The Seventh Visual Object Tracking VOT2019 Challenge Results

Matej Kristan', Jifi Matas?, Ale§ Leonardis®, Michael Felsberg*, Roman Pflugfelder>®, Joni-Kristian
Kimiriinen’, Luka Cehovin Zajc', Ondrej Drbohlav?, Alan LukeZi¢', Amanda Berg*®, Abdelrahman
Eldesokey*, Jani Kiipylid’, Gustavo Ferndndez’, Abel Gonzalez-Garcia'®, Alireza Memarmoghadam®,

Andong Lu’, Anfeng He?, Anton Varfolomieiev?’, Antoni Chan'’, Ardhendu Shekhar Tripathi??,
Arnold Smeulders®, Bala Suraj Pedasingu®, Bao Xin Chen’®, Baopeng Zhang'?, Baoyuan Wu*?, Bi
Li?%, Bin He'?, Bin Yan'®, Bing Bai?’, Bing Li'®, Bo Li*’, Byeong Hak Kim?>*}, Chao Ma*', Chen
Fang®®, Chen Qian*’, Cheng Chen?*®, Chenglong Li’, Chengquan Zhang'®, Chi-Yi Tsai*’, Chong Luo*,
Christian Micheloni®®>, Chunhui Zhang'¢, Dacheng Tao>*, Deepak Gupta*’, Dejia Song?®, Dong

Wang'?, Efstratios Gavves®, Eunu Yi%°, Fahad Shahbaz Khan**’, Fangyi Zhang'®, Fei Wang®’, Fei
Zhao'®, George De Ath*’, Goutam Bhat®*, Guangqi Chen*’, Guangting Wang®?, Guoxuan Li*’, Hakan
Cevikalp?!, Hao Du**, Haojie Zhao'?, Hasan Saribas??, Ho Min Jung??, Hongliang Bai'', Hongyuan
Yu'%3* Houwen Peng**, Huchuan Lu'®, Hui Li*?, Jiakun Li'?, Jianhua Li'°, Jianlong Fu**, Jie Chen®’,

Jie Gao®’, Jie Zhao'?, Jin Tang’, Jing Li%, Jingjing Wu?’, Jingtuo Liu'’, Jingiao Wang!'®, Jinging Qi'°,
Jinyue Zhang’’, John K. Tsotsos®®, Jong Hyuk Lee*, Joost van de Weijer'®, Josef Kittler’®, Jun Ha
Lee®, Junfei Zhuang'?, Kangkai Zhang'®, Kangkang Wang!?, Kenan Dai'®, Lei Chen*’, Lei Liu’, Leida
Guo®, Li Zhang®!, Liang Wang'®, Liangliang Wang?®, Lichao Zhang'8, Lijun Wang'®, Lijun Zhou*3,
Linyu Zheng'®, Litu Rout**, Luc Van Gool?*, Luca Bertinetto?*, Martin Danelljan?}, Matteo
Dunnhofer®®, Meng Ni'’, Min Young Kim*}, Ming Tang!®, Ming-Hsuan Yang*®, Naveen Paluru®, Niki
Martinel®, Pengfei Xu?’, Pengfei Zhang>*, Pengkun Zheng?®, Pengyu Zhang'®, Philip H.S. Torr®!, Qi
Zhang , Qiang Wang!%3!, Qing Guo*, Radu Timofte*}, Rama Krishna Gorthi?®, Richard Everson®,
Ruize Han**, Ruohan Zhang®’, Shan You*’, Shao-Chuan Zhao*?, Shengwei Zhao'¢, Shihu Li'°, Shikun
Li'®, Shiming Ge'®, Shuai Bai'?, Shuosen Guan®, Tengfei Xing?, Tianyang Xu®?, Tianyu Yang!?, Ting
Zhang'*, Tom4s Vojii*’, Wei Feng**, Weiming Hu'¢, Weizhao Wang*, Wenjie Tang'¢, Wenjun Zeng**,
Wenyu Liu?®, Xi Chen®, Xi Qiu’®, Xiang Bai?®, Xiao-Jun Wu*?, Xiao-Jun Wu*?, Xiaoyun Yang'®, Xier
Chen®’, Xin Li%*, Xing Sun®”, Xingyu Chen'®, Xinmei Tian>?, Xu Tang!®, Xue-Feng Zhu??, Yan
Huang'¢, Yanan Chen®’, Yanchao Lian®’, Yang Gu®’, Yang Liu*®, Yanjie Chen®, Yi Zhang®, Yinda
Xu®, Yingming Wang'’, Yingping Li*’, Yu Zhou?®, Yuan Dong'?, Yufei Xu®?, Yunhua Zhang',
Yunkun Li*, Zeyu Wang , Zhao Luo'®, Zhaoliang Zhang'*, Zhen-Hua Feng?, Zhenyu He?®, Zhichao
Song?°, Zhihao Chen**, Zhipeng Zhang'®, Zhirong Wu**, Zhiwei Xiong>?, Zhongjian Huang®’, Zhu
Teng'?, and Zihan Ni'®

"University of Ljubljana, Slovenia
2Czech Technical University, Czech Republic
3University of Birmingham, United Kingdom

“Linkoping University, Sweden
3 Austrian Institute of Technology, Austria
®TU Wien, Austria
"Tampere University, Finland
8Termisk Systemteknik AB, Sweden
° Anhui University, China



