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Single target tracking in satellite videos
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Abstract: In recent years, single-object tracking in satellite videos has gained substantial attention and plays a pivotal role
in military and civilian domains. This tracking has found applications in urban-scale disaster relief, public security surveil-

lance, and the monitoring of emergency events, among others. However, due to a combination of factors, such as small tar-
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get size, interference from similar targets, motion blur, and complex backgrounds, single-object tracking in satellite videos
presents numerous challenges. Aiming to promote further exploration in this domain by scholars domestically and interna-
tionally, this paper comprehensively reviews and critically analyzes the current state of the art in satellite video-based
single-object tracking. Considering challenges and advantages, video satellites offer an expansive field of view. Targets
such as vehicles typically occupy only a few to a dozen pixels in satellite videos, with limited distinguishing features or tex-
tures. Additionally, satellite videos contain many targets, and the distinguishability between the targets of interest and
interfering objects is poor, presenting a high degree of similarity. Moreover, target blurring may occur due to their rapid tar-
get movement or satellite platform jitter. When the moving target is inconspicuous and background information overshadows
target features, tracking failure is likely to occur. However, compared to ground-based or low-altitude videos, satellite
video-based object tracking offers certain advantages. For example, external factors related to the target, such as the cam-
era perspective, are relatively stable, aiding tracking algorithms in maintaining a consistent lock on the target. Most
objects in satellite videos are rigid and rarely undergo substantial deformation during tracking. Additionally, the aspect
ratios of targets remain approximately consistent across video frames, reducing the potential for algorithmic confusion. The
motion of targets is typically straightforward, with trajectories generally following straight lines or smooth curves, enabling
the prediction of target positions based on historical motion data. Regarding the development of tracking methods, this
paper reviews the evolution of single-object tracking methods for satellite videos and highlights typical tracking paradigms,
including generative-based approaches, correlation filter-based methods, and deep learning-based techniques. Deep
learning-based tracking methods can be further classified into convolutional neural network (CNN)-based and Transformer-
based methods. In contrast to the hand-crafted features employed in correlation filter-based methods, CNNs can extract
more comprehensive and robust features, thereby enhancing target tracking performance. In recent years, an increasing
number of scholars have applied CNNs to satellite video object tracking tasks. However, when processing high-resolution
images, long time-series data, and complex backgrounds, which are common in satellite videos, CNNs exhibit certain limi-
tations. Aiming to address these limitations, Transformers have been gradually introduced into satellite video object track-
ing. Transformers can capture global spatial information and long-term temporal dependencies, offering a promising alterna-
tive for improving tracking accuracy in complex scenarios. Regarding datasets and evaluation metrics, this study compiles
existing single-object tracking datasets for satellite videos, along with commonly adopted performance evaluation metrics.
Prominent datasets in this field include XDU-BDSTU, video satellite objects (VISO) , SatSOT, and the oriented object
tracking benchmark (OOTB). Among them, the VISO dataset is the largest in scale, comprising training and test subsets.
The XDU-BDSTU dataset features images with a large swath width, making it suitable for long-term tracking tasks. The
OOTB dataset provides annotations using rotated bounding boxes, which accurately represents the actual target geometry.
The main performance evaluation metrics include precision, success rate, and frame rate, which collectively assess track-
ing methods in terms of tracking accuracy and speed. Aiming to evaluate the applicability of various tracking algorithms
across different scenarios, this paper selects 18 algorithms for performance evaluation and analysis on a self-constructed
test set. Experimental results highlight the critical roles of motion estimation, temporal information utilization, and back-
ground information exploitation in satellite video object tracking. Specifically, the correlation filter with motion estimation
(CFME) algorithm leverages historical motion information of the target to enhance tracking performance , while the Trdimp
algorithm incorporates temporal and background information, yielding favorable outcomes. When a vehicle makes a turn,
the hand-crafted features employed by the correlation filter-based method CFME lack rotational invariance and are poorly
equipped to handle changes in the target’ s bounding box due to rotation, resulting in suboptimal tracking performance.
Conversely, methods such as Trdimp and Trsiam directly estimate the target s bounding box, while approaches such as sia-
mese region proposal network (SiamRPN) and SiamRPN++ predefine anchor boxes with different aspect ratios , effectively
addressing the challenge of in-plane rotation. Finally, in terms of future perspectives, this paper outlines the anticipated
trajectory of single-object tracking algorithms for satellite videos across several key dimensions: standardizing evaluation
metrics for tracking results, developing large-scale and high-quality satellite video object tracking datasets, devising mod-
els specifically tailored to satellite video tracking challenges, and enabling robust long-term tracking capabilities. In the

domain of general video target tracking, commonly used evaluation metrics include those from the OTB and VOT bench-
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marks. For satellite video target tracking, scholars predominantly adopt the precision and success rate metrics defined by
the OTB evaluation framework. In the OTB metrics for general videos, the precision threshold is customarily set to 20 pix-
els, and the success rate is evaluated based on the area under the curve (AUC) of the overlap score. However, in satellite
video target tracking, researchers often adopt varying threshold settings, which hinders the objective evaluation of algo-
rithms under a unified standard. Thus, standardizing evaluation metrics for tracking results is essential for the advance-
ment of satellite video single-object tracking. Before the emergence of large-scale test datasets, most studies in satellite
video object tracking verified algorithms using only a few targets, which restricted comprehensive algorithm performance
assessment. Moreover, the use of different test dataset across studies has further hindered direct comparisons between algo-
rithms. Consequently, the development of large-scale, high-quality satellite video object tracking datasets is urgently
needed, not only for effective model training, but also for model testing and performance benchmarking. Future research
could benefit from rapidly assimilating the latest advancements in general video object tracking domain and adapting them
to the unique characteristics of satellite videos. Given the rich background information and the continuous, linear nature of
target motion trajectories between adjacent frames in satellite videos, these priors can be fully leveraged to explore global
spatial and temporal information, thereby enhancing tracking accuracy. Furthermore, techniques such as knowledge distil-
lation, network pruning, and neural architecture search hold considerable potential for autonomously constructing stream-
lined, low-complexity models specifically tailored to satellite video single-object tracking. These approaches can enable
high-precision, real-time target tracking under constrained computation resources. In contrast to ground-based surveillance
videos, satellite videos offer broad coverage, making it possible to track trajectories across entire urban areas. However, in
such large-scale scenarios, multiple challenges, such as occlusion, interference from similar objects, motion blur, illumination
variation, and target rotation, often occur simultaneously. Aiming to address the demands of real-world applications, the
development of satellite video tracking algorithms capable of simultaneously addressing these challenges is imperative.

Key words: satellite video; single object tracking; correlation filtering; deep learning; Jilin-1 satellite
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Fig. 1  Characteristics and challenges of object tracking in

satellite videos ((a) large swath width; (b) small target;
(¢) clutter from similar objects; (d) motion blur;

(e) complex background)

AEXT T 1l T AR 2 AR, 2 T O B R Y E b
PR R — L (Guo 55, 2019) , 7843 F FH i 26 )
LN Y S RN R A A Rt AP N
HARIREE A . & 2 /R T 10 B A0 -5 1l 1 I
S MU AEFAER AL A L B ARIEAR LA K H iz g RS 7
TET 4 X531

M 2 0] LU Y« 1) AT T A 88 400 A AH G B
FE (R 2 (a) /R ) | fifi 75 R B B9 o 5 i ) —
B, WA B E AR /NE KT O . 2) TR
Y H bR Z A RIE B AR (Zhe 55 ,2021) , 75 BR B 1 72
HRAR D e e AR T (AN 2(b) TR ), ZEAS [ (4 40
AT R R AR A T AR — B R R OR
Gy 3t Bk RRE o 3) A T b I R A A T A5 E
PRIl E , BAsis s RS T R T, s sh il 2 0 1
2 5w i 2k A R T AR I iz B (s B H AR
7B HEAT T

(b) FEAE

(a) B LE
B2 TR AR SR A D

Fig. 2 Advantages of object tracking in satellite videos
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Fig. 3 Development history of single object tracking methods in satellite video
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A U C A R S RO Y VSR | 0 S
F AT H bR e AT E] A2 ST Bk s

