracking methods, all of which achieved excellent performance.
On GOT-10K, the average overlap rate reaches 73. 9%, SR, s and SR, ;5 reach 84. 6% and 69. 8%, respectively. SR, 5 and
SR, ;s are the success rate of an overlapping coverage area greater than 0.5 and greater than 0. 75. On LaSOT, the area
under curve is 68.7%, and the precision rate and normalized precision rate are 78.7% and 74.3%, respectively. On
TrackingNet, the success rate is 68. 7%, the normalized precision rate is 87. 7%, and the accuracy rate is 80. 7%. The
success rates on the NfS, OTB100, and UAV123 datasets are 68. 1%, 69. 6%, and 68. 3%, respectively. The experimen-
tal results prove that the proposed method has good generalization ability. The effectiveness of the proposed method is veri-
fied by conducting ablation experiments on the GOT-10K, LaSOT and TrackingNet datasets to validate the effect of differ-
ent modules on the tracking method. With the use of three feature extraction networks—ResNet-50, SwinTrack-Base, and
the cross-scale fusion SwinTransformer—two scenarios were compared between the inclusion of the context-aware attention
module and the exclusion of the module. The comparison of the final results shows that the inclusion of the context-aware
attention module in SwinTransformer effectively improves the tracking performance. Conclusion The proposed method uti-
lizes context-aware attention to focus the target information in the feature sequence, which improves the accuracy of vector
interaction. The method effectively copes with the problems of fast motion and similar object interference , and improves the
tracking performance. However, the proposed method uses Transformer in both the feature extraction and fusion stages,
which leads to a large number of parameters and requires more training time, resulting in low computational efficiency. In
the future, the two stages can be merged to integrate feature extraction and fusion.
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LU [ 35 B A% (Loshchilov Al Hutter, 2019) X %]
2t A 0. 000 1.

R U 2k BR R AR A, Ak COCO (common objects in
context) (Lin %5 , 2014) | TrackingNet (Miiller % ,
2018) .LaSOT (Fan %, 2019 ) il GOT-10K (Huang %% ,
2021) Ba 4 BE LA BN 1% . B e/ NI 2R
P B e — > = In ., P EAR R — R R E B
. 500 MU IIZE, A A 6 x 1044
=JCH . WIR=A I35 5 0 0. 000 01 A10. 000 1, 7E
400 RNZRIm 7 T T 1045 .

g R T 2 VAR AR ORI LT
[ FH (area under curve, AUC) YA K (precision rate,
PR) . JH—AbHE & %% (normalized precision rate , NPR) |
% T (success rate, SR) 1 ] & K (average
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®we, EMZ, KKFH, MEE
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overlaps, AO) . HERA 220 5 v Lo 7 FUI0 A5 0 b 17
EAE PO Z I RS . I — R B RS % T
b T LA A A R RN, R R — AR P
-8 o e AR B AT LS 30 S AR i FUHE 2 )
(V- BT E B, SRy M SR, 5 73] A B B 75 i 1T AR o L
KT 0. 5HKT 0. 75 B IIH
3.2 XtEEsELe

I VEAG I 5 05 1k 1A R L 7E 34 KA E s
4= TrackingNet (Miiller 4 2018) . LaSOT (Fan %5,
2019) i1 GOT-10K (Huang %5, 2021) LA J 3 4~ H /I
KA KL PE 42 NS (need for speed) (Galoogahi 55 ,
2017) . OTB100 (online object tracking as a bench-
mark) (Wu £¢ , 2015) #1 UAV123 (a benchmark and
simulator for UAV tracking ) (MuellerZ%,2016) X}
T M R ER .
3.2. 1 /PHBEER S AL 45 R

TENFS . OTB100 Fll UAV123 %454 I K 4 77
% 5 SiamFC++ (fully-convolutional siamese net-
work++ ) (Xu %5 , 2020) . SiamRPN++ (siamese region
proposal network ++) (Li %, 2019) | TransT ( Chen %% ,
2021) . STARK-ST50 (spatial-temporal Transformer)
(Yan %5 ,2021) . KeepTrack (target candidate associa-
tion) (Mayer &: 2021) Fil TAT (target-aware Trans-
former) (Zou 55 , 2023 ) 55 7 Fh 2 I BREE vk X T L, 4%
RANE PR . NS Bl 82405 100 MR RS
AL, 76 FIRRUA NES30 1 PPAG T A S5 vk .
AT AUC K 68. 1%, G STARK 4255 1 2. 9%,
TEFTA X L7 b R BRI . OTB 2 VPG AL o B
T TR U, SR AF R, X — R 28 i
TR, BN, SEER A SRR B A SO k] Lk )
5 RS DT RN S I PERE . UAVI23 Bdla S A48 M
125 TC ML A4 28 10 123 AR 51, AR SC 7 7%
IAUC B R 68. 3%, SLEEERIEN], A B 4518
TIRANA R BRI 5
3.2.2  LaSOTHUlEAEPPAG 45

