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o Al t htaakigghtself is by and large
asolved probl em.

-- JlJanbo Shi & Carlo Tomasi
CVPR1994--




Application domains of Visual Tracking

A monitoring, assistance, surveillance
control, defense

A robotics, autonomous car driving,
rescue

A measurements: medicine, sport, biology, /
meteorology ¥ £

-7,
A human computer interaction 24

A augmented reality

A film production and postproduction:
motion capture, editing

A management of video content:
indexing, search

A action and activity recognition
A image stabilization

A emotion analysis

Acamera [trackinguy
2018.08.21 J. Matas @ VSSS 3150



Tracking: Definition

Srprisingly little is said about tracking in standard textbooks.

£ 8 Image
(R Processing,

Computer
Vision

Computer Vision

Algorithms and Applications

Analysis,
and
Machine
Vision

Limited to optic flow, plus some basic trackers, e.g. Lucd&anade

[Forsyth and Ponce Computer Vision: A modern approaci2003]
JTracking is the problem of generating amferenceabout the
motion of an object given asequence of images

ons

Good sol ut i
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Computer
Vision

A MODERN APPROACH

of this problel;
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Tracking: Definition (2) W

Givenan initial estimate of its position locate X in a sequence of images,

where X may mean:
A a region, typically rectangular
Aan[ i nt er est neighbaurhagd and it s

Aanf obi ect VISE OM,
This definition is adopted e.g. in a recent book by TRACKING

Maggio andCavallarg Video Tracking, 2011

PATHENOR \'M‘i Ny,
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Trackingis the analysis of video sequences for the e —
purpose of establishing théocation of the target over e
a sequence of frames (time) starting from the e -

bounding box given in the first frame TeEeEs
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Tracking

As a Correspondence search. As Segmentation:

Establish pointto-point Mark all pixels belongingo *
correspondences for all pixelsf a target region or an object __“‘
a target regionor an object In every frame of asequence ===

in all frames of an image sequence

2333
.....

.....
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Tracking @
a target region : an object:
in 2D 6 DOE s = 0bject instance segmentation in the video

2018.08.21 J. Matas @ VSSS 7/150



Tracking

Long term Short term

0 targetdisappears from the field of viengets fully occluded, etc.

0 regardlesof how well the visual model is designe@ny
shortterm tracker will eventually fall
0 required longterm tracker properties:
I determinewhen thetarget has beerlost (or disappeared)which implies
learn object model
I re-detectthe target after losing the target

2018.08.21 J. Matas @ VSSS Slide credit: Matej Kristan 8/150



Tracking-LearningDetection (TLD) .,

TMD confidence
------- THD confidence, previous run
— {(0de] growing

-150 -100 -50 0 50 160 150 200
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1 ¢
Short-term vs Long -term Spectrum (&

Position reported  Determines target lost? Target re-detection

ST, Basic ST (? eachframe O no O no
ST,: Basic STwith ) eachframe  (jnot explicitly, selective (> no
conservative updating update of visual model

LT, PseudoLT © only when visible © yes ) no
LT,: Redetecting LT © only when visible © yes © yes

0 ST, - KCF, MeanShift

0 ST, - MDNet, ECO- easily convertedto LF

0 LT, most sophisticated, typical composition:
1. Short-term tracker (ST) for frame-to-frame localization
2. Detector for target re-detection
3. Algorithm for interaction between ST and detector

L ukeddi ¢, Vojc aatasyKristan,
Now you see me: evaluating performance in loigrm visual tracking arXiv2018

2018.08.21 J. Matas @ VSSS Slide credit: Matej Kristan
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The [standarduy CMoxtr a®
— -

A Approximate motion estimation, approximate segmentation.

A Neither good optic flow nor precise segmentation required.

A Short term: b-box reported for every frame

2018.08.21 J. Matas @ VSSS 11/150



B-Boxes tracking with poor correspondence

A pe n ? ‘: .‘ { "_ [: ::b-o'
A vi .1.41 . ‘, “Jq '\; J Q‘/ J
-h«wu e T
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e :

’ .\

—

b
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Rotated B-Boxeso Interpretation?

2018.08.21J. Matas @ VSSS



Applications of Visual Tracking

Correspondengesegmentationor Both ?

A surveillance A film production and postproduction: mc
A robotics capture, editing
autonomous car driving A management of video content:
iIndexing, search
A measurements: medicine, sport, A action and activity recognition

biology, meteorology A image stabilization

A human computer interaction Acamera [trackinguy

A augmented reality

2018.08.21 J. Matas @ VSSS 14/150



Applications of Visual Tracking L

Correspondengesegmentationor Both ?

A surveillance A film production and postproduction:

A robotics motion capture editing

autonomous car driving A management of video content:
Indexing, search

A measurementsmedicine,sport, A action and activity recognition

biology, meteorology A image stabilization

A human computer interaction Acamera [trackinguy

A augmented reality
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Applications, applicationgpplicationz X

CAR PARK UNDER

24HR CCTY ‘
SURVEILLANCE WITH -
VIDEO RECORDING fer .

FOR FROSECUTION

2018.08.21 J. Matas @ VSSS 16150



[

Sport Analysis -

DARTFISH B

http://cvlab.epfl.ch/~lepetit/
http://www.dartfish.com/en/media_-gallery/videos/index.htm

2018.08.21 J. Matas @ VSSS Slide Credit: Patrick Perer 17/150


http://cvlab.epfl.ch/~lepetit/

Tracking Appl i cations

iTeam sports: game analysis, playe

_.-\...J/._..rl._.__lc_l "l_-a.._zm:_:::* ===

('I‘i i1E I‘ FUJIFILM
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technicolor

L

video credit:
Patrick Perez
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A I miracley: Trackling®

07:03:41

video credit:
Helmut
Grabner

H. Grabner, H. Bischof, On-line boosting and vision, CVPR, 2006.

2018.08.21 J. Matas @ VSSS 20/150



H. Grabner, J. Matas, L. Gool, P. Cattin,Tracking the invisible: learning where the object might be, CVPR 2010.
2018.08.21 J. Matas @ VSSS 21/150



Tracking o Formulation, Models

2018.08.21 J. Matas @ VSSS —— 22/150



Tracking as Correspondence Search C
Given Sequence (It(x))tﬂ1

Target F,

Return Displacementu, ; {X)

Optic flow: F, =1 (X), U1 ( X ) , arbitrafy, regularized
Tracking: F « l(X), U1 ( X ) , canstfained, e.g.u=Ax+Db

Note: considering only
U +1 (X) cannot solve

the general correspondence [ o
problem due to occlusions. — A =

2018.08.21 J. Matas @ VSSS



The KLT tracker

2018.08.21J. Matas @ VSSS 25150



KLT tracking [

iProblem: tracking okey pointso (SI
random image patches, as long as possible

Alnput: detected/chosen patches, a regin

AOutput: tracklets of various life -spans

s\t
d=argmin > (14D (p+d) - 1O ()P

d PER(x)

"4

SSD

2018.08.21J. Matas @ VSSS slidecredit:  Patrick Perez ~ 26/150



KLT &

iProblem: tracking okey pointso (SI
random image patches, as long as possible

Alnput: detected/chosen patches

AOutput: tracklets of various life -spans

d=argmin Y (10D (p4d) — 1P (p)|?
d
PER(X)

"4

SSD

2018.08.21J. Matas @ VSSS slidecredit:  Patrick Perez ~ 27/150



Multi-resolution Lucas-Kanade W

I First assuming small displacement: 1st-order Taylor expansioninside SSD

argmin Y 1D (p) 410D (p)Td—10) (p)|?

d =
d slide credit:
pER(x) —1 Patrick Perez
d=—| > VI@P)VIP)' > VI(P)(p)
pER(x) peR(x)

For good conditioning, patch must be textured/structured enough:

AUniform patch: no information
AContour element: aperture problem (one dimensional information)

ACorners, blobs and texture: best estimate

[Lucas and Kanda 1981][Tomasiand Shi , CVPROGO9 4]
slidecredit:  Patrick Perez 29150
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Multi -resolution Lucas-Kanade @

I Arbitrary displacement

AMulti -resolution approach: Gauss-Newton like approximation down image
pyramid

<= >
—— =T
Za _ <.

~. =

A+ 2 g 4 2a®

v=argmin > [1GHD(p42d D)4 vrEHD (p42dO) Ty 1 (p) 2
PER!(X)

—1
:.;,z_( > vf(f*ﬂ(p)vr“**“)(pﬂ) > vIGHED ) I (p)
peR!(x) pER(x)
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Monitoring quality

I Translation is usually sufficient for small fragments, but:
APerspective transforms and occlusions cause drift and loss
I Two complementary options
AKill tracklets when minimum SSD too large
ACompare as well with initial patch under affine transform (warp)  assumption

d=argmin Y 10t (p+d) - 10 (p)?
d
peR;
W = argmin > 1D (wip]) — 1O (p))?

pERp

2018.08.21J. Matas @ VSSS slidecredit:  Patrick Perez 31150
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Characteristics of KLT

A cost function: sum of squared intensity differences
between thetemplate andthe image

A optimization technique: gradient descent
Amodel learning: no update / last frame / convex combination

A attractive properties:
| fast
I easily extended to imag#o-image transformations with
multiple parameters

2018.08.21J. Matas @ VSSS 32/150



Optic Flow Estimation

2018.08.21J. Matas @ VSSS 33150



Differential Brightness Constancy (&
Assumption: illumination changes by motion and nothing else
Brightness constancy: T [ T
1(x(t), y(t), t) = const (x(t), y(t))
Take derivative \/\\,
S 10x(8). y(2),£) = 0

Total derivative rule: / /

ol dx Ol dy 0ol

axer“aydtJ“&_O

Brightness constancy equation: V/Tu + I, = 0 for every point

Image gradient flow vector  image derivative in time

2018.08.21 J. Matas @ VSSS OF slides credits: A. Shekhovtsov 34/150



Aperture Problem

A Scalar equation in two unknowns per pixel
A Ambiguity of satisfying solutions:

VIitu+1,=0

Vi e

2018.08.21 J. Matas @ VSSS
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Horn-Schunck (1981)

One scalar equation pepixel: Vitu+1=0
Assumesmoothflow in the whole image
Minimize globally /(VITU + 1,)? + ||Vu|[3dx - Convex problem

36/150



Convex Methods @ R

0

0

0

Convex Data + Regularizer

/p(u(x), h, k) + AR(u(x))dx

Total Variation (TV)

R(u):/ Vu S"Eth/ sup (Vu, p)
Q Q |p|<1

jumps allowed at the same cost as smooth
fast primaldual methods

Total Generalized Variation

R(u):mina1/|Du—w|+a0/ |Dw|
w Q Q

penalizes first and second order derivatives
auxiliary variables w gradient field

ot '
.....

it Horn-Shunk

37/150



Convex Methods

1\ 1\

Horn-Schunck TV (c) TGV (d) NLTGV

38150



Summary- Convex OptimizationApproaches

o)

4]

Pros

4]

)

0

Models flow as continuous variables
Powerful and accurate regularizations
Easy toparallelize

Cons
dealing with data nonlinearity requires iterative approaches / lifting

)

0

relatively slow fortracking

(fast in GPU but maybe not enough for all apps.)

local minima are possible with coarg®e-fine warping
occlusions are hard to model within the same optimization
(typically not modeled

best parameters depend on the scene

modelspecific optimization techniques

41/150



Discrete Optimization: Discrete Flow

Fully discretize flow search space
(D x D)* configurations

Local search and relaxation techniques

sl

7B
Y AN

/NN
_ l\\\\'

/7T 4lil m\VAV

L A4 '4“"&7
A/ AVAY ﬂ'

”/I ”ﬂﬂ'

---------------------------------

------

Iz
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Discrete Optimization

Minimize a function of discrete variables: E(x|8) = > 0.(z:) + > Ou(zs, z)
steE

scV

Discrete state field: x = {(z",z2¥) | s € V} « deformation field

zs; € AxA — possible 2-D displacements.

Data term:
9 "':""'..-"E;'._""? _____
(I1(s) — I2(s + z)) Pixel s "¢
9{$3] - 22
I

Continuity term: _
TT*’»’E | Pixel %
H{:rﬁj xt) - 203 Pixel #

43150



Discrete Optimization

0

Energy minimization:

Difficult problem (NP-hard, etc.)

mxin Z 0i(xi) + Z 0 (xi, x;)
i ij

Two large groups of methods:

I minimum cut (graph cuts); LP relaxation (message passing)
Practically feasible for flow estimation:

Discrete Flow(Menzeand Geiger. Object scene flow for autonomous
vehicl es), CVPRg1l5

Full Flow (Chen andKoltun. Full Flow: Optical Flow Estimation By Global
Optimization over Regul ar Grids),
Dense Matching(Shekhovtsowet al. Solving Dense Image Matching in Real
Time using DiscreteCont i nuous Optimization),

44/150



Summary Discrete Optimization Approaches|®.

Pros
I no problem with datanonlinearities
I can model occlusions

O Cons

I harder to parallelize (both: graph cuts and message passing)
I message passing is memory demanding

I harder to handle second order priors

| spatial and flow quantization errors

45150



Deep Neural Networks

0 FlowNet Corr (Dosovitskiyet al., Learning Optical Flow with Convolutional
Net wor ks, | CCVglh)

FlowNetCorr

6.—‘
' *: upsampled

46/150




FlowNet 2.0

D)

Net wor ks,

FlowNetC

Image 1

Large
Displacement

Brightness
Error

Image 2

Fowteecon
ey
e L

Luee ... e I
U

Lum

B upmamped

FlowNetCorr

Large Displacement "

Image 1 | ~

FlowNetS

Flow

Brightness|

Error

.l Large Displacement R4

Flow
Magnitude

Image 1

)

Image 2

FlowNet

(38M weights)

Image 1

FlowNet-SD

Small Displacement

n‘k .
-

Accuracy x2

Flow

Brightness
Error

 —

Flow
Magnitude

Flow

Brightness

Error

0 llg et al., FlowNet 2.0: Evolution of Optical Flow Estimation with Deep
Ar Xi vgle
J1.Warping

Warped
FlowNetS
Image 2

'\
> M —_ Flow
J
FlowNet 2.0
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Deep Constancy

All reviewed techniques make use of local matching score
Consider matching score based on learned descriptors (per pixel)

I I?
T
~~ CNN ~~
} }
'  Dense Descriptor ¢*

\\/

Euclidean Distance d( 1 c;f’z
/ correlation i1 Vitx

Further processing

Brightness constancy s Deep constancy
48150




Optic Flow & Tracking =

OF method are not state -of-the-artin tracking benchmarks
Problems:

0

0

0

missing occlusion dis-occlusionmodelling,

for pi xels visible I n one 1In
usingcorrespondence®nly in adjacentframes,

treating OF as a set of twaview correspondence (stereo) problen

not considering the 3D
(e.g. out of plane rotation)
online learning the object
not considered
prior knowledge about objects
(as opposed to flows) not learned

501150



Discriminant Correlation Filters

Slide credits :JoaoF. Henriquesfrom Institute of Systems
and Robotics, Universityof Coimbra
IR



Discriminative Tracking (T. by Detection)

l, ;
ORIEN

+1 +1 +1 £1 £1 £1 Jabels

Classifier

Classify subwindows
to find target

2018.08.21 J. Matas @ VSSS



Discriminative Tracking &

AHow to get training samples for the classifier?

A Standard approach:
i Bound. boxes with high overlap with the GT Y Pos. samples
i Bound. boxes far from the GT Y Neg. samples

> Neg. samples
» Pos. samples
Unspecified

AWhat with the samples in the unspecified area?

2018.08.21 J. Matas @ VSSS 53150



Connection to Correlation @

ALet s have a |linearwclassifie

A During tracking we want to evaluate
the classifier at subwindows X; :

AThen we can concatenate Y, into
a vector y (l.e. response map)

AThis is equivalent to cross-correlation formulation which can
be computed efficiently in Fourier domain

A Note: Convolution is related: it is the same as cros®rrelation,

but with the flipped image of ( "Y1 ).
2018.08.21 J. Matas @ VSSS 54/150



Connection to Correlation

The Convolution Theorem

0 Cr @arselation is equivalent to an
element -wiseproduct i n Fouri er domai n¢

e

Awhere:

I =7 () isthe Discrete Fourier Transform (DFT) of
(likewise for and )

i O is element-wise product
i #is complex-conjugate (i.e. negate imaginary part).

A Note that crosscorrelation, and the DFT, arecyclic
(the window wraps at the image edges).

2018.08.21 J. Matas @ VSSS 55150



Connection to Correlation @

The Convolution Theorem

[ Cr-cogeation isequivalent to an
element-wiseproduct i n Fouri er domai ny

= B Ye

The evaluation of any linear classifier can be accelerated  with
the Convolution Theorem.

Af I i near y c ainearlising leemmet trick io some specific
cases ill be discussed later)

A Q: How the w for correlation should look like?
What about training ?

2018.08.21 J. Matas @ VSSS 56/150



Connection to Correlation

The Convolution Theorem

0 Cr @arselation is equivalent to an
element -wiseproduct i n Fouri er domai n¢

- = 40

4
A

Aln practice: — —
_> i)

A Can be orders of magnitude faster :
i For O images, crosscorrelation is ( ).

I Fast Fourier Transform (and its inverse) are ( | o §.
2018.08.21 J. Matas @ VSSS 57/150



Connection to Correlation ®

A Q: How the w for correlation should look like?
What about training ?

Objective

‘ ’ é}

High values

Unspecified

Low values

A Intuition of requirements of crosorrelation of classifier(filter)w
and a training imagex

I A high peak near the true location of the target
I Low values elsewhere (to minimize false positive)

2018.08.21 J. Matas @ VSSS 58150



Brief History of Correlation Filters L

Minimum Average CorrelationEnergy ( MACE) f i | t e
A Bring average correlation output towards O:

miff .

except for target location, keep the peak value fixed:;

subject to: =1

A This produces asharp peak at target location
with closed form solution:

A 20 s called thespectrum and is realvalued.
Je) A division and product O) are elementwise.

A Sharp peak = good localization ! Are we done?

2018.08.21 J. Matas @ VSSS 59150



Brief History of Correlation Filters L

The MACE filter suffers from 2 main issues:

1. Hard constraintseasily lead to overfitting.

I UMACE(J Unconstrained MACEU) addr e
constraints and require to produce a high average correlation response
positive samples. However, it still suffer from the'® problem.

2. Enforcing a sharp peals too strong condition; lead to overfitting
i GaussianMACE / MSE -MACE ( peak to follow a 2D Gaussian shape

N\

mih, kI, = il'o
Subijtect =1 > 0.0
iln the original met hod dillls@ogCtwmthe , t

MACE hard constraint.
(It later turned out to be unnecessaty

2018.08.21 J. Matas @ VSSS 60/150



Brief History of Correlation Filters L

Sharp vs. Gaussian peaks

o . 1.0
Tralning Image: = i
0.0

Naive filter
( =)
Classifier
()
[ AVery broad peak is hard to localize
Output (especially with clutter).
( 4) A State-of-the-art classifiers
(e.g. SVM) showsame behavior!

2018.08.21 J. Matas @ VSSS 61/150



Brief History of Correlation Filters L

Sharp vs. Gaussian peaks

o . 1.0
Tralning Image: = i
0.0

Naive filter ~ Sharp peak
( =) (UMACE)

C|6(ISS)IerI‘ A A very sharp peak is obtained by
emphasizingsmall image details
(It ke the fishag!
Ageneralizes poorly; fine scale
E)ut;u)t details that are usually not robust

2018.08.21 J. Matas @ VSSS 62/150



Brief History of Correlation Filters L

Sharp vs. Gaussian peaks

o - 1.0
Tralning Image: = i
0.0

Naive filter  Sharp peak Gaussian peak
( =) (UMACE) (GMACE)

~ . AAgood compromise.

Classifier o =+ | ATiny details are
() = ignored.
Afocuses onlarger,
more robust
Output structures.
( &)

2018.08.21 J. Matas @ VSSS 63150



Breakthrough by MOSSEHEracker (&
Min. Output Sum of Sqg. Errors (MOSSE)

A Presented by David Bolme and colleagues at CVPR 2010

A Tracker run at speed over a
600 frames per second

A very simple to implement
I no complex features only raw pixel values
I only FFT and element-wise operation

A performance similar to the most sophisticated tracker (at that
time)

2018.08.21 J. Matas @ VSSS 64/150



Breakthrough by MOSSE tracker e

How does it work?

AUse only the O0Gaussian peako obj

| 1.0
mih k. - i
0.0

A Found the following solution using the Convolution Theorem:
20
20 +

( =1 0 is artificially added to prevent divisions by 0)

A No expensive matrix operations! Y only FFT and element-wise
op.

2018.08.21 J. Matas @ VSSS 65150



Breakthrough by MOSSE tracker e

Implementation aspects

A Cosine (or sine) window preprocessing

I Image edges smooth to zero
Ythe filter sees an i mage as a o0c

I gives more importance to the target center.
A Simple update -

20 Train a MOSSE filter

= 46 1 _ using the new image .

Update previous solution with

=1t ) * | by linear interpolation.

2018.08.21 J. Matas @ VSSS 66/150
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Why MOSSE works

Ridge Regression Formulation

= Least-Squares with regularization (avoids overfitting!)

A Consider simple Ridge Regression (RR) problem:

mijh & ||+ I

has closedform solution: = ( + )

We can replace X= ( ) (circulant data), and = (Gaussian
targets). Diagonalizing the involved circulant matrices with the DFT

yields:
A Exactly the MOSSE solution!

) _” Agood learning algorithm (RR) with
- T4 D + lots of data (circulant/shifted

samples).
2018.08.21 J. Matas @ VSSS 67/150




MOSSHracker !

Implementation aspