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Fig. 1 Two basic architectures of single object tracking methods. (a) Siamese network-based two-stream tracking method;

(b) transformer-based one-stream tracking method
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Fig. 2 Landmark advances in deep learning-based single object tracking methods
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Fig. 3

Feature fusion methods in single object tracking methods. (a) Naive cross correlation-based fusion; (b) depth-wise cross

convolution-based fusion; (¢) pixel-wise correlation-based fusion; (d) cross-attention-based fusion; (e) concatenation-based fusion
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Fig. 4 Tracking head in single object tracking methods. (a) Anchor-based head; (b) anchor-free head; (¢) corner-based head
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Hoo Hod  CvT 2549 CNN Ay HAE 7 P (A0S 8 R 78 1
SE) I AE VIT 384y i, B v 3% T 1) B4 2 4R A0 ] 719
SRR AS R A . MAM L 38 1 5 A JE X FR 45 44

i8P85 . OsTrack™ . SimTrack!™ W 2% A ViT"™
YE R B T M, Hrp OsTrack 5] A G 15 16 14 B A5
He 2o B0 & 15 52 19 A5 & 5 Sim Track ™ 2% F HpoO M 57
FAR BRI (E E . CT Track ™78 ViT"™ iy B 7% B i
TrE M SRR bS] OACK OGS A B | SR A RS S
15 04 I 25 B A 348 i ) 4% P B9 (5 B AC L

JiHh IR B AR — DT T B i R
P T R MR A R X AN L BR R AT 55 2 A%, BRI T I
oPRY B 4% 38 R FH TIOUI ZRAR R R AT S 800 1R AL
R RUC A X 28 DI 25 1k e S 0 R R IR AT 55 I R B
R BERIYN LR e e 1 o K LUK, 78 KA 43 25
#E TmageNet ™ | W5 B YIl 2k 45 5] A4 T0YI G b 70 7 327 if
M T HARREAT 55 o TS B 2R R & k.
HHEE T W B UG, SR AT Fe 2 2 (CL) R s i el 45 7t
B (MIM) ™ 45 21 1 1 25 455 780 57 1) F 3R B2 AT 55
SimTrack ™ H1 X}t T AN [ 2 8wl s 1k (AL 5 Dei T
38 Ak 4 4B T UI 2458 B K2 Moco™ | CLIP"™ \MAE"™
PRALY B MR AR ) X VA PERE R e S B 5 R IR
B, 3T MAE™ (% 10 I 25 455 0 B A3 T & 4 1k e .
OsTrack"" | SwinTrack ™ H #5 2R i 3 F MIM ) 1t ]
ZRAR R DT AT ) R
2.3 SEERE

P X ACRME A B T IR 2% ) B H bR R ER 7 ik 1Y
AT TIC B ek o0 Hr ml LAAS 7 ik A5 i
B K A B Ry R AE R U 2% i 7 IR AR AE Rl A AR B
P REL WS ZIDORS 40 5 H bR BRER S Wy B &, Horp BB B

F 1 ACRNE Y T IR B2 25 2T 1 B B AR SRR O vk B A5 A0 2 A

Table 1 Structural composition of representative deep learning-based single object tracking methods

Tracker Publication Feature extraction Feature fusion Tracking head
SiamFC"! ECCVW 2016 AlexNet Naive cross correlation —
SiamRPN" CVPR 2018 AlexNet Up-channel cross correlation Anchor-based
SiamRPN+ CVPR 2019 ResNet Depth-wise cross convolution Anchor-based
SiamFC+ +" AAAI 2020 InceptionV3 Depth-wise cross convolution Anchor-free
SiamCAR"" CVPR 2020 ResNet Depth-wise cross convolution Anchor-free
PCDHV™ ACCV 2021 InceptionV3 Pixel-wise cross convolution Corner-based
TransT'" CVPR 2021 ResNet50 Cross-attention-based fusion Anchor-free
STARK"™ ICCV 2021 ResNet Concatenation-based fusion Corner-based

SwinTrack™ NeurIPS 2022 Swin transformer

Concatenation-based fusion Anchor-free

[53]

MixFormer CVPR 2022 One-stag
SimTrack'™ ECCV 2022 One-stag
OSTrack " ECCV 2022 One-stag

e feature extraction and fusion Corner-based

e feature extraction and fusion Corner-based

e feature extraction and fusion Anchor-free
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R A 20 CR ) — A T I 45 () e 5 B R E 2 B 5
L FL ) S5 A0 o] B, BAT 5 R R 2 ) B RE Ty, J2 R
ok B bR ER R T 1k BRI R