LaSOT J& — %5 S b i3 0 R BB 48 5
1 400/ KIHHIAIF1, 701251, il 4 75 2801
PSS 2K 2 448 T, 1F LaSOT %4 5 b 4%
A% 3C 75 35 5 SiamFC., SiamRPN++ , STARK-STS0.,
TransT. TrDiMP (Transformer discriminative model
prediction) (Wang %% , 2021) | ToMP (transforming
model prediction for tracking) (Mayer %5 ,2022) \ATOM

(accurate tracking by overlap maximization) (Danelljan
&2 2019) 1 CMAT ( convolution mixer and self-attention
tracking) (Wang %5, 2024 ) #E 17 HL 4%, 45 3 3¢ 2
NS

#1 NfS.OTB100F1 UAVI23HIBEMERILE

Table 1 Comparison of results on NfS,

OTB100 and UAV123
1%
AUC
ik
NfS OTB100 UAVI123

SiamFC++ 49.7 68.3 62.3
SiamRPN++ 50.2 69.6 61.3
TransT 65.7 69.4 68.0
STARK-ST50 65.2 68.2 69.1
KeepTrack 66.4 70.9 69.7
TAT 66.7 69.4 67.5
AL 68.1 69.6 68.3

TE LR A& S R A2 2R

R2 LaSOTHIREELARILE
Table 2 Comparison of results on LaSOT

/%

DIReS AUC NPR PR
SiamFC 33.6 42.0 33.9
SiamRPN++ 49.6 56.9 49.1
ATOM 51.4 57.7 50.5
TrDiMP 59.9 69.0 60.8
TansT 64.9 73.8 69.0
STARK-ST50 66.4 76.3 71.2
ToMP 67.6 78.0 722
CMAT 64.1 7.5 65.4
A3 68.7 78.7 74.9

T MR TR 7R 45 9 fe AL 4

MR 2 AT LVE A SO B AE 2 PR e b vh
HREUAF T L FPERE . A U7 7A Y AUC \NPR FI PR
I3 ik B T 68. 7% 78. 7% i 74. 9%, TransT Fl
STARK-ST50 P F J5 1 1) {fi 1] 45 FR 00 24 42 BURRAIE
I F FH Transformer @l & 38 B AFE . 5 &ML, A
U5 I AUC 48 AR 20 0 42 @ 1 3.8% F1 2. 3%,
CMATH# T — MRS B LR [ T
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FEHESZ IR 2%, ToMP 2 7E g i i it A T H bR iz
FHARY R, 5 = F ML, AR SO 9 AUCHE br 23
IR T 4. 6% F1 1. 1%,
3.2.3 TrackingNet B Ve 45

TrackingNet J& — > KHUASE 1% 7 0] B B e 4
£ 75 5 30 000 S YIZRALA , St T 511 40 i
WP A o N 3 PR, A SO AR IR A S
T RS HERE, AUC NPR 1 PR 43514 83. 1% .87. 7%
H180. 7%, 870 R HAE KW E S st h AR ER
Yot AR ENE T B i 5 T Transformer 1Y 8 25
it , 1 10 TransT (81. 4% .86. 7% 1 80. 3%) . TAT fifi
JH ResNet50 (residual network ) (He %5 ,2016) 32 B4
fiE A SCTT L B9 AUC AR 53 L TAT (Zou 45, 2023) 48 i
T 1.6%;
tracking) (Pan 5% , 2023 ) % 11 T — & F SwinTrans-
former F9 55 £ B 9 R AIE B2 U £, AR SCT7 19 AUC
1303 R 0. 8% AR A ST iy 25 RUBE Rl &
SwinTransformer REASHHE BT =F & IURHIEROR o

STMP (smaller swin-Transformer model

#3 TrackingNet #HIBE & RILRK

Table 3 Comparison of results on TrackingNet dataset
1%

WIReS AUC NPR PR
SiamFC++ 75.4 - 80.0
SiamRPN++ 733 - 80.0
TrDiMP 78.4 83.3 73.1
TransT 81.4 86.7 80.3
STARK-ST50 82.0 86.9 79.1
TAT 81.5 86.7 79.0
STMP 82.3 87.1 80.4
AL 83.1 87.7 80.7

- IRL P e A SR AL, = s Xt RS

3.2.4  GOT-10K BTl 25 5

GOT-10K J2 T 4 A 14 RS ST AR o B 2
WA S T PRIEYIZR AT Z R R 2R R F
PG GOT-10K — UM, HAE IR E T8 I ZRAsd
R, B AR E T RS AR TEAL SR 4 PR
ARICTEAE AT 165 B B, AO (SR 5 Al
SR, 45 73 W35 2] 73. 9% . 84. 6% H1 69. 8%, 15 Swin-
Track (Swin-Transformer-tracker) (Lin % , 2022) .
OSTrack (one-stream tracking) (Ye 2 2022) il

FFTrack (Transformer tracking via frequency fusion)
(Hu %, 2024) M LG, - ¥ T B R 505142 5 T 4. 5%,
0.2% F10. 7%, LA ESHRB YA IR AT WL
XA IR ALRE ST, BEAEIE IO AN [R] i R 558 A1
Ykt

#*4 GOT-10K HIEELRLILE

Table 4 Comparison of results on GOT-10K dataset
1%

ik AO SR, SR,
SiamFC++ 59.5 69.5 47.9
SiamRPN++ 51.7 61.5 325
TransT 67.1 76.8 60.9
STARK-ST50 68.8 78.1 64.1
SwinTrack 69.4 78 64.3
0STrack 73.7 83.2 70.2
FFTrack 73.2 83.1 70.3
A3 73.9 84.6 69.8

TE IR R 7R 45 9 e AL 4

3.3 HERSKLE

S YEA ST ¥ A 8, £E GOT-10K \ LaSOT
H1 TrackingNet £ 4 5 T FF & 1 @il 5256, 6 Uk AS [7)
BT B B3 07 ¥R Y 5200, Q3R 5 7R o T Rl S g &
BN AE S IR R RS PN T T T ) . — 7T,
AR SCWTSE T AN [ RF I 2 BB 268 X R85 075125 AR S Wi
1 0 3 A RRAE $1E B 2%, Bl ResNet-50 , SwinTrack-
Base (Lin 4§, 2022) fll SwinTrans; 75— J7 i, Xf li T
R IE R B ) P SR, — PR AR S T
B35y — R BRSO E S . Hrh En-

R5 HEXBWER
Table 5 Results of ablation experiments
1%

$fEEns GOT-10K LaSOT TrackingNet

S
FHIESERIE " spom A0 AUC AUC
ResNet-50 Attn 687 672 81.8
ResNet-50 En-Attn 69.6 682 82.7
SwinTrack-Base  Attn 701 675 82.1
SwinTrack-Base ~ En-Atn 725  67.3 82.5
SwinTrans Attn 702 675 82.3
SwinTrans En-Attn 739  68.7 83.1

T L PR 5 8 R A2 2R
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I, SwinTrack-Base DA J2 SwinTrans 1F A 4R ik $2 B )
25T LIk B 00 BRER A5 IR ik R WA [ 454 R
Transformer Lt 45 BB 28 [0 25 4 O FREAE B R 4 75
HeEXTHE T SwinTrans F1 SwinTrack-Base P MR1E 2
YR 28 | DA SR ] Al T 25 RURE SR B SwinTrans 7]
DL SEAF RO PERE , 800 1A 1 i RUBE SREm 19
PE . RS i R AE X e nT U H {81 Swin-
Trans $& HURFE 38 0 F SCBHNE BT RlG (5 B hg
AR R ER TR BE
3.4 EMSH

R T LV R A2 T R R T ) S P R B Ak

~FHUUU 3 OM

'#UUUU

N J77E s TOMP  —esssssm TransT

1 #UUUJDB

4 & it

BEXF H AT A TR L AR ST AR B B
(] A, A SCHE T RS B SO B T Y Trans-
former H AR IR IR 7 o A SCfifi F SwinTransformer 42
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#%/bb

AR A
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5 ATk BR RS,

Fig. 5 Visualization of tracking results

R RIR T 4 L BATARFRAE RIS, 4n &l 5 BF
7N EE T A 5 A T2 IR B R O ¥ (ToMP | TransT |
STARK-ST50 ., SiamRPN++ £l SiamFC) ) 7] 1 4k BR 1
iR WSS 1R TR bR & il e, A SO
AT WEAfR BRER . 565 3 41 B An sl B8 3l 1o 72k
PHARSOE R T Bbs AR5 Sei i rh 5 Az
PEEHTE AL 3K F B )T R 7 v i R SR 1
WIEIE T H IR B ES . IS 4 A mT LUE 2, 24
YA L i B, A BR R T i3 Bk
TIER B R, iR R 5 B R AR A A, AH
2 A SORS B b BRER T B Ar X 2R AR SOl
FHT TR OB R 7, A BR R T VA X T AR
TP EA S 05 2, A SO AR A A
U 48 AR Ptz 3 DL R H AR A Ol
I EA R A g A .

‘ﬁ

k”‘»‘-

SiamRPN++ s SiamFC

B, AR SCBT T — RO B SOREIE R ) Ll
ok TSR AR 1) o 0 — B AR AR AR S TR AP A
B BB T ST B RS 0 % . 7E LaSOT,
TrackingNet , GOT-10K %5 2/ 88 46 I A9 5256 25
R ARSI A TR BRER A% L BEAT R0 R e
1B 3l ALY TPk R AT R, e i T Rl S 5 A
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