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Visual Tracker Benchmark

http://www.visual-tracking.net

Datasets  Benchmark

Datasets
The full benchmark contains 100 sequences from recent literatures.
= The sequence names are in CamelCase without any blanks or underscores ().
= When there exist multiple targets each target is identified as dot+id_number (e.g. Jogging.1 and Jogging.2).

= Each row in the ground-truth files represents the bounding box of the target in that frame,
(. y. box-width, box-height).

= In most sequences the first row corresponds to the first frame and the last row to the last frame, except the following sequences:
= David(300:770), Football1(1:74), Freeman3(1:460), Freeman4(1:283).
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é # \E #ﬁ ‘ﬁ There are currently no open challenges.

Benchmarks
- Official results of past challenges are still available as a benchmark to researchers. We invite the visual tracking researchers to compare their methods with those results.
EI 3
VOT2021 benchmark = ———= VOT2020 benchmark
E== The VOT2020 benchr s short-term, long-term

(T

¥EH Ry ey

o B, %4 el
1.3 EI *Zr\ ﬂE lub?\ A A% Fl 3K ‘ ﬁ%
HE % 89 JUAS VOT o
N e S

on se
presented at the

VOT2015 benchmark
A The third challenge introduced a dataset of 60 challenging

4. LG B AFIRIE 55 R VOT

VOT2013/L @416 ML JF 5], VOT2014 43R 3 £ 254y, FRA % 0H R\ FH X T4
METHA, BRZOTBHIEE M FA47E 244, VOT2015. VOT201642VOT 20175 33
— Y AEB6ONIR, FFIE I T HAFZRIZF A 7, VOT20188t —H ¥4 T KAZ B 4%
SR IFAE S

I

P\/IO-IT

VOT2016 benchmark

The




7.4 E 15 I8 5 1}
R ERIT

E) AT 3R ¥7
89 1A
VRTINN2)
S AN IR
N &

1. P H iR E

POl B R £ A SRIE B ARG oS B fe A TAFE 0 B AL B Z 19
BRI EIER, BFRA—ANFI T TR BR3P esAL B R
£ R IRIE F AT B 5 69 B AR B

R, LSRIZREXKBARN, AN AIRIZALE ZMMAIEGY, LBt
R EMRE R FERIZE O B — TR A
HEWMERE, %itARE BRLIES T 09I BRIz ke, 5FR8 K
{8 120 /M MEE S BT R 69 FABAE AR R 69 4 5 BRI AT o

2. R T E@mMILF

X3 E & @ AR b B o LRI HA 7 8 69 B TE R s Ae A TARE 2
FERRGXELSHEZXL, CRRET P OLEIRELETFNA
A AR B ER AR o 69 RO AL Bl AL



S O

HH b

A px KAE A 8 LRI B AT 69 SAE R A R AR A, FIE

SUfE B AR P A R AR I BT A9 K BAE A SREE 48 R

7.5.1 I T RIA GG B ARk IR
7.5.2 A T E AT 89 B ARSI




7.5.1 & T AT B ARR I

s LA EBENIA G P EMAMIZ MR E X R, FREFOES TR
FIBT B ARBIIE SRS, Adm LI IESN B ARG IRIZ .

© LA E R L T 2 A =M

VB REN, B R R LR EREILERE;

VER K, BEMAETRN P SGEERE, IHETRERLNEDLE;
VBF I L, Bp BT 69 BAL R A T A B AR B 49 B ALEAL, AL BpARAR #0219 69 B ARALAS
RAE K Ko

DA F o089 B ARSRIZ Il T % 20U F PT A 69 R F BT 5, AR ke 5
R Z, BT A% N R W A, AT BARRIZF AR LA & R E Lo

(a) MATE P 69 F 45 L34 4R 69D (b) AL AL + AT 5] 89 R




g O1

H-E \II
=

o WA TS HIIALE B AT RS SRR, G BR AR,
B AL BRI F BRI, T AR AT A TR
A AR IRI b 49 HEAE T AL

> Sl TEASH T RO THRAT N A AR H RN A2,

I HF

S =
=1 S

ﬂ..v.. Target Templates Trivial Templates

~ ~ - ~ .
E r.
= ! g .r . . @ . . - -
e | 4 ! .

(W]
[ spnd

AT ARG A T8 B AFIRIZ 7 k(4]

[1]. Mei, X., Ling, H.: Robust visual tracking using |2 minimization. In: IEEE 12th International Conference on Computer Vision, pp. 1436—1443 (2009)
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