3 FLH b BRI RO B S P 35

3.1 BEHMRBREHES

B bR BRI RO AR R B RS PR A S LR IR A T
Gt — T 5, [ B RO AR B0 4l 4 1 kR b R M 2 1 T
TR F 2 R HR R TR . AL EEXS6
AW R R BCPE 4B UE AT B, B VOT-2018"

UAV123"" .GOT-10k"" LaSOT""  TrackingNet " /I
TNL2K"™, F 2% LR B4 i s BT T A

1) VOT-2018"

VOT ¥4 4 F ¥ 16 2013 4E & i T VOT 3% %%,
I Bifi 5 55 FE M 28 I AN W 1 1 B0 4R 25 i KobR i . B
PEA S T 60T A, TINIF A . F8 T E
PRI N S R AT R R
TE N R A B OKIRAE S R 0 B T EOE B
b A FELHE A1, 38 40 2 6 Fh Lo Ja ok, an e IR AR b R

5 G

F2o W TR E bR R R A AR

Table 2 Common single object tracking datasets

Dataset Sequence Attribute Average duration /s Minimum frame Maximum frame
VOT-2018"" 60 12 355.90 41 1500
UAV123"" 123 12 30.48 109 3085
Total: 9935
. . Training: 9335 _
GOT-10k o 6 15. 00 51 920
Validating: 180
Testing: 420
Total: 1400
LaSOT"™ Training: 1120 14 83.57 1000 11397
Testing: 280
Total: 30643
TrackingNet'"™ Training: 30132 15 16.70 96 2368
Testing: 511
Total: 2000
TNL2K" Training: 1300 17 20. 74 21 18488
Testing: 700
2) UAV123"°" 5) TrackingNet "

ZEE R B 1231 fR IR AS TE LR 4 1) 3 D AR
WA AR TR 58 S i A v e BRI R R kD
BAEEME T 12340750, TUNZE)7 5. T
A JE A ML U A S BLH AR S e TE R (B
FrEIZUEL S GG, i — 2 U T BRI

3) GOT-10k™"

ZEE S o B PR PR R R B EE A . B4R
P35 B B Y 563 FE UL AN B bR AL A 1T A
Y7 H1 A 420 400K 5 51 . B Ar B AE 28
150 74, BL¥ R N AR o Bods 4 A4 Ui 2 42 R0 ik
R Z M TCFE I S, BOZEHE S 12 ont-shot PRI : 7§
N SR g I ™ A DR T A AT i 5 4 DI R R iR AT
Yk anut, it 4 S5 B BE B9 I 0 7 32 19 17 Ak g
RIVER B 0 HAR B BE T .

4) LaSOT™™

TZBE B o ELAT PR B R R K I R B A
£ A 1400 A BB T 31 (1120 4~ I 25 0% 31 K 280
AW ) o B T K
2500 frame, H.32 WK I F T AR iE o BB o 76 % B0 s
£ 1) R BN RE ELHE IO H AR 09 4 B R R

Z 4R o B R0 R K R B b R R R
B AL E I 3T A AR TE L . BCHE 4R 4y S 12 41 2k
T BT FEAT 211N TS BIEE ZEE T
ARSI ZM R, bR &Ml it gt 1
W A Y R B

6) TNL2K

IZEE S S B ARTE T bR I Y 2 A R R A
£ o B AL 2000 AN LAY 51 R 663 S FR 3R] . R
H bR i1 FHE SF | BEASPLT S & — 4 0 F HAR
R ER], B EE o AR IHER H s py s AT, 28
XF H bR RS HEE AL

DL BOH R 2 A Pk R v A 0 Y
(POC) (&P (FOC) (RE A4 (SV) (K% 28
16 (ARC) (M 3z 3 (FM) D24k (V) K 45 B¢
(LR) HALEF(OV) MHLIZ S (CM) 3 544 0% (BC) |
A A (VC) /N B AR (SOB) JEAE (DEF) |38 3l 1
W (MB) S i N iERE (TPR) F i AMiER: (OPR) A= %,
Hbr 52 m (AS) LA AH LS BE B A5 (TC) A 2L ok af I
LA (MS), %31 E T GOT-10k" \UAV123"
LaSOT"" TrackingNet' ™ #l TNL2K"™ {1 J& 125 51
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Table 3 Video properties of common single object tracking datasets