"Department of Computer Vision Technology (VIS), Baidu Inc., China
Beijing FaceAll Co., China
12Beijing Jiaotong University, China
3Beijing University of Posts and Telecommunications, China
14China National Electronics Import & Export Corporation, China
15China Science IntelliCloud Technology Co. Ltd, China
!®Chinese Academy of Sciences, China
7City University of Hong Kong, Hong Kong
8Computer Vision Center, Spain
¥Dalian University of Technology, China
20Didi Chuxing, China
2Eskisehir Osmangazi University, Turkey
22Eskisehir Technical University, Turkey
BETH Zurich, Switzerland
24FiveAl, United Kingdom
Z’Hanwha Systems Co., South Korea
26Harbin Institute of Technology at Shenzhen, China
*"Hefei University of Technology, China
28Huazhong University of Science and Technology, China
21T Tirupati, India
3Tnception Institute of Artificial Intelligence, UAE
S'INTELLIMIND LTD, China
32Jiangnan University, China
33Kyungpook National University, South Korea
3*Microsoft Research, China
33Nanjing Normal University, China
3North China Electric Power University, China
3'NTUU Igor Sikorsky Kyiv Polytechnic Institute, Ukraine
38Peking University, China
#¥SAC-ISRO, India
40SenseTime, China
“IShanghai Jiao Tong University, China
#Tamkang University, Taiwan
BTencent Al Lab, China
“Tianjin University, China
#University of Amsterdam, The Netherlands
4 University of California at Merced, USA
#TUniversity of Cambridge, United Kingdom
“University of Chinese Academy of Sciences, China
#University of Exeter, United Kingdom
SYUniversity of Isfahan, Iran
S1University of Oxford, United Kingdom
32University of Science and Technology of China, China
33University of Surrey, United Kingdom
4University of Sydney, Australia
33University of Udine, Italy



6Xianan JiaoTong University, China
7Xidian University, China
38York University, Canada
*YouTu Lab, China
0Zhejiang University, China



Abstract

The Visual Object Tracking challenge VOT2019 is the
seventh annual tracker benchmarking activity organized by
the VOT initiative. Results of 81 trackers are presented;
many are state-of-the-art trackers published at major com-
puter vision conferences or in journals in the recent years.
The evaluation included the standard VOT and other popu-
lar methodologies for short-term tracking analysis as well
as the standard VOT methodology for long-term tracking
analysis. The VOT2019 challenge was composed of five
challenges focusing on different tracking domains: (i) VOT-
ST2019 challenge focused on short-term tracking in RGB,
(if) VOT-RT2019 challenge focused on “‘real-time” short-
term tracking in RGB, (iii) VOT-LT2019 focused on long-
term tracking namely coping with target disappearance and
reappearance. Two new challenges have been introduced:
(iv) VOT-RGBT2019 challenge focused on short-term track-
ing in RGB and thermal imagery and (v) VOT-RGBD2019
challenge focused on long-term tracking in RGB and depth
imagery. The VOT-ST2019, VOT-RT2019 and VOT-LT2019
datasets were refreshed while new datasets were intro-
duced for VOT-RGBT2019 and VOT-RGBD2019. The VOT
toolkit has been updated to support both standard short-
term, long-term tracking and tracking with multi-channel
imagery. Performance of the tested trackers typically by far
exceeds standard baselines. The source code for most of
the trackers is publicly available from the VOT page. The
dataset, the evaluation kit and the results are publicly avail-
able at the challenge websitd'}

1. Introduction

Visual object tracking has consistently been a popular
research area due to significant research challenges track-
ing offers as well as the commercial potential of tracking-
based applications. Tracking research has been historically
promoted by several initiatives like PETS [105], CAVIA
i-LIDS [l ETISEQY] CDC [31], CVBASE [| FERET [77],
LTDT [}l MOTC [55,83]] and Videonet [’}

In 2013, the VOT initiative has been formed with the
objective of performance evaluation standardisation. The
primary goal of VOT is establishing datasets, evaluation
measures and toolkits as well as creating a platform for
discussing evaluation-related issues through organization of
tracking challenges. Since 2013, six challenges have taken

Uhttp://votchallenge.net
Zhttp://homepages.inf.ed.ac.uk/rbf/CAVIARDATA 1
3http://www.homeoffice.gov.uk/science-research/hosdb/i-lids
“http://www-sop.inria.fr/orion/ETISEO
Shttp://vision.fe.uni-1j.si/cvbase06/
Shttp://www.micc.unifi.it/ LTDT2014/

http://videonet.team

place in conjunction with ICCV2013 (VOT2013 [53]),
ECCV2014 (VOT2014 [54]), ICCV2015 (VOT2015 [511),
ECCV2016 (VOT2016 [50]), ICCV2017 (VOT2017 [49])
and ECCV2018 (VOT2018 [48]).

This paper presents the VOT2019 challenge, organized
in conjunction with the ICCV2019 Visual Object Tracking
Workshop, and the results obtained. The VOT2019 chal-
lenge covers two categories of trackers.

The first are single-camera, single-target, model-free,
causal trackers, applied to short-term tracking. The model-
free property means that the only training information pro-
vided is the bounding box in the first frame. The short-term
tracking means that trackers are assumed not to be capable
of performing successful re-detection after the target is lost
and they are therefore reset after such an event. Causality
requires that the tracker does not use any future frames, or
frames prior to re-initialization, to infer the object position
in the current frame.

The second category considers single-camera, single-
target, model-free long-term trackers. Long-term tracking
means that the trackers are required to perform re-detection
after the target has been lost and are therefore not reset after
such an event.

With respect to VOT2018, VOT2019 extends the set of
challenges. It includes five challenges dedicated to either
short-term or long-term tracking in RGB, RGB+thermal
and RGB+depth sequences. In the following, we overview
the most closely related works and point out the contribu-
tions of VOT2019.