AR R SIA T — P05 SR s Sh P TR
DS ok bR 58 42 3B 4 INF 9 328 2 BB [P) R, Yang 55
N (2023a) PAAFAE 3 55 FARFAE DT BC SR 0% 1 # 2 Tk
FE Y SiamTM |, B 54t HARE B R B, hK-F
RN B2 A AR 7 o) RS, AR L, O AR M4 Jey i 1
58 PR EAR B AR B R, DAHS s/
HFRBURER L . HR, B T — > 2R ILRCE
UL AT SCR S B9 IR O AL TR0 15 5
FRES G AR R AR A5 B 7R 18 2 DI b v 2 oL
FLBR L BT o 19 28 78 45 b 52 2 3 55 % H AR I 5
LR EEVERE . Zhong %5 A (2024) $2 H —Fh 3 F7E 4
TS5 ) 2 > R B A AR A B BR D7 1% SiamOBR
(siamese network with online background discrimina-
tive learning and bounding box optimization) . 1% J5 %
FET AR 8RR, 5N T RS S ST
18 3 B0 2 SRS Ok g o I 2% [X 73 H AR RO BE T, [W)
SR FH 320 SAE — e A SR 2 i B R B O RG B2
WA, T R R ICHE A oL s AT RE S H AR AN 58 42
Xof 35 4 [0 8T, I A A I SR FHAE S8 19 A0 A5
1, I F A2 S5 2% R 2! T/ H BR B9 AR e 5
. Wang 55 A (2024) 42 H 59 SVLPNet 18 1 F FH 437
RN A A AR i A LA R 30 FAE P A AR R LA
X TR B AR RT3 ] 3 BER A UL
SUHE B A FRAEPR AR, TF R 12 S R AE R Ot iR A2
A AL, AT e B i e AR A A

H T GE AR T RS I 190 28 19 e T i)
BT IR 27 2] 1 B 45 10 i SO BE AT I R
(9 17 B, Sui 55 A (2021) B T — MR 2%, fff
B 1 ) O PT OR/N 5 i A TRLAGOR T ) e P AT S
o7 2 B SR AR SR 28 2800, AU W0 R T e A 7 A5
BRI . Shao 55 A (2021) 45 75 43 B4 /) 2% HRNet
(high-resoultion net) (Sun &2 2019) 5 SiamRPN (sia-
mese region proposal network ) (Li 4 2018a) FHLE 4,
I BT T — R S G AT A, PRAIE T TR
PRI F AR B R ARG FE 15 K Liang %8 A (2023)
P&t —Fh AT R PERG SRALHI AY A% g TR U H
PR R 7 i ) A = ondH i = g s H AR
WL R RS . R R A S PRI R
A LAY L PR IE 05, SR T R 4

BEXTIBERS R . Shao 45 A (2019a) 44 Hi — Fif B
T B U %) 25 A X 2% (predicting attention inspired
siamese network , PASiam) , B SE# 1 42 45 FR A2 A W)
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25 IARTS H bR i 4t B2 S LSRR . A, R v B
RGBS H A5 3z AR ZS , B R R & 08 A
AR GE HARROAL & . AL, Ok 2 7 T
TR AEE R, A 2 R SOE BB B
PRERES , IARHUE 52 AR B ARFERS Y 14K, Cui
AN (2022) R IR B 58 Ak 27 1 B RE 2R 54T H A R
W, [T R MU (] IS TR SO 2R AR 2] (A
HMWLAR B L Kz 3z 2y 1] e g D 4 (0] . Hou 58 A
(2023) # i SiamMAS (siamese multi-scale adaptive
search network ) , 275 138 i 5| A 22 RUE A8 A KA
AR AR L AR RAE R, BT 5 B AR 7
PSRRI o [RIINF, 255 R A2 ik 5 7 IX
JR R AN Y 8 Y R AR — AP 58 T X H ARis
Al YRE ) . Huang 55 A (2024) 42— Ao ALY
I F [ SCHK N3z Bl JBH ) BR 5 2% (graph association
motion-aware tracker, GAMO) , FI| H 5 #riz gl fili 745
T H briz g, 45 SRR HE R T B AR AT RE
PR DI, 38 3 PR OGRS o3 B H A 5 ] [ 4 4
RS (8] G &, T T T AR FAR L T P05+
MEREFAE L . Lyu 55 A (2025) $2 1 —F1 4% 2 SiamS’F
(siamese spectral-spatial-frame ) ) T2 FLAT1 5. H bR
BROTVE BRI TR P B AR RTINS 2R
FAR IR TSRO . 20 2 Sl 282k B T
PO 265 1138 38 245 ] 3 T A e i BRI ) TR S R A o
FEUR 3t — POl — 2 A — Wi e, L T [
p=WAN S o L TR SR A R Bun e WiV EA Ui
A HL A R AL 4 S - AR 1 it PR R I £
WE AN, AR 28 W E Sk v Y — DAY PO 30K R
B, 3 B A8 R DA A H b SRR AL 44 Y
AL

S RMNZ Z8 TR B bR BRI v 2 R R AR
PRI €, (R 7R D TR A 0 1 3 R R
B A R] P SR A5 S AP E— s R .
T PRI B 0] BT, Transformer 1 S —Fh GE 02 4 $2 4
Jay 3 1A B IR S i P Al A S Y, 528 5 | 21 T3
AU E PRERERAT S5 . Bai 88 A (20240) 42 1 —Fih
[ A TR 2 5 g 42 > (0 TR A H AR Ry 2
SiamSTO , VLI 1 — > 25 [] 2] T4 B2 45 fF $2 1 199 2%
(space-to-depth feature extraction network, SDN) , DA
Pl /0N R R B v s ) R R R o TRTINE, % A Sk
F Transformer [ {5 B 22 H. (Transformer-based infor-
mation interaction, TF1) #5 He ff 8§ 28 2% ) 43 7, L 14

RS E R e . MAh, TR B L
3 SCASCRI A G it 5 A DX 3804 5 B | SiamSTO i
SEA T AEZs I AL, A RS RIS 5 DX 5l 25 42 B
5B B E B AR IE R 7R o Yang 55 A
(2024) & i ) HRLT (high-order relation learning
Transformer) , 3l 1 AR H A7 537 5t 1T SC 2 [A]F
Fiof i) 5 0 G AR 488 1Ry RG22 o IR 75 25 [1] 53
K A HEH (spatial high-order relation reasoning, SHR?)
1B 8] 55 By ¢ & #fE B (temporal high-order relation
reasoning, THR*) B, Horhr | SHR* B i i % 5 H
RS ZA BT SO ROCER M H AR — B 3
e B 52, AR BRI AR 52 s S RS B M E L H
b D80T ST . THRABLHR U 17 53 5 2 A OCHK
I B 3k 62 [0 1 B OC 28, 4 A Bt e ] 1) 8 28
A, 2D P R B R

3 BRRERHEESE RITFMEER

3.1 DEWMSRHERRERHIESE

FE—AFR e BRSNS 4 T A —Fh R
B e TR AT bR R A R G A
WA BE A BR % B AR HEAT 3000 , X TLE M H A
PR IR RERPEA RS A . HRTA T TR
A H A BR R A e AR = 24245 XDU-BDSTU (Zhang 4%,
2022a) . VISO (video satellite objects) ( Yin %5, 2022) |
SatSOT (Zhao 45 , 2022) . SV248S (Li % , 2022)
OOTB (the oriented object tracking benchmark ) (Chen
2 2024) , FEANME B 1R . Hob LR FR 1K
YRR LF FonHIE /D BC RN 5T, SO FR M
LE AR, IPR 278 V-1 N BEFS , 1V R on ot IRAZ 1k,
OCC F/R P (POC 73+ \FOC %24 MY ) , CC
FoRBIEAAL, OV Fom BT, MB 37812 sl %
W1, BIT 2 /n 15 5818, ARC Z R RS HE I8 , DEF
FIRIBAE

XDU-BDSTU 54l 5 6% 2k B 9 /4~ 3ik i1 79 75 Ak
15 TR, FRVE T 20 4 AT AR 450 B A
b A BB 13 745,40 7% LR \LF . BC SO IPR,
IV.OCC %Pk M. VISO SRR THM 15T
SRR, PTG, e 14 R B
WLAD LA H bR, 23 7114 Bbs, B w7, 7778
LR.0V.0CC.SO . MB 58k i & 4 . SatSOT J& — 4
A H A R R I AE A 7% 75 MK 14 Skybox I
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Carbonite-2 %) TLE U 31) , B0 45 40 45 65 1R 4
Hir .26 1K 4 BbR SA M HAR 194~ CHLE R,
Bl anfE ok 2 Jrii, 54 BC IV LR \IPR .POC .FOC .
SO ARC %Pk @ Itk . SV248S Bds S 4045 6 P
JP4, 3248 4~ H bR, % & T OCC.IPR.IV SO %4k

R IR, OF P THEIR AR TE . OOTB Jy i [a] i1
FUAE H b SR RO AR L L 110 SR 8 3t
29 890 it , A4 45 94 H bR 305 M H s 254
WHLABRANI04 K4 s B 48R TIFIR TR
SIS EANENER A€/ SN ]S

®1 IEWMBRREAFEESES T

Table 1 Public datasets of object tracking in satellite videos

, . . \ . K
B SORAN MRURE e EEMRRE P
LR.LF.BC.SO.
XDU-BDSTU  #H#k 15 A5 (20) 10000+ 7 U Do 2021 htpsifgithub.com/liusigingingin/XDU-BDSTU
IR &R 3 LR.CC.OV,
= =] s .
VISO RN KHLGIE3 711) 1 000 000+ 0CC SO MB 2021 https://github.com/QingyongHu/VISO
. BC.IV.LR.IPR,
DLULER TUR(65), POC.FOC. http://www.csu.cas.cn/gb/jggk/kybm/sjlyzx/
SatSOT Skybox , KH(26) . 20000+ Tl BT 2022 L SV4SS
oo o WU N gCXX_8])/8])_WXX
Carbonite-2  #HE(5) . KHL(9) ARC .DEF
AT A, OCC.IPR, . ,
SV248S HR1E Y‘mn(ij\i248) - IV S04 2022 https://github.com/xdai-dlgvv/SV248S
T KA (45) . IPR.POC ,
00TB si Sat 717% A (30) . FOC.IV. 2024 htips:/github.com/YZCU/OOTB
e EHL(25) K ZE(10) MB.BC.SO %

B " RoR ARG

XDU-BDSTU #4534

&’
VISO 4 Hc

OOTB /&
B4 FFIR TR B AR R B 4 7 1]

Fig. 4 Examples of open source satellite video object tracking datasets
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3.2 PFHMERR

Xof BRER A5 R AT IPAL 2 HARIRER Y 2 — 30
TR AL H b B ER AT 55 H R OTB2013 (Wu 45,
2013) "R B DA AEDN , ZEDPAL 300 I X g — S
B i — vk 3 3o Al (one-pass evaluation, OPE) J7
Bio BRERGE AT IE H R AR R A %
3.2.1 KE#R

KA RIS 48 PO E 7 1% 22 (center location error,
CLE) /N T4 2 5 {8 0 A0 430 it 7 58 Wi 5 1) '/ 4 e
(Wu%§,2013) . o, CLE &5 82k B i H Arif
FHHE 5 B2 B AR SR RO Z TR AR ICRE 5 . H
& I (precision plot) 7~ T H0 1V 1% 25 16 AN R 45
SE BT, 2 A5 A AL AT S TR T A3
30 LA H s BR S STl A (R 20 4R R i
(RS Bt 00 H b R B M RE AT HE Y L AR TR AL
A BRERER T, T H AR A BRI, 2B #05
o {5 1% 72 A 3~514 2 (Wang %%, 2020; Liu %, 2021 ;
Zhang 45 2022a;7Zhao %5 ,2022) .
3.2.2 IR

B FR SRR A T Y B ARl FAE S B S B
b il FEHE B9 & 45 43 (overlap score, 0S) K T48 %2 [
(E AT (5 ST 1 A o L. Herh, ST
B WA (1) o B2 El (success plot) 7R 1[5
{E AN O AL B 1 I A H . Wu S A (2013) 45
H R B — B (A0 0. 5) T 14 By 30K Ak R B
kR ERE A BACERME 0 S AR B Hh 48T T
T (area under curve, AUC) Xf H AR IR BB MEREVEA T
HEP B G 3 e TR IR H A B R 405, 22 B
5% # f JH AUC 347 WP (Shao % , 2019a; Zhu 5,
2021; Chen Al Sui, 2019; Du 45 , 2018; i 13 & &5,
2021 ; Zhang 55 ,2022a; Shi 5§ ,2020) .

_ alb
os_an (1)
A, a MU B bR FAE b S B S H bRl

FHE
3.2.3 W%

MWK (frame per second , FPS) J& 1A 51k B 17
JEREEAR M, ERRIRER S T LITE 1 s WERER H
o AT, BN R it/ o B Ao R R B A 4] o
Bl DUBE AR 1207 81 138 47 B[] 2F T 307 24 i
R ARWUR A 25 Wi/s 5 30 Wi/s, WA R i% B 1k
T S PE R (Xing 45 ,2021) o

4 ZWERSHH

4.1 XWHIBESIRINE

AR SCELG 1 B A 1R A £ 4 L 1E AR AN [
PR ER S W AR 2E 1 AT 45 A AN W 5 R Y
TS o N T G Ml A SO A 0 T A, AR SO
TS TR MR, R N AR i o7 =L
YET T L2000 BARIREAT 55 IR 4E . T
it FH 38 A E AR R R R I R B A 2 22 B —
SE (AR E B2 IR DA B AR AR B Rl 7, DR X R
S BIRHEAT N GR , B AR BN AR
MERUACE AT . BEAh , BFGE 2B < AT K AILAD
FE A BB B AR R TR A PP A A A A i
Sy 3% B AL B F5 A1 500 T4 (Zhao 55, 2022) ,
THETHIRER STV R I A8 T A0 B AR 2006,
BT LA B i B s S v B H bR TR, R
TR R AE AR [ b i PR RE A Al 4 i
BUT 4R UL 37 50 sk Bk AL 504720 H bR A T hs
0 BARFE R L2,

F2 BHIEMNMBRREHIESE
Table 2 Self-made satellite video object tracking dataset

s Hins

ik o o Py ik Ja
WHUF I (R H &8k
WE M, 20)
e RAK 4 IR e A
it LB (50) 8 491 (10);
FTH P EFE (10) 5
B FRI(10)

AR SCHY LB PR BT AT AR B2 Ubuntu20. 04;
CPU 25 AMD Ryzen 7 5800X 3.80 GHz; GPU K
NVIDIA GeForce RTX 3070; 247 K/NA 8 GB.

4.2 BBERREREENITME

T RS S A B bR R R By A TR
PUAE BR BB AT 55 A0 335 PR , AR SCIE IR 18 R 3L 7
FI A 9 TR AT AR AT DAL A0 45 5L T AH G D%
U1 H br BR BE 7 3 MOSSE (minimum output sum of
squared error) (Bolme 4§ ,2010) . CSK ( Henriques %,
2012) . CN (color names) (Danelljan 45 2014) \KCF
(Henriques 5 ,2015) , J& T 284 W 2% (1) H 5 8R 25 7
1 SiamFC (siamese fully-convolutional ) ( Bertinetto %,
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2016) . SiamRPN (Li %, 2018a) . SiamRPN++ (Li % ,
2019) , 5T Transformer 254 1Y H bR B 27 75 5 Trdimp
(Wang %5 ,2021) , Trsiam (Wang %5 ,2021) . Stark ( Yan
2 2021) \TransT(Chen %,2021) \HiFT (hierarchical
feature Transformer) (Cao %5, 2021) . SwinTrack (Lin
4 ,2022) . SiamTPN (Xing %5 , 2022) . ARTrack (Wei
45 2023) .SeqTrack(Chen 45 2023) . ARTrackV2(Bai
45,2024b) DL R [T X TR A SR H AR BRER T
7% CFME (Xuan %% ,2020) o ZEUEHT Y, A5 {1
R T 5 2~ A5 RS 2 7 e FH AR 508 4 (491 4 Tma-
geNet VID . YoutubeBB (Real %5 , 2017) . COCO (Lin
25 2014) ImageNet Det(Russakovsky 5 2015) %)
AT INZRAY
4.2.1 ERIFH

ST 18 F AR B S X A 504> T
B S BEAT A, A SO B (E 348 R IRy
KR LU AUC X BREZSRL EAT 4R T 45 2R
3 FE S5 PR

N3 FNEN 5 0T LA Y, 7EAR SCH il B 4R

Trackers (CLE@3px)

— SiamRPN++ [0.898 8] — CFME [0.889 4] — Trdimp [0.876 4]
— ARTrack V2 [0.865 3] — SiamFC [0.846 9] — Trsiam [0.815 1]
— ARTrack [0.800 0] — SiamRPN [0.791 5] — SwinTrack[0.775 7]
— KCF _gray [0.744 8] — SeqTrack [0.707 6] — HiFT [0.645 6]
— TransT [0.642 7] — CN [0.592 5] — Stark [0.590 5]
— MOSSE [0.4253]  — SiamTPN [0.389 8] — CSK [0.328 1]

#x3 18STHERREEZXESON DENAFFIME R
Table 3 Comparison of the results of 18 object tracking

algorithms on 50 satellite video sequences

B it IIES A A(i/s )
G18F)N% (AUCY%  GPU CPU
SiamRPN++ 89.88 56.82 56.42 -
CFME 88.94 70.30 - 349.86
Trdimp 87.64 62.07 20.83 -
ARTrackV2 86.53 55.02 - -
SiamFC 84.69 62.02 81.75 -
Trsiam 81.51 58.62 17.61 -
ARTrack 80.00 51.75 - -
SiamRPN 79.15 52.35 358.27 -
SwinTrack 77.57 52.64 36.03 -
KCF 74.48 53.85 - 305.49
SeqTrack 70.76 46.61 - -
HiFT 64.56 42.24 148.19 -
TransT 64.27 42.78 47.33 -
CN 59.25 48.76 - 130.43
Stark 59.05 39.66 24.50 -
MOSSE 42.53 34.71 - 351.03
SiamTPN 38.98 26.57 16.58 -
CSK 32.81 29.66 - 436.57

T =" FOR AR BTN .

Trackers (AUC)

—CFME [0.703 0] — Trdimp [0.620 7]  — SiamFC [0.620 2]
— Trsiam [0.586 2] — SiamRPN++[0.568 2] — ARTrack V2 [0.5502]
— KCF_gray [0.538 5] — SwinTrack [0.526 4] — SiamRPNJ[0.523 5]
— ARTrack [0.517 5] — CN [0.487 6] — SeqTrack [0.466 1]
— TransT [0.427 8] — HiFT [0.422 4] — Stark [0.396 6]

— MOSSE [0.347 1] — CSK 10.296 6] — SiamTPN [0.265 7]

1.0 |

0.8 -

e

0.4

02F

0.0

00 25 50 75 100 125 150 175 20.0

B B IRFERIEAR
(a) LI

1.0
08 F
06 F
B
R
=
04 F
02 F
0.0 F
0.0 02 0.4 0.6 0.8 1.0
EEHBE
(b) KN

5 18Fh HAREREREIEAE S04 T U311 1k BE A s 2h 2R 1

Fig. 5 Precision and success plots of 18 object tracking algorithms on 50 satellite video sequences( (a)precision plot; (b)success plot)
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BT TR AU H bR BRER 1 5 2 CEME HUS AL 0125
LRG0 5 88. 94%, AN 70. 30%, UEW] T i
Al e TR AR E AR R EE A A . Siam-
RPN+ B 5 85 15 , 15 1) 89. 88% ., {H H Al Ty S AH %o
A% Trdimp,ARTrackV2.SiamFC Il Trsiam 2574 &
5 ITEAEASC A W RIS AR I OUBR e
T KCF 1 CN SEAH G UE B 3R o X T R R T, ik
T A O IR 4% (9 55 12 CFME (349. 86 i/s) F1 KCF
(305. 4911/s) S5AE CPU I (1438 A58 3] S MR 2K
i F 51 A T Transformer Z5 44 , Trdimp (20. 83 Mi/s)
Trsiam (17. 61 /s ) F1 SwinTrack (36. 03 /s ) 45 551
1R B B R AR T R T 2R A T 2% 1Y) B3 SiamFC
(81.75 Wi/s) . SiamRPN (358. 27 /s ) Fil SiamRPN++
(56. 421i/s) .

N T VA R R S AN [F) 3 55 3 A o3
BITE A A8 3 505 0 A7k, 25 Rk 4.
6 MIE 7 Frzn o LA MY, AE A 3C H il ) a4

H, CFME 7 2 8037 5t TR REER T bk, i — 2D 3%
B Y HE T IE S Ak T A R AHZ A N AR AR A
i B AR FHE A9 RO A2 Ak, 78 F- T 9 e % Pk i
G BYRG E T o BE T IR 2% ) 19 5 ¥ A Trdimp
ARTrackV2 . Trsiam , SiamFC 45 #5 BUAS T A 55 1 &%
W, U HJZE L F Transformer 254 1) Trdimp 8-3% , 7
2R 5T IR TR REAR AL, e M th T A T
PR ot [6] = A I A R o (ELAS — 32 Y 2, Siam-
RPN SiamRPN-++ (4 B HEAL il i LLAR 4 Ho it ok H A
R TR, A6 IO X~ T PAY e 2 Bk P g PR v
4.2.2 EMITM

N T k2D oy A BRI AR AIOR A U IR AL
b0 6 AN B g8 X E AT TN [R) 5 R R R R 4 2R E
TPl eiAk, aniEl 8 iz o mILLE Y, 7R B Py
MY, 6 B B 1 A0 RE 5 4 b BR B A 5
T HARRRIE D B A5 TR A AR, &8 53 BR R e A
FARL TP PR 51 vh & 2R T RSN RS | T CFME

x4 1ISTHEHIRREEEERNEGSMNE R

Table 4 Comparison of the results of 18 object tracking algorithms in various scenarios

/%

— L LT - 1fT A iz B A

R (LIES IIRvES R ES IRvES R ES IRVES UL ES DRVIES
SiamRPN++ 95.16 67.44 80.47 40.23 97.55 72.88 81.04 36.12
CFME 99.53 81.37 93.67 70.94 61.10 50.98 90.86 68.84
Trdimp 91.18 66.98 75.50 53.76 89.66 65.56 90.68 57.08
ARTrackV2 95.76 68.92 76.79 38.84 79.73 60.00 84.59 38.41
SiamFC 90.13 70.16 71.05 51.74 81.05 59.83 91.08 58.24
Trsiam 88.94 65.92 63.50 45.58 81.94 62.02 84.25 53.65
ARTrack 92.32 65.55 59.40 31.64 76.30 58.72 79.65 37.26
SiamRPN 87.38 64.43 56.32 31.37 96.58 71.93 68.10 29.57
SwinTrack 90.68 64.28 57.86 37.49 75.51 51.83 73.11 45.32
KCF 88.17 65.52 72.30 47.28 79.25 59.47 44.54 31.47
SeqTrack 89.99 64.14 49.63 27.57 62.58 45.93 61.59 31.27
HiFT 85.95 61.71 35.12 18.73 61.22 47.38 54.58 21.67
TransT 84.68 62.15 39.55 21.24 59.93 44.56 52.49 23.79
CN 74.66 63.72 59.18 40.56 61.03 57.14 26.70 18.66
Stark 81.19 59.20 36.77 20.08 44.56 34.51 51.55 25.30
MOSSE 22.70 27.04 74.72 48.59 14.45 21.58 78.08 49.28
SiamTPN 59.59 42.93 23.42 12.62 36.26 27.07 16.06 7.29
CSK 45.43 40.71 25.05 19.22 35.30 37.78 12.83 9.88
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Trackers (CLE@3px)

— CFMME [0.995 3] — ARTrack V2[0.957 6] — SiamRPN++{0.951 6]
— ARTrack [0.923 2] — Trdimp [0.911 8]  — SwinTrack [0.906 8]
— SiamFC [0.901 3] — SeqTrack [0.899 9] — Trsiam [0.889 4]
— KCF_gray [0.881 7] — SiamRPN [0.873 8] — HiFT [0.859 5]

— TransT [0.846 8] — Stark [0.811 9] — CN [0.746 6]

Trackers (CLE@3px)

— CFME [0.936 7] — SiamRPN++[0.804 7] — ARTrack V2 [0.767 9]
— Trdimp [0.755 0] — MOSSE [0.7472] — KCF_gray [0.723 0]
— SiamFC [0.710 5] — Trsiam [0.635 0] — ARTrack [0.594 0]
— CN[0.591 8] — SwinTrack [0.578 6] — SiamRPN [0.563 2]
— SeqTrack [0.496 3] — TransT [0.395 5] — Stark [0.367 7]

— SiamTPN [0.595 9] — CSK [0.454 3] — MOSSE [0.227 0] — HiFT [0.3512] — CSK[0.250 5] — SiamTPN 10.234 2]
1.0 | H
. — o —
I
038 //ﬁz %%
0.8 ’ — —
|
L —Tt] 0.6
0.6 / % /
Y — 04 7 g
/ ,AF/————’/ |
02— 0.2 /
0.0 0.0 ]
00 25 50 75 100 125 150 175 200 00 25 50 75 100 125 150 175 200
IDAERES = E I & PLE RFEBI/% 3
(a) TERUFIIRE T (b) FL A7 F R
Trackers (CLE@3px) Trackers (CLE@3px)
— SiamRPN++[0.975 5] — SiamRPN [0.965 8] — Trdimp [0.896 6] — SiamFC [0.910 8] — CFME [0.908 6] — Trdimp [0.906 8]
— Trsiam [0.8194]  — SiamFC[0.8105] — ARTrack V2[0.7973] — ARTrack V2 [0.845 9] — Trsiam [0.842 5] — SiamRPN++[0.8104]

— KCF gray [0.792 5] — ARTrack [0.763 0] — SwinTrack [0.755 1]
— SeqTrack [0.625 8] — HiFT[0.6122]  — CFME [0.611 0]

— ARTrack [0.796 5] — MOSSE [0.780 8] — SwinTrack [0.731 1]
— SiamRPN [0.681 0] — SeqTrack [0.615 9] — HiFT [0.545 8]

— CN [0.610 3] — TransT [0.599 3] — Stark [0.445 6] — TransT [0.5249]  — Stark [0.5155] — KCF gray [0.445 4]
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Fig. 6 Precision plots of 18 object tracking algorithms in different scenario( (a) precision plot for non-challenging sequences;

(b) precision plot for similar distractor challenge sequences; (¢) precision plot for in-plane rotation challenge sequences;

(d) precision plot for motion blur challenge sequences )
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