No. Attr Description GOT-10k UAV123 LaSOT  TrackingNet  TNL2K
1 POC Partial occlusion J NG N N NG
2 FOC Full occlusion N NG NG N/
3 SAY% Scale variation N N, N N N,
4 ARC Aspect ratio change NG NG N N NG
5 FM Fast motion N NG NG NG NG
6 v [llumination variation N/ N/ NG NG NG
7 LR Low resolution N/ N/ NG NG NG
8 ov Out-of-view v/ v v v
9 CM Camera motion N, N N/ N,
10 BC Background clutter NG N NG NG
11 VC Viewpoint change N, N N,
12 SOB Similar object /

13 DEF Deformation NG NG N
14 MB Motion blur N N N,
15 IPR In-plane rotation N NG
16 OPR Out-of-plane rotation NG NG
17 AS Influence of adversarial samples N
18 TC Two targets with similar intensity cross each other NG
19 MS Video contain both color and thermal images N

3.2 BHEBRREFETFMNIER

SR, B b R B A A A A AR T R A Y
i 45 R 22 O o S B AL FRIAE o R AR TN A5 R 5 K
{EL2Z 18] 9 22 5 W LS 0 BR B i B PR B o i IRV U

B AR VE A 48 AR 2 B R (S) MNERS A (P) PR 26
= ST I R N UE 379 75 WA R R Y B 7y
BRER T 5 VA SR R AT TR

F4 B E RIS RO R bR

Table 4 Evaluation metrics of single object tracking methods

Category Principle Evaluation metric Applicable dataset
AO (average overlap) GOT-10k
S Intersection over union (IoU) between tracking results and SR (success rate) GOT-10k
groundtruths Success plot LaSOT
AUC (area under the curve)  LaSOT, TrackingNet
Precision plot LaSOT, TrackingNet
P Pixel distance between centers of tracking results and groundtruths Precision LaSOT, TrackingNet

Normalized precision LaSOT, TrackingNet

1) B3

JI 2 2% g T A, P AE 5 {1 A TR ATE 22 [R5 3% 24001
128 IF L (ToU ) |, 8 % Iz e BR B3 4 Ak 3 B A R 89 1
fig, AP

rNg
S_I"U(p’g)_pUg’ (5)

o L, R 28 W5 p om UM 1 HE 5 g FoR FL 5L
FE o 3 E R (AO) AT LA il 5 3 78 A It 4 1
PERE B

OA:ES n, (6)
i=0

K, O FRPHESRR, HSRT LRI TIEZES
AE >4 1 Wt o B oy BR R B AR, ik g AR R T A
AR AE (01 0. 5) F s iz i v w2y B R H bR o 80T R
FHHEA BE T 09 5802 He R (SR VEAS B ny tEse .
FHA8 W5 H SR 50 1 SR 75, 43 51 & 78 P43 7 41 v S >
0.50 f1 S>> 0. 75 By Wikk b8 . LhJ(E T 1F i A s
AT 5] rfifl 2 S = T 2% 4 1 T 5k bE 4 Sl AR A
n] 24 5 T R £k (success plot) o B Ak £ B E 4% BY AY,
Ty 2 i AR AT X LG AR i o Fth 2o AT, A b
J57 04 il XF I 1 R B g 1k RE A o T, 2T T AR
(AUC) R LA T e e gy kM fg , AUCHH K, 7 ik 1
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REBR AL

2) AR

e 23 Sy T, R HE 55 {6 T AE O o7 8 1) B
[CHE B, A% K2 R 5 45 X 2 67 B Ar i PR RE L B

P= JICp.p,)—(gn gl » (7)

K :(p,, p, ) 7R T AL FIAE () o0 A bR 5 (gL, g, ) 3R
7N EAE AL FIAE B9 bl A bR o Y 05 R 2R 20 H AR X 41
PR, FC R 0 B bR B R R ALAY DT YR A R
JoE IR i M RE o AR, AR R R AR S —
FFE A CGE R 20 MR R ) Y Wi L A R
ErRanvhRe , HAICAERE B3 (P) o LA T A # Ak g
AT E 50 v il JE P = T 45 A0 By WiUER b AR S A 4
AT 22 i) K 1 2 ph £k (precision plot) o 5 ¥ Zh = #h £k A1
B, e BT il e I A R B A R e AR AL o RS B R

X BR R A0 1 43 BE R H bR A R AE i RST R Rk
P07 15 — 4E 4% 5 % (normalized precision) B 44 20 1k 7%
RETEHT
P = IW((posp,)—(ger g, )l (8)
A,
W = diag(g., g,), (9)
Ao, diag() 7R #4105 B as 55
3.3 MHEETM
4% 5% 21 B R U H bR B R O IR GOT-10k ™
LaSOT""/Fl TrackingNet "% ¥& 5 L i EGEDEFT T I
S5 R, Hrh o AR S B LR RE . AT LU AR X
T W )7 %, £ T Full-Transfomer # SwinTrack'™ )5
PR BT T 48 X0 B 5 o T BRI R R PR B R A
DL B0 T s

#5  HHEFRIEE AT GOT-10k . LaSOT 1 TrackingNet 54 5 | i1 fiE M4

Table 5 Performance comparison of single object tracking methods on GOT-10K, LaSOT, and TrackingNet datasets
o GOT-10k"" LasOT! TrackingNet'"
Type Tracker Publication
AO SRy, SR, AUC P, P AUC P, P
SiamFC"™ ECCVW 2016 39.2 42.6 13.5 — — — 57.1  65.4 53.3
SiamRPN™! CVPR 2018 48.1 58.1 27.0 — — — — — —
SiamRPN+ + CVPR 2019 51.7 61.6 32.5 49.6 56.9 49.1 73.3 80.0 69.4
SiamBAN'! CVPR 2020 — — — 51.4  59.8 52.1 — — —
CGACD"™ CVPR 2020 — — — 51.8 62.6 — 71.1  80.0 69.3
SiamCAR"™" CVPR 2020 56.9 67.0 41.5 50.7 60.0 51.0 — — —
SiamAttn" CVPR 2020 — — — 56.0  64.8 — 75.2  81.7 —
. SiamFC+ 4" AAAT 2020 59.5 69.5 47.9 54.4  62.3 54.7 75.4 80.0 70.5
wo-stream )
Ocean'™ ECCV 2020 61.1 72.1 47.3 56.0 65.1 56.6 — — —
TransT!” CVPR 2021 67.7 76.8 60.9 64.9 73.8 69.0 8l.4 86.7 80.3
STMTrack' " CVPR 2021 64.2 73.7 57.5 60.6 69.3 63.3 80.3 851 76.7
AutoMatch™! ICCV 2021 65.2 76.6 54.3 58.2 — 59.9  76.0 — 72.6
STARK"™ ICCV 2021 68.8 78.1 64.1 67.1 77.0 — 82.0 86.9 —
Sparse TT"" IJICAI 2022 69.3 79.1 63.8 66.0 74.8 70.1 81.7 86.6 79.5
CsWinT T CVPR 2022 69.4 78.9 65.4 66.2 75.2 70.9 81.9 86.7 79.5
SwinTrack ™ NeurlPS 2022  72.4 80.5 67.8 71.3 — 76.5 84.0 — 82.8
SBTH CVPR 2022 70.4 80.8 64.7 66.7 — 71.1 — — —
MixFormer ™ CVPR 2022 70.7 80.0 67.8 70.1 79.9 76.3 83.9 839 83.1
One-stream OsTrack™ ECCV 2022 73.7 83.2 70.8 71.1 81.1 77.6 83.9 88.5 83.2
SimTrack' ™' ECCV 2022 69.8 78.8 66.0 70.5 79.7 @ — 83.4 — 87.4
CTTrack™ AAAI 2023 72.8 81.3 71.5 69.8 79.7 76.2 84.9 89.1 83.5

4 HeiHREYE

YT, BT R B TR R AL RE T, R ROk
B BRER R DT 1k BT TR e HURAE IR R B T 1 Y R
BE A2, 5 H b BR R SR BB 5T AT BAT 5 2R
oK o AR R A, X B E AR R R O i K
R HEATRE

1) ZAE 55 UME B R

ZAT 55 PRV R R SR P () — A I 5% [ I 52 i o H
P R ER AT 55 S 22 R OHABAT 55 Canil gt A A5 051 2 B AR
BRI A ) o ZT7 ML RE A HEAT 55 52 B, IK B PR IR ROR
1 an A [ bR B ER AT 55 (VOT) 5 98 H A5 2 %1
(VOS) IR & J7 ¥ v, i i 1 5 38 m B AR AR ZSAG 3T
o3 3, BIRT AR 42 T 7 1505 B A R 55 A0 Xk &) 5t A 8
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Abstract

Significance Single object tracking (SOT) is one of the fundamental problems in computer vision, which has received
extensive attention from scholars and industry professionals worldwide due to its important applications in intelligent video
surveillance, human-computer interaction, autonomous driving, military target analysis, and other fields. For a given
video sequence, a SOT method needs to predict the real-time and accurate location and size of the target in subsequent
frames based on the initial state of the target (usually represented by the target bounding box) in the first frame. Unlike
object detection, the tracking target in the tracking task is not specified by any specific category, and the tracking scene is
always complex and diverse, involving many challenges such as changes in target scales, target occlusion, motion blur,
and target disappearance. Therefore, tracking targets in real-time, accurately, and robustly is an extremely challenging
task.

The mainstream object tracking methods can be divided into three categories: discriminative correlation filters-based
tracking methods, Siamese network-based tracking methods, and Transformer-based tracking methods. Among them, the
accuracy and robustness of discirminative correlation filter (DCF) are far below the actual requirements. Meanwhile, with
the advancement of deep learning hardware, the advantage of DCF methods being able to run in real time on mobile
devices no longer exists. On the contrary, deep learning techniques have rapidly developed in recent years with the
continuous improvement of computer performance and dataset capacity. Among them, deep learning theory, deep
backbone networks, attention mechanisms, and self-supervised learning techniques have played a powerful role in the

development of object tracking methods. Deep learning-based SOT methods can make full use of large-scale datasets for
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end-to-end offline training to achieve real-time, accurate, and robust tracking. Therefore, we provide an overview of deep
learning-based object tracking methods.

Some review works on tracking methods already exist, but the presentation of Transformer-based tracking methods is
absent. Therefore, based on the existing work, we introduce the latest achievements in the field. Meanwhile, in contrast
to the existing work, we innovatively divide tracking methods into two categories according to the type of architecture, 1.
e., Siamese network-based two-stream tracking method and Transformer-based one-stream tracking method. We also
provide a comprehensive and detailed analysis of these two basic architectures, focusing on their principles, components,
limitations, and development directions. In addition, the dataset is the cornerstone of the method training and evaluation.
We summarize the current mainstream deep learning-based SOT datasets, elaborate on the evaluation methods and
evaluation metrics of tracking methods on the datasets, and summarize the performance of various methods on the
datasets. Finally, we analyze the future development trend of video target tracking methods from a macro perspective, so

as to provide a reference for researchers.

Progress Deep learning-based target tracking methods can be divided into two categories according to the architecture
type, namely the Siamese network-based two-stream tracking method and the Transformer-based one-stream tracking
method. The essential difference between the two architectures is that the two-stream method uses a Siamese network-
shaped backbone network for feature extraction and a separate feature fusion module for feature fusion, while the one-
stream method uses a single-stream backbone network for both feature extraction and fusion.

The Siamese network-based two-stream tracking method constructs the tracking task as a similarity matching problem
between the target template and the search region, consisting of three basic modules: feature extraction, feature fusion,
and tracking head. The method process is as follows: The weight-shared two-stream backbone network extracts the
features of the target template and the search region respectively. The two features are fused for information interaction
and input to the tracking head to output the target position. In the subsequent improvements of the method, the feature
extraction module is from shallow to deep; the feature fusion module is from coarse to fine, and the tracking head module is
from complex to simple. In addition, the performance of the method in complex backgrounds is gradually improved.

The Transformer-based one-stream tracking method first splits and flattens the target template and search frame into
sequences of patches. These patches of features are embedded with learnable position embedding and fed into a
Transformer backbone network, which allows feature extraction and feature fusion at the same time. The feature fusion
operation continues throughout the backbone network, resulting in a network that outputs the target-specified search
features. Compared with two-stream networks, one-stream networks are simple in structure and do not require prior
knowledge about the task. This task-independent network facilitates the construction of general-purpose neural network
architectures for multiple tasks. Meanwhile, the pre-training technique further improves the performance of the one-stream
method. Experimental results demonstrate that the pre-trained model based on masked image modeling optimizes the
method.

Conclusions and Prospects One-stream tracking method with a simple structure and powerful learning and modeling
capability is the trend of future target tracking method research. Meanwhile, collaborative multi-task tracking, multi-
modal tracking, scenario-specific target tracking, unsupervised target tracking methods, etc. have strong applications and

demands.

Key words deep learning-based object tracking; single object tracking; deep learning; Siamese network; Transformer
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