1.1. Short-term tracker evaluation

The most widely-used methodologies originate from the
“Online Tracking Benchmark” (OTB) [98] and the “Visual
Object Tracking challenge” (VOT) [53}152]. The OTB [98]
methodology applies a no-reset experiment in which the
tracker is initialized in the first frame and it runs unsuper-
vised until the end of the sequence. Performance is summa-
rized by a curve showing the percentage of frames where
the overlap of the predicted and the ground truth bound-
ing boxes exceeds a series of predefined thresholds. The
area under the plot is the major performance score. This
score has been shown in [89, 91]] to be an average over-
lap (AO) computed over the entire sequence of frames. A
downside of the AO is that all frames after the first failure
receive a zero overlap, which increases bias and variance
of the estimator [52]. To increase interpretability and re-
duce the bias, VOT [53| [52] applies a reset-based method-
ology in which the tracker is reset upon drifting off the tar-
get. Accuracy and robustness are defined as two measures
for probing the tracking performance and the expected aver-
age overlap (EAO) is proposed as the primary measure that
combines the two aspects of tracking performance in a prin-
cipled way. VOT introduceed the so-called state-of-the-art



bound SotAbound) on all their benchmarks. Any tracker target absence. Since such a measure does not clearly sep-
exceedingSotAbound is considered state-of-the-art by the arate tracking accuracy from a re-detection ability, Lzike
VOT standard. By introducing thgotAbound, the VOT ini- et. al. [67] proposettacking precision trackingrecall and
tiative aimed at providing an incentive for community-wide tracking F-measure that do not depend on specifying the
exploration of a wide spectrum of well-performing trackers loU threshold. They have shown that their primary measure,
and to reduce the pressure for ne-tuning to benchmarksthe tracking F-measure, reduces to a standard short-term
with the sole purpose of reaching the number one rank onmeasure (average overlap) when computed in a short-term
particular test data. setup. They further showed in their extended regort [68]
Most tracking dataset$ [9B, 57,1821 62) 73] [38,24, 74] that the measure is extremely robust and allows using a very
have partially followed the trend in computer vision of sparsetemporal target annotation. Recently, [39] introduced
increasing the number of sequences. In contrast, thea measure that also directly addresses the evaluation of the
VOT [53,[54,[51/ 52 50, 49, 48] datasets have been con-re-detection ability.
structed with diversity in mind and were kept suf ciently The rst LT dataset, introduced by the LTDT challerfje
small to allow fast tracker development-and-testing cycles. offered a collection of speci ¢ very long videos frorn_[43,
In VOT2017 [49] a sequestered dataset was introduced td/76, [(56,/82]. Mueller et al.[[73] proposed an UAV20L
reduce the in uence of tracker over- tting without requir- dataset containing twenty long sequences with many target
ing to increase the public dataset size. disappearances. Recently, three benchmarks that propose
Several datasets for measuring short-term tracking per-datasets with many target disappearances have almost con-
formance have been proposed recently. UAV1P3 [73] currently appeared [72, 67, 39]. The benchmark [72] pri-
and [110] datasets focus on drone tracking. Lin et’al.][104] marily analyzes performance of short-term trackers on long
proposed a dataset for tracking faces by mobile phonessequences, and [39] proposes a huge dataset constructed
Galoogahi et al.[T28] introduced a high-frame-rate datasetfrom YouTube bounding boxes [78]. The authors of [67]
to analyze trade-offs between tracker speed and robustargue that long-term tracking does not just refer to the se-
ness. VOT2017([49] argued that proper real-timer track- quence length, but more importantly to the sequence proper-
ing performance should be measured on standard frame-ratéies, like the number and the length of target disappearances,
datasets by limiting the tracker available processing time. and the type of tracking output expected. Their dataset con-
Cehovin et al.[[98] proposed a dataset with an active cam-struction approach follows these guidelines. For these rea-
era view control using omni directional videos. Mueller sons VOT2017 based their rstlong-term challenge on [67].
et al. [74] recently re-annotated selected sequences from )
YouTube bounding boxe§ [78] to consider tracking in the 1.3. Beyond RGB-only tracking
wild. Similarly, Fan et al.[[24] and Huang et al., [38] in-
troduced new large datasets for training and testing visual

objegt trackers. cantly less attention than pure RGB tracking. Most related
It is clear that several recent datasets! [38, 24] haveyyqrks consider tracking in infrared and thermal imagery

adopted elements of the VOT dataset construction princi- gnd the combination of RGB with depth. The following

ples. Despite signi cant activity in dataset construction, the , anview thus focuses on these two areas.

VOT dataset remains unique for its carefully chosen and 114 aarliest thermal and infrared (TIR) tracking com-

curated sequences guaranteeing relatively unbiased assesﬁérisons were organized by the Performance Evaluation of

ment of performance with respect to attributes. Tracking and Surveillance (PETS) [105] in 2005 and 2015.
These challenges addressed multi-camera and long-term
tracking, and behavior (threat) analysis. In 2015, the VOT
A major difference between short-term (ST) and long- initiative introduced the VOT-TIR [25] challenge that fo-
term (LT) trackers is that LT trackers are required to handle cused on short-term tracking [25, 26] and adopted the well-
situations in which the target may leave the eld of view established VOT short-term tracking performance evalua-
for a longer duration. This means that a natural evaluationtion methodology. The challenge used the LTIR [3] dataset,
protocol for LT trackers is a no-reset protocol. which was the most advanced and diverse TIR general ob-
The set of performance measures in long-term tracking isject tracking dataset at the time. In 2016, the challenge was
quite diverse and has not been converging like in the short-repeated with an updated dataset, which was refreshed with
term tracking. Early work[43,76] has thus directly adapted more challenging sequences. Since the dataset did not sat-
precision, recall and F-measure computed at 0.5 loU (over-urate in the results of 2016, the same dataset was re-used in
lap) threshold. Several authofs [86] 72] propose a modi-the VOT-TIR2017 challenge.
cation of the average overlap measure by specifying an  The participants of the VOT-TIR challenges have ex-
overlap equal td when the tracker correctly predicts the pressed growing interest in multi-modal variants, in par-

Despite the signi cant application potential, tracking
with non-RGB and mixed modalities has received signi -

1.2. Long-term tracker evaluation



ticular a combination of RGB and thermal data. The ad- 1.4. The VOT2019 challenge

vantage of multi-modal data is the larger variety of possi-
ble solutions, such as applying single modality trackers and
investigating early and late fusion variants similar to [46]
for increasing tracking performance due to complemen-
tary information in RGB and thermal images, novel aspects
of the problem formulation, such as registration and syn-
chronization issues [47], and novel types of applications,
such as cross-modality learning [4]. In order to design a
novel challenge on joint RGB+thermal (RGBT) tracking,
the VOT-TIR challenge paused 2018. The VOT commit-
tee decided to base the VOT-RGBT-challenge on the exist-
ing RGBT-dataset published by [60]. In contrast to VOT-
TIR and in agreement with the other VOT-challenges, this
dataset has been complemented with annotations for ro-
tated bounding boxes and the VOT attributes (frame-wise
and sequence-wise). The annotation process has been per-
formed semi-automatically based on the video object seg-
mentation method [41] and further details are given in [5].
This methodology is generic and can be applied to other
modalities, such as depth, as well.

