[ : o
visual objeclh frack r'g

The Visual Object Tracking VOT2015:
Challenge and results

Matej Kristan, Ales Leonardis, Jiri Matas, Michael Felsberg
Luka Cehovin, Gustavo Fernandez, Tomas Vojir, Georg Nebehay,
Roman Pflugfelder, et al.

R EH
(HF A
= University of Ljubljana UNIVERSITYOF
Faculty of Computer and BIRMINGHAM
Information Science

LINKOPING A I I AUSTRIAN INSTITUTE
OF TECHNOLOGY

UNIVERSITY

=




Outline

1. Scope of the VOT challenge

2. VOT2015 challenge overview

* Evaluation system
. Dataset
e Performance evaluation measures

3. VOT2015 results overview

4. Summary and outlook

Kristan et al., VOT2015 results 2/42



VOT2015

SCOPE OF THE VOT2015 CHALLENGE




Selected class of trackers

* Single-object, single-camera, model-free,
short-term, causal trackers

e Model-free:

* Nothing but a single training example is provided by
the BBox in the first frame

* Short-term:
* Tracker does not perform re-detection
* Once it drifts off the target we consider that a failure
e Causality:
* Tracker does not use any future frames for pose estimation

* Object state defined as a rotated bounding box
(rectangle)
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Requirements for tracker implementation

 VOT approach: Use the data fully

I

* Renitialize once the tracker drifts from the object

first frame failure reinitialization

I's
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Requirements for tracker implementation

* Complete reset:

* Tracker is not allowed to use any information
obtained before reset, e.g., learnt dynamics,

visual model.

* Trackers required to predict a single BB per frame

* Parameters may be set internally, but not by detecting
a specific sequence

* Verified for the top-performing trackers
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VOT2015

VOT2015 EVALUATION SYSTEM




VOT2015 Challenge evaluation kit

* Matlab-based kit to automatically perform ‘
a battery of standard experiments Eval Kit
* Plug and play!
TraX tocol
e Supports multiple platforms and l/°@
programming languages (CI:?&l;ﬁ;b/
(C/C++/Matlab/Python, etc.) Python,...)

* Easy to evaluate your tracker on all our benchmarks

* Backward compatibility with VOT2013/V0T2014

 Download from our homepage
https://github.com/vicoslab/vot-toolkit
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VOT2015

VOT2015 DATASET




Dataset construction approach

* Current trend [Wu et al. CVPR2013, Smeulders et al. PAMI2013,
Wang et al. arXiv2015, Wu et al. PAMI2015]:

* Large datasets by collecting many sequences from
internet

* Large dataset # diverse or useful

 VOT2013/2014 approach:

* Keep it sufficiently small, well annotated and diverse
* Developed the VOT dataset construction methodology

Collect a large Cluster similar Sample diverse
number of sequences challenging set

= 50 .
" 00 "
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VOT2015 dataset: collection and filtering

( )
ALOV (315 seq.)
[Smeulders et al.,2013]
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OTB (~50 seq.)
[Wu et al.,2013]
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[Vojir et al.,2013]
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VOT2015 dataset: Clustering 1/2

e 11 global attributes estimated automatically for 356
sequences

Collect a large Cluster similar
o E h number of sequences
daCh sequence sequences

represented as 11dim O Q

feature vector. O Q

(feature encodmg)
GIobaI attributes:

lllumination change
(difference of min/max FG intensity)

7. Aspect-ratio change

2. Size change , S _
(average of sequential BB size difference) (relative to initial BB aspect ratio change)
3. Motion 8. Object color change

(average of sequential BB center difference) (average hlfe change inside BB w.rtinitial )
4, Clutter 9. Deformation

(FG/BG color histogram difference) (mean intensity change in BB subregions)
5. Camera motion 10. Scene complexity

(patch features motion between frames) (entropy of graYscaIe image)
6. Blur 11. Absolute motion

(Camera focus measure [Kristan et al., 2006]) (median difference between first and current BB center)
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VOT2015 dataset: Clustering 2/2

e Sequences clustered by Affinity Propagation
[Frey and Dueck 2007]

e Automatic selection of the number of clusters (K=28)

Collect a large number of Cluster similar sequences
seguences by Affinity Propagation

Feature encoding
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VOT2015 dataset: Cluster sampling

Cluster similar Sample diverse

° ReqUIrement: sequences challenging set

» Diverse visual attributes O O
* Challenging subset

e Global visual attributes: computed

O 00000

* Tracking difficulty attribute: Applied FoT, ASMS, KCF trackers

 Developed a sampling strategy that sampled
challenging sequences while keeping the global
attributes diverse.
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VOT2015 dataset — object annotation

e All sequences re-annotated by (rotated) bounding boxes

——

* Annotation guidelines distributed among annotators
* Each annotation cross-checked by two annotators

* Approximately square rotated BBs changed to axis-aligned.

e @
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VOT2015 dataset — frame annotation

 Manually and automatically labeled each frame with
VOT2013 visual attributes:

i. Occlusion (M) iv. Object size change (A)
i. lllumination change (M) v. Camera motion (M)
iii. Object motion (A) vi. Unassigned (A)

(i) 0
(ii) 0
(iii) 0
(iv) 1
(v) 0
(vi) 0
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VOT2015

EVALUATION METHODOLOGY




Performance measures

* Target localization properties measured using the
VOT2013/V0T2014 methodology.

e Approach in VOT2013/VOT2014:

* |nterpretability of performance measures
* Select as few as possible to provide clear comparison

Correlation analysis of performance
measures?
L4 G BT, OB 9 101l IX 13 14 16 16

* Based on a recent study! two basic
weakly-correlated measures are chosen:
* Robustness
* Accuracy

1Cehovin, Kristan, and Leonardis, “Is my new tracker really better than yours?”, WACV2014
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http://prints.vicos.si/publications/302

VOT performance measures ot

* Robustness:
Number of times a tracker drifts off
the target.

e Accuracy: Average overlap during successful tracking.

@D}ﬁﬁl@bmlﬂmw

detected failure
and reinitialization

overlap

threshold

. 8 >
time (frames)
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~ VOT Accuracy/Robustness ranking

* VOT2014 ranking methodology used!

* Rank trackers for accuracy and robustness separately

IKristan et al., A Novel Performance Evaluation Methodology for Single-Target Trackers, ArXiv, 2015

 Two types of ranking

* Pooled ranking: Concatenate the results from all

sequences and rank trackers.

* Per-attribute ranking: Rank trackers on each attribute

subset separately and average the ranks.

* Rank equivalency

* Several trackers may perform equally well and should be

assigned an equal rank.
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Visualizing the accuracy/robustness

* AR rank plots as proposed in VOT2013

* AR raw plots as proposed by [Cehovin et al. 2014]
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New primary performance measure

* A new single score for challenge ranking
* Principled combination of accuracy and robustness
* Roots in application and clear interpretation

* Based on the “Expected average overlap on Ng frames
long sequence.”
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New primary performance measure

* Expected average overlap curve: C’I5NS for different values of Ng

Ns

Mode: 168, Min: 108, Max: 371

]
1500

1000

Expected average overlap plot

~
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E | “rank
'3 2 1

 “VOT2015 expected average overlap measure” d:

* @y averaged over typical short-term sequence lengths interval [Ny,, Np;].

* Pdf of sequence lengths estimated from VOT2015 using KDE [Kristan2009].

* Interval set to capture 50% of density at the mode.
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Implementation of the measure

* Require a large dataset of equal length sequences to

reduce the variance of the estimator &y _*

e Approximate from VOT raw results

Raw VOT output:tracklettes Virtual sequences
d.%Sequence 1 D —
l .f\-—\/‘ rw-—'j r’v'—_l l
I > |— >
& ;4 Sequence 2 CDl-‘W N
I . -

A p—
& .4 Sequence 3 b; N q)NS
l

MM_\FI\M’I : b

Kristan et al., A Novel Performance Evaluation Methodology for Single-Target Trackers, ArXiv, 2015
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- VOT2015 Speed measurement

* Reduce the hardware bias in reporting tracking speed.

 Approach: The VOT2014 speed benchmark

...................................... 600x600 image

L4
at®
aun®
------------------------
(L]

-------- Max operation in 30x30 window

.
oy
"amy
-------
-------------------------
wy
Ny

............................................ Apply this filter to a” pixels
............................................. Measure the t|me for f||ter|ng

.
.
an®
auus
-----------------------------

* Divide tracking time with time required to perform the
filtering operation

e Equivalent Filter Operations (EFO)



VOT2015

CHALLENGE PARTICIPATION AND
SUBMITTED TRACKERS




- VOT2015 Challenge: participation

e Participants would download the evaluation kit:
e Evaluation system + Dataset

* Integrate their tracker into the evaluation system

* Predefined set of experiments automatically
performed — submit the results back

* Required to submit binaries/source

* Required to outperform a NCC tracker

Participant

Kristan et al., VOT2015 results



62 trackers tested!

Diverse set of entries: 62 = 41 submissions + 21 baselines

 Deep convolutionan neural networks
(MDNet, DeepSRDCF, SO-DLT)

 Object proposals based
(EBT, KCFDP,SPST)

* General part-based

(LDP, TRIC-track, G2T, AOG-track, LGT, HoughTrack,
MatFlow, CMT, LT-FLO, THANG, FoT, BDF, FCT, FragTrack)

* Global generative-model-based
(ASMS, SumsShift, S3Tracker, PKLTF, DFT, IVT, CT, LLAPG, DAT)

e Discriminative models — single part
(OAB, MIL, MCT, CMIL)

e Discriminative regression-based techniques
(Struck, RobStruck, SRAT, TGPR, HRP, ACT, KCFv2, DSST, SAMF, SRDCF, PTZ-MOSSE,
NSAMF, RAJSSC, OACF, sKCF, LOFT-lite, STC, MKCF+, MTSA-KCF, MvCFT)

 Combinations of multiple trackers
(HMM-TxD, MEEM, SCEBT, MUSTer, SME)
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VOT2015

EXPERIMENTS AND RESULTS




- VOT2015 Experiment

* Experiment 1- Baseline:

* All sequences, initialization on ground truth BBs

 Each tracker run 15 times on each sequence to
obtain a better statistic on its performance.

e Reinitialization at overlap 0.

Ground truth

1
g
ty
1
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1
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1
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Expected average overlap

B 1 1 T
(1) MDNet &
MDNet* <] CNNlearned on video sequences (ég ES_EI?_DSRDCF
DeepSRDCF <]  Corr. Filter + CNN feats Ez,; EEEDF
EBT J¥  Edgebox features+SSVM+color hist. (g) SPSTﬁ
SRDCF Corr. Filter + color names + HoG — ID ’)(
LDP X Part-based corr. filter >w0 =
sPST /\  Flow + Edgebox feats + SVM | /
04 T T T T T T T T I' T T
Expected overlap plot |
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0.3 .
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* N., Hyeonseob and H., Bohyung, Multi-Domain Convolutional Neural Network Tracker, (Talk today at 13:50)
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Detailed analysis

Expected overlap plots

* MDNet< consistently ahead — T3
»  DeepSRDCF <Isimilar to EBT#"°V/oUs Ml ;(ﬁigéi%
(

e EBT fails a bit less, but less accurate.

>'\7?@ 7*'” -

Overlap curves
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Detailed analysis: attributes

< < ¥
* Mostly at the top: MDNet, DeepSRDCF, EBT

e Butin occlusion: MKCF+, MD*Iet, NSAMF

cam. mot. | unass. | illum. ch. | motion ch. | occlusion | size ch.
A 0.49 0.54 0.49 0.45 0.41 0.39
R 0.66 0.41 0.89 0.98 1.13 0.61
comers SRR X

MKCF+: Target loss explicitly addressed

unassigned |- ﬂ@i%@.ﬂ-m;{ é X ’
RN NASMF: Multimodel SAMF (VOT2014 top perf.)

e anoe K< ki fa % Wik @4
2 Most challenging (R): occlusion

motion S
Il < k<O%chpt : :
change Most challenging (A): size change
occlusion |- KD’* W-m?.é’.hﬁﬂ

P
L
L o

size

1 &
change b <$& B0 X—Ch <" O

0 1
best Av. num. failures per 100 frames worse
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Detailed analysis: baselines + sota

* Baselines: OAB,IVT,CT,MIL,L,APG
* 14 trackers: (2014-2015) ICCV,ECCV,CVPR,ICML,BMVC
* Over 40% submissions exceed
the VOT2015 published sota bound.
e The VOT2014 winner
* Over 60% submissions outperform
the VOT2014 winner. Expected overlap plot
0'4 | || | | | | | | | | | | | | | | | | |
| 4
LaAPG VOT2014 winner
03 k- CT OAB M ﬂ;
IVT J m
i 9
i : :
e T A
1 A VOT2015 published sota bound
0.1 _ﬁa_{@j e o 4
’ O o O
o & O O % a > ®
0 61 56 51 46 41 36 31 26 21 16 11 6 1
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Tracking speed

 Top-performing trackers slowest

osl MDNet 4
e Plausible cause: CNN <] < osl w DeepSRDCF|
e Real-time bound: ASMS % 0.4 ASMS
« Decent accuracy, |
) 021 g Per-attribut lized |
* Mid-level robustness B errattribute normalized |
< 0 -
e Tracks well on short run ————— e P
For reference: Dee SRD“QFDNEtd
NCC implemented in C++ 03 | P < A * X
Intel Core i5 2557M ‘ e ASMS
processor 02\ > DM [f;h d%g‘ X
A~ t‘ 4
Measured speed: 140 fps ¥ 4 '
EFO units: ~160 EFO 0.1 | & ¥ x Ox
Normalized speed (EFO) O
10 °* 10 ° 10 10
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~ Sequence ranking

 VOT2013 approach

* Average number of trackers failed per frame (4¢)

* Max. number of trackers failed at a single frame (M)

Sequence Sequence

o
@]

-+
=

Carl
Fernando
Graduate
Motocross2
Soldier
Basketball

Sequence Sequence ChaIIenging:
Blanket Shaking
Bolt2 Singer2
Crossing Sphere
Dinosaur Traffic 0.04 < Ar < 0.15
Girl Car2
Iceskaterl Fish4 15 < Mf = 56
Iceskater2 Godfather Intermediate:
Nature Helicopter
Wiper Pedestrian2 B2 A = DOE
Bag Tunnel 8= My <27
Sl Easiest:
Bmx
Gymnastics4
Marching
Road
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~ Sequence ranking

« Among the most challenging sequences
Matrix (A; = 0.36, M; = 54) Rabbit (A = 0.31, M; = 39) Butterfly (4; = 0.22, M; = 44)

=

-y
'

 Among the easiest sequences

Singerl (Af = 0.01, My = 3) Octopus (A = 0.01, My = 11)  Sheep (Af = 0.02,M; = 12)

Kristan et al., VOT2015 results 38/42



- VOT Summary

* New VOT measure + highly challenging dataset

* Top-performing tracker MDNet (in expected average overlap)

* AR analysis indicates high accuracy and rare failures
 Computationally quite complex (EFO)

* Both top-performing trackers applied “learned”
features by CNN but different localization strategy

 Most submitted trackers outperform standard

baselines

* 40% of submitted trackers outperform the published
sota bound as defined in VOT2015.
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. The VOT2015 online resources

Available at: http://www.votchallenge.net/vot2015
* This presentation + papers + Dataset + Evaluation kit

* Guidelines on how to evaluate your trackers

on VOT2015 and produce graphs for your papers
(directly comparable to >60 trackers!)

e Two VOT methodology cornerstone papers:

* Kristan et al., A Novel Performance Evaluation Methodology for
Single-Target Trackers , ArXiv, 2015 (under review)

 Cehovin et al., Visual object tracking performance measures revisited,
ArXiv, 2015 (under review)

Plan to release all versions along with the reviews and our responses
 VOT is open source !

 Cehovin, ”Ask not what the VOT challenge can do for you ...”
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- VOT2015 summary

* Results published in a 23 pages joint paper ~128
coauthors!

Winners of the VOT2015 challenge:

MDNet by Hyeonseob Nam and Bohyung Han

Multi-Domain Convolutional Neural Network Tracker

Presentation at VOT2015 today at 13:50 rl
VGO

visual object tracking challenge
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