A number of datasets in RGB+depth (RGBD) tracking fo-
cus on pedestrian and hand tracking [23, 85, 14, 30] and
object pose estimation for robotics [13, 80]. These datasets
use pre-computed object models and only a few datasets ad-
dress general object tracking. The most popular is Princeton
Tracking Benchmark (PTB) [84], which contains 95 RGB-
D video sequences of rigid and non-rigid objects recorded
with Kinect. The choice of sensor constrains the dataset to
only indoor scenarios and has limited diversity. PTB ad-
dresses long-term tracking, in which the tracker has to de-
tect target loss and perform re-detection. The primary per-

VOT2019 considers short-term as well as long-term
trackers in separate challenges. We adopt the de nitions
from [67] which are used to position the trackers on the
short-term/long-term spectrum:

Short-term tracker (STp). The target position is re-
ported at each frame. The tracker does not implement
target re-detection and does not explicitly detect occlu-
sion. Such trackers are likely to fail at the rst occlu-
sion as their representation is affected by any occluder.

Short-term tracker with conservative updating
(STy1). The target position is reported at each frame.
Target re-detection is not implemented, but tracking
robustness is increased by selectively updating the vi-
sual model depending on a tracking con dence estima-
tion mechanism.

Pseudo long-term tracker(LT o). The target position

is not reported in frames when the target is not visi-
ble. The tracker does not implement explicit target re-
detection but uses an internal mechanism to identify
and report tracking failure.

Re-detecting long-term tracker (LT ;). The target
position is not reported in frames when the target is
not visible. The tracker detects tracking failure and
implements explicit target re-detection.

The evaluation toolkit and the datasets are provided by
the VOT2019 organizers. The challenge of cially opened

; on April 17th 2019 with approximately a month available

bounding box predicted by a tracker exceedsSoverlap
with the ground truth. The overlap is arti cially set to 1

when the tracker accurately predicts target absence. Spatio- 1.

Temporal Consistency dataset (STC) [99] was recently pro-
posed to address the drawbacks of the PTB. The dataset is
recorded by Asus Xtion RGB-D sensor and contains only
36 sequences, but some of these are recorded outdoor in

low light. The sequences are relatively short and the short- 2.

term performance evaluation methodology is used. Most
recently, Color and Depth Visual Object Tracking Dataset
and Benchmark (CDTB) [65] was introduced. CDTB con-
tains 80 sequences recorded by several RGBD sensors and

contains both indoor and outdoor sequences recorded un- 3.

der various lighting conditions. The sequences are approx-
imately six times longer than those in PTB and STC and
contain many more occlusions and target disappearances
to simulate realistic tracking conditions. CDTB focuses
on long-term tracking and adopts the long-term tracking
methodology from [67].

Sor results submission. The VOT2019 challenge contained
ve challenges:

VOT-ST2019 challenge This challenge was address-
ing short-term tracking in RGB images and has been
running since VOT2013 with annual updates and mod-
i cations.

VOT-RT2019 challenge This challenge addressed
the same class of trackers as VOT-ST2019, except that
the trackers had to process the sequences in real-time.
The challenge was introduced in VOT2017.

VOT-LT2019 challenge This challenge was address-
ing long-term tracking in RGB images. The challenge
was introduced in VOT2018.

4. VOT-RGBT challenge: This challenge was address-

ing short-term tracking in RGB+thermal imagery. This
is a new challenge in VOT2019 and can be viewed as
the next step in evolution of the VOT-TIR challenge
introduced in VOT2015.



5. VOT-RGBD challenge This challenge was address- allowed to participate in the challenge, but did not compete
ing long-term tracking in RGB+depth imagery. Thisis for the winner titles. Further details are available from the
a new challenge in VOT2019. challenge homepage

L _ VOT2019 goes beyond previous challenges by updating

The authors participating in the challenge were required the datasets in VOT-ST, VOT-RT and VOT-LT challenges

to integrate their tracker into the VOT2019 evaluation kit, 4 introducing the two' new challenges: VOT-RGBT and

which automatically performed a set of standardized ex-\,q1.RGBD. The VOT2019 toolkit has been updated to al-

Sg_'rn;gggs Tlhe _results Evedrel analyfjed accobrdi_ng_to thfelow seamless use of short-term, long-term, 3 channel (RGB)
evaluation methodology. Upon submission of _ /1 honnel (RGB-T/D) images.

the results, the participants were required to classify their
tracker along the short-term/long-term spectrum.
Participants were encouraged to submit their own new
or previously published trackers as well as modi ed ver-  Since 2018 VOT considers two classes of trackers: short-
sions of third-party trackers. In the latter case, modi ca- term (ST) and long-term (LT) trackers. These two classes
tions had to be signi cant enough for acceptance. Partic- primarily differ on the target presence assumptions, which
ipants were expected to submit a single set of results peraffects the evaluation protocol as well as performance mea-
tracker. Changes in the parameters did not constitute a dif-sures. These are outlined in following two subsections.
ferent tracker. The tracker was required to run with xed
parameters in all experiments. The tracking method itself 2.1. ST performance evaluation protocol
was allowed to internally change speci ¢ parameters, but

these had to be set automatically by the tracker, e.g., fromg,5 eid of view throughout the sequence, but may undergo
the image size and the initial size of the bounding box, and

! ; (fartial short-lasting occlusions. The tracker is required to
were not to be set by detecting a speci ¢ test sequence anqenqt the target position at each frame. The main focus

then selecting the parameters that were hand-tuned for thig)s g tracking is designing robust trackers that can track

sequence. throughout signi cant visual appearance changes without

Each submission was accompanied by a short abstraclyiiing off the target. Tracking sequences are typically rel-
describing the tracker, which was used for the short trac"eratively short. The ST performance measures should thus

descriptions in Appendix 5. In addition, participants lled ~ 4nay76 the accuracy of the target localization and drifting.
out a questionnaire on the VOT submission page to cate-  aq in vOT2018 [48], three primary measures were

gorize their tracker along various design properties. Au- qeq to analyze the short-term tracking performance: ac-
thors had to agree to help the VOT technical committee curacy @), robustnessR) and expected average over-

to reproduce their results in case their tracker was selecteqap (EAO). In the following, these are brie y over-viewed
for further validation. Participants with suf ciently well- and we refer to [51, 52 91]’f0r further details.

performing submissions, who contributed with the text for 1.0 o1 short-term challenges apply a reset-based
this_paper and agreed to make their tracker code put_)”Clymethodology. Whenever a tracker predicts a bounding box
ar:/_anablel from the VOT page were offered co-authorship of 1, oyeriapping with the ground truth, a failure is detected
this results paper. £ ionall ing | and the tracker is re-initialized ve frames after the failure.
b To d_courtl)ter attemptg do |ntent|$]na y repo”‘”g arge Accuracy and robustness [91] are the basic measures used to
loun dmﬁ oxgs .to SVO' Izesets, the V%I’ commlt.tee aN"probe tracker performance in the reset-based experiments.
alyzed the submitted tracker outputs. e committee re- o accuracy is the average overlap between the predicted
s_er\_/ed the right to disqualify the tracker should such or a and ground truth bounding boxes during successful track-
similar strategy be detected. ing periods. The robustness measures how many times the

, To compgte for the winner of VOT2019 challenge, learn- tracker loses the target (fails) during tracking. The potential
ing on speci c datasets (OTB, VOT, ALOV, UAV123, NUS- bias due to resets is reduced by ignoring ten frames after

PRO, TempleColor f_:md RGBT23_4)_ was prohibited. Inthe o initialization in the accuracy measure (note that a tracker
case of GOT10k, a list of 1k prohibited sequences was Cr€is reinitialized ve frames after failure), which is quite a

Iated,_whilehthe remaining %k+ sequefnr(]:es were ell(llowed fo:jconservative margin [52].
earning. The reason was that part of the GOT10k was use The third primary measure, called the expected average

for_l\_/hOT-ST20f19 Id atasle:)ulpdate. i to VOT ¢ al overlap (EAQ), is an estimator of the average overlap a
| de use Qd C?SS. a ets spetmlc o V\;]as not al" tracker is expected to attain on a large collection of short-
owed (i.e., identifying a target class in eac SeqUENCe o, seguences with the same visual properties as the given

and applying pre-trained class-speci ¢ trackers was not al- 4,46t The measure addresses the problem of increased
lowed). An agreement to publish the code online on VOT

webpage was required. The organizers of VOT2019 were 8http:/iwww.votchallenge.net/vot2019/participation. html

2. Performance evaluation protocols

In a short-term setup, the target remains within the cam-




variance and bias of AO [98] measure due to variable se- Evaluation protocol. A tracker is evaluated on a dataset
guence lengths. Please see [51] for further details on theof several sequences by initializing on the rst frame of
average expected overlap measure. a sequence and run until the end of the sequence without

Evaluation protocol. A tracker is evaluated on a dataset re-sets. A precision-recall graph is calculated on each se-
by initializing on the rst frame of a sequence and reset quence and averaged into a single plot. This guarantees that
each time the overlap between the predicted and groundhe result is not dominated by extremely long sequences.
truth bounding box drops to zero. Accuracy, robustness andThe F-measure plot is computed according to (1) from the
EAO measures are then computed. Average accuracy anéverage precision-recall plot. The maximal score on the F-
failure-rates are reported for stochastic trackers, which aremeasure plot (tracking F-score) is taken as the long-term
run 15 times. For reference, the toolkit also ran a no-resettracking primary performance measure.

experiment and the AO [98] was computed (available in the L R
online results). 3. Description of individual challenges

In the following we provide descriptions of all ve chal-

lenges running in the VOT2019 challenge.

In a long-term (LT) _tracklng setup, the ta_lrget may leave 3.1. VOT-ST2019 challenge outline
the camera eld of view for longer duration before re-
entering it, or may undergo long-lasting complete occlu-  This challenge addressed RGB tracking in a short-term
sions. The tracker is thus required to report the target po-tracking setup. The performance evaluation protocol and
sition only for frames in which the target is visible and is measures outlined in Section 2.1 were applied. In the fol-
required to recover from tracking failures. Long-term se- lowing, the details of the dataset and the winner identi ca-
guences are thus much longer than short-term sequences tibon protocols are provided.
test the re-detection capability. LT measures should there-
fore measure the target localization accuracy as well astar3.1.1 The dataset

get re-detection capability.
In contrast to the ST tracking setup, the tracker is not Results of the VOT2018 showed that the dataset was not

reset upon drifting off the target. To account for the most Saturated [48]. But since the same dataset has been used in
general case, the tracker is required to report the target po_\/OT2017, it has been decided to refresh the public dataset

sition at every frame and provide a con dence score of tar- PY replacing 20% of the sequences (see Figure 1). In ad-
get presence. The evaluation protocol [67] rst used in the dition, 5% of the sequestered dataset has been updated as

VOT2018 is adapted. well. .
Three long-term tracking performance measures pro- A review of the published datasets showed that currently

posed in [67] are adopted: tracking precisiétr], track- the largest dataset with carefully selected and annotated se-
ing recall Re) and tracking F-score. These are brie y de- guences is the GOT-10k [38] dataset. The dataset was ana-
scribed in the following lyzed and a list of 1000 diverse sequerfoeas created (by

ThePr andRe are derived in [67] from the counterparts random selection from the training set of GOT-10k). This
in detection literature with important differences that draw has been the pool of sequences used to replace part of the
. . VOT-ST challenge dataset.
on advancements of tracking-speci ¢ performance mea- Th N lection and replacement procedure w
sures. In particular, the bounding box overlap is integrated € sequence selection and replacement procedure was
out, leaving both measur@r( ) andRe( ) depend di- as follows. (i) All sequences m_thg VOT201$ public dataset
rectly on the tracker prediction certainty threshold i.e. were ranked according to their dif culty, using robustness

the value of tracking certainty below which the tracker out- measure averaged over a subset of trackers. Out of 20 least
put is ignored. Precision and accuracy are combined into aggccﬁ ltthsaf?#eer:j(i:\?:r,silt)z/ gfatc:n:ilzrt]aizltek?;esdbz);r:err?:ﬁ?;neeﬁ
single score by computing the tracking F-measure (i) Around 150 sequences have been selected at random
- - . from the update pool of 1000 sequences collected from the
FC)=2Pr( )Re( )Pr( )+ Re( )): @) GOT-10k dataset. The tracking dif culty measure for each
d Seduence has been computed using the same procedure as
for the VOT2018 sequence ranking. Out of these sequences,
S0 most dif cult ones became the candidates for VOT2019.
Ofthese, 12 were selected, again maintaining diversity. Fig-
ure 1 shows the sequences removed from VOT2018 public
dataset and their replacement.

2.2. LT performance evaluation protocol

Long-term tracking performance can thus be visualize
by tracking precision, tracking accuracy and tracking F-
measure plots by computing these scores for all threshold
[67]. The nal values ofPr, Re and F-measure are
obtained by selecting that maximizes tracker-specik -
measure. This avoids all manually-set thresholds in the pri-
mary performance measures. Shttp://www.votchallenge.net/vot2019/res/ligiohibited 1000. txt




via the Trax protocol [88] at 20fps. If the tracker does not
respond in time, the last reported bounding box is assumed
as the reported tracker output at the available frame (zero-
order hold dynamic model). As in VOT-ST2018, a reset-
based evaluation protocol with post-reset frame skipping is
applied.

3.2.1 Winner identi cation protocol

All trackers are ranked on the public RGB short-term track-

ing dataset with respect to the EAO measure. The winner
was identi ed as the top ranked tracker not submitted by the
VOT2019 committee members.

3.3. VOT-LT2019 challenge outline

This challenge addressed RGB tracking in a long-term
tracking setup and is a continuation of the VOT-LT2018
challenge. As in VOT-LT2018, we adopt the de nitions
from [67], which are used to position the trackers on the

Figure 1. Sequences of VOT2018 public dataset (left column) that Short-term/long-term spectrum. A long-term performance
were replaced by new sequences in VOT2019 (right column). evaluation protocol and measures from Section 2.2 were
used to evaluate tracking performance on VOT-LT2019.

) Compared to VOT-LT2018, a signi cant change is the new
Segmentation masks were manually created for track-gataset described in the following.

ing targets in all frames of the new sequences, and rotated
_boundlpg_boxes were tte_d to the_se segmentation masks US2 21 The dataset
ing optimization formulation similar to the previous chal-

lenges. Per-frame visual attributes were semi-automaticallyThe VOT-LT2019 trackers were evaluated on the
assigned to the new sequences following the VOT attribute LTB50 [67], which is an extension of the LTB35 [67]
annotation protocol. In particular, each frame was anno-used in VOT-LT2018. LTB35 contains 35 sequences,
tated by the following visual attributes: (i) occlusion, (i) il- carefully selected to obtain a dataset with long sequences
lumination change, (iii) motion change, (iv) size change, containing many target disappearances. The LTB50 dataset

(v) camera motion. contains 50 challenging sequences of diverse objects (per-
The sequestered dataset has been updated using an ana&lens, car, motorcycles, bicycles, boat, animals, etc.) with
ogous procedure. the total length of215294frames. Sequence resolutions
range betweeti280 720and290 217. Each sequence
3.1.2 Winner identi cation contains on average 10 long-term target disappearances,

) ) ) each lasting on average 52 frames. An overview of the
The VOT-ST2019 winner was identi ed as follows. Track-  gataset is shown in Figure 2. For additional information,

ers were ranked according to the EAO measure on the pUb‘pIease see [67].

lic dataset. Top ve ranked trackers were then re-run by the ' e targets are annotated by axis-aligned bounding

VOT2019 committee on the sequestered dataset. The t0R)gxes. Sequences are annotated by the following visual
ranked tracker on the sequestered dataset not submitted byiributes: (i) Full occlusion, (i) Out-of-view, (iii) Partial

the VOT2019 committee members was the winner of the occlusion, (iv) Camera motion, (v) Fast motion, (vi) Scale
VOT-ST2019 challenge. change, (vii) Aspect ratio change, (viii) Viewpoint change,

3.2. VOT-RT2019 challenge outline (ix) Similar objects. Note this is per-sequence, not per-
frame annotation and a sequence can be annotated by sev-
This challenge addressedal-time RGB tracking in @  era] attributes.

short-term tracking setup. The dataset was the same as in
the VOT-ST2019 challenge, but the evaluation protocol was
modi ed to emphasize the real-time component in track-
ing performance. In particular, the VOT-RT2019 challenge The VOT-LT2019 winner was identi ed as follows. Track-

requires predicting bounding boxes faster or equal to theers were ranked according to the tracking F-score on the
video frame-rate. The toolkit sends images to the trackerLTB50 dataset (no sequestered dataset available). The top

3.3.2 Winner identi cation protocol



3.4.1 The dataset

The community-driven move from the pure thermal in-
frared challenge VOT-TIR to VOT-RGBT (see section 1.3)
requires a completely new dataset. The VOT committee
decided to base the VOT-RGBT-challenge on the existing
RGBT-dataset published by [60]. This dataset contains in
total 234 sequences with an average length of 335 frames
and all sequences have been clustered in the 11-dimensional
global attribute space according to the VOT sequence clus-
tering protocol [50]. From these clusters, 60 sequences for
each dataset, the public dataset and the sequestered dataset,
have been sampled. All frames in the two selected sets of
sequences have been annotated with the attributes (i) occlu-
sion, (iii) motion change, (iv) size change, (v) camera mo-
tion. The attribute (ii), illumination change, has not been
used in the VOT-RGBT dataset, due to too scarce occur-
rences.

The original dataset contains axis-aligned annotations,
but in order to achieve a higher signi cance of results, also
the RGBT-dataset has been annotated with rotated bound-
ing boxes. Similar to the ST-dataset, the annotation process
has been performed in two steps. First, segmentation masks
have been generated semi-automatically based on the video
object segmentation method [41]. Manually generated seg-
mentation masks in the respectively rst and last frame of
the RGB and the thermal stream are used as starting points
for video object segmentation. Whenever the propagated
segmentation mask disagreed signi cantly, additional man-
ually generated masks have been added. In about 10% of
the sequences, objects were too tiny so that segmentation
masks have been generated manually or the original axis-

Figure 2. The LTBS0 dataset — a frame selected from each se-gjigned bounding boxes have been used. The rotated bound-
quence. Name and length (top), number of disappearances anghq hoxes are generated from the masks using the approach
E’?;SFer:?ggttg;fT:frg'e(SO\;v:iI:I(I)IL:)tc::alllzgﬁ;[n(b(S/t)t(():)Tjt—r(l)ng\/ti)elw\?Fs’;JIe:l’laﬁt- proposed in [94]. The original axis-aligned bounding boxes

: ' ' have been used to reduce drift during the automatic proce-

tial occlusion, (C) Camera motion, (F) Fast motion, (S) Scale . . .
change, (A) Aspect ratio change, (W) Viewpoint change, (1) Simi- dure. Further details are given in [5]. An example for the

lar objects. The dataset is highly diverse in attributes, target typesN€W annotations is given in Figure 3, left.
and contains many target disappearances. Image reprinted with
permission from [68].

ranked tracker on the dataset not submitted by the VOT2019

committee members was the winner of the VOT-LT2019 Figure 3. Examples of images from the VOT-RGBT2019

challenge. dataset including annotations. Left: thermal and RGB im-
age (frame 324 from sequena®ReEN) illustrating the original
axis aligned annotation (red), the automatically generated segmen-

3.4. VOT-RGBT2019 challenge outline tation mask (white), and the nal rotated bounding box (green).
Right: thermal and RGB image (frame 5 from sequenee: -

This challenge addressed short-term trackers using RGBw ThBaSKETBALL) illustrating the inconsistent bounding boxes

and a thermal channel. The performance evaluation proto-from the thermal channel (red) and the RGB channel (green), re-

col and measures outlined in Section 2.1 were applied. Insulting from inaccurate synchronization.

the following the details of the dataset and the winner iden-

ti cation protocols are provided. VOT-RGBT is, besides VOT-RGBD, the only multi-



modal tracking challenge in VOT2019. Multi-modal track-
ing adds two dif culties compared to all other challenges:
a) since the different sensors cannot be placed at the same
physical location, the image registration will never be per-
fect. Thus, bounding boxes in the two modalities will never
align exactly. b) since the two sensors are in separate de-
vices and thus synchronized by software, frames with the
same index might be subject to xed or even varying rel-
ative delays. Also this will lead to inconsistent bounding
boxes, see gure 3, right. Methods not considering a) and
b) properly, will suffer from degraded performance due to
reduced EAO in the RGB or T modality. For addressing
the synchronization issue, we de ned the thermal channel
as the primary modality, so all ground truth is temporally
aligned with it and the RGB channel is considered an auxil-
iary modality. Another consequence of the inconsistencies
a) and b) is the upper bound of performance for multi-modal
tracking that is reduced. In case of the VOT-RGBT chal-
lenge, the EAO between the two annotations is aldoih,

thus no method can achieve a higher EAO.

3.4.2 Winner identi cation protocol

The VOT-RGBT2019 winner has been identi ed as follows.

Trackers were ranked according to the EAO measure on

the public VOT-RGBT2019 dataset. The top ve trackers

have then been re-run by the VOT2019 committee on the

sequestered VOT-RGBT dataset. The top ranked tracker

on the sequestered dataset not submitted by the VOT2019

committee members was the winner of the VOT-RGBT2019 Figure 4. RGB and depth frames from the CDTB dataset [65] that

challenge. contains eighty sequences captured outdoors by a stereo pair or
indoors by a ToF-RGB pair or a Kinect sensor. Image reprinted
3.5. VOT-RGBD2019 challenge outline with permission from [65].

This challenge addressed long-term trackers using RGB

and a depth channel (D). Evaluation of the long-term RGBD Tech camera calibration toolbtkand the missing depth

trackers was the same as for the long-term RGB trackersvalues are added by interpolation. The dataset contains

and therefore the long-term tracking evaluation protocol tracking of various household and of ce objects (Figure 4).

and measures from Section 2.2 were used. The sequences contain in-depth rotations, occlusions and
disappearances that are challenging for RGB and, in partic-
ular, depth based trackers. The total number of frames is

3.5.1 The dataset 101,956 in various resolutions. For more details, see [65].

The VOT-RGBD2019 trackers were evaluated on a new
Color and Depth Visual Object Tracking Dataset and 3.5.2 Winner identi cation protocol

BenchmarCDTB) [65]. CDTB contains 80 sequences ac- The VOT-RGBD2019 winner was identi ed as follows.

ired with three different setups: 1) a Kinect v2 RGBD . .
quired wi ! up ) I v Trackers were ranked according to the F-score on the public

sensor, 2) a pair of Time-of-Flight (Basler tof640) and an !
RGB camera (Basler acA1920), and 3) a stereo-pair (BaslerVOT—RGBD2019 dataset (no sequestered dataset available).

acA1920). Kinect was used in 12 indoor sequences, RGB—ThE top ranksd trackertrr:ot sgbmlttedf ?ﬁ: thsg_?;éoégggg
ToF pair in 58 indoor sequences and the stereo-pair in 1oMttee Memoers was the winner ot the i

outdoor sequences. For all sequences CDTB provides RGE-2/IENge-
frames and dense depth frames which are aligned. The Lohttp://www.vision.caltech.edu/bougueti/calib
alignment is based on stereo pair calibration using the Cal-doc




(5%) applied optical ow (ANT A.4, FoT A.17, LGT A.25),

4. The VOT2019 challenge results
hi . . h K bmitted | and 1 tracker was based on a combination of multiple basic
This section summarizes the trackers submitted, results. | ssical trackers (HMMTXDT A.20).

analysis and winner identi cation for each of the ve
VOT2019 challenges.

4.1. The VOT-ST2019 challenge results
4.1.1 Trackers submitted

Many trackers used combinations of several features.
CNN features were used in 89of trackers — these were
either trained for discrimination (26 trackers) or localiza-
tion (13 trackers). Hand-crafted features were used #b 25
of trackers, keypoints in% of trackers, color histograms in

In all, 46 valid entries were submitted to the VOT-ST2019 18% and grayscale features were used iAtldf trackers.

challenge. Each submission included the binaries or source

code that allowed veri cation of the results if required. 4.1.2 Results

The VOT2019 committee and associates additionally con-

tributed 11 baseline trackers. For these, the default param-The results are summarized in the AR-raw plots and EAO
eters were selected, or, when not available, were set to reacurves in Figure 5 and the expected average overlap plots

sonable values. Thus in total 57 trackers were tested onin Figure 6.

VOT-ST2019. In the following we brie y overview the en-

tries and provide the references to original papers in the Ap-

pendix A where available.

Of all participating trackers, 37 trackers @dpwere cat-
egorized as S, 19 trackers (3%) as ST and 1 as LT.
7% applied discriminative and 24 applied generative
models. Most trackers (84) used holistic model, while

16% of the participating trackers used part-based models.

Most trackers applied either a locally uniform dynamic
model! (83%), a random walk dynamic model (& or
a nearly-constant-velocity dynamic mode?b

The trackers were based on various tracking princi-
ples: 3 (®6) trackers were based on recurrent neural
network (A3CTD A.1, MemDTC A.28, ROAMpp A.34),
21 (3™0) trackers applied Siamese networks (ALTO A.3,
ARTCS A.5, Cola A.10, gasiamrpn A.19, iourpn A.21,
MPAT A.30, RSiamFC A.35, SA-SIAM-R A.36, Siam-
CRF A.37, SiamCRF-RT A.38, SiamDW-ST A.39, Siamf-
cos A.40, SiamFCOSP A.41, SiamFCOT A.42, SiamMar-
gin A.43, SiamMask A.44, SiamMsST A.45, SiamRP-
Npp A.46, SiamRPNX A.47, SPM A.48, TADT A.52),
24 trackers (4%) applied CNN or classical discrimina-
tive correlation lters (ACNT A.2, ANT A.4, ARTCS A.5,
ATOM A7, ATP A.8, CISRDCF A9, Cola A.10,
CSRDCF A.11, CSRpp A.12, DCFST A.13, DIMP A.14,
DPT A.15, DRNet A.16, FSC2F A.18, KCF A.23,
LSRDFT A.26, M2C2F A.27, SSRCCOT A.49, STN A.51,
TCLCF A.53, TDE A.54, Trackyou A.55, Ulnet A.56,
WSCFST A.57), 2 trackers ¥4) applied ranking-based
classi er learning (RankingR A.32, RankingT A.33), 4
trackers (%0) were based on classical discriminative and
generative subspaces (IVT A.22, LIAPG A.24, MIL A.29,
Struck A.50), 2 trackers ) applied histogram-based sim-
ilarity maximization (ASMS A.6, PBTS A.31), 3 trackers

11The target was sought in a window centered at its estimated position

in the previous frame. This is the simplest dynamic model that assumes all

The values are also reported in Table 2.
The top ten trackers according to the primary EAO mea-
sure (Figure 6) are DRNet A.16, Trackyou A.55, ATP A.8,
DIMP A.14, Cola A.10, ACNT A.2, SiamMargin A.43,
DCFST A.13, SiamFCOT A.42, and SiamCRF A.37.

All trackers apply CNN features for target localiza-
tion. Seven top trackers (DRNet, Trackyou, ATP, DIMP,
Cola, ACNT, DCFST) apply a discriminative correlation-
Iter (DCF) for target localization, followed by bounding
box regression. Most of these trackers do not apply a clas-
sical DCF, but rather a CNN formulation of the discrimi-
native correlation Iter from ATOM [16] and the bounding
box prediction inspired by [40]. Three trackers (SiamMar-
gin, SiamFCOT and SiamCRF) apply a siamese correlation
Iter (i.e., template-based correlation) followed by a bound-
ing box regression. It appears that, similarly to VOT2018,
the top performers contain discriminative correlation lters,
but the formulation has shifted to a learning strategy that in-
volves Gauss-Newton updated implemented via back-prop
computations in standard CNN toolboxes. A strong com-
monality is the bounding box prediction module [40], which
appears to increase the tracking accuracy. The most popu-
lar backbone used appears to be the Resnet-family [36] (in
particular Resnet50 and Resnet18) — most of the top track-
ers apply it. None of the top performers use hand-crafted
features, which is a stark contrast to VOT2018.

The top performer on public dataset is DRNet (A.16).
This tracker applies a two-stage tracking framework: target
position estimation, followed by the bounding box regres-
sion. The localization stage is aimed at increased robust-
ness at a cost of potentially reduced accuracy by applying
a discriminative correlation Iter (DCF). The DFC learning
is formulated as a CNN layer. Robustness is increased by
a distractor-aware loss. Target localization is implemented
by DCFs on multiple branches of the backbone networks,
followed by a bounding box regression branch [40]. The
backbone are ResNet50 and ResNetSE pre-trained on Im-

positions within a search region contain the target have equal prior proba-89€Net [22], while the bounding box regression head is

bility.

trained on LaSOT [24], TrackingNet [74] and COCO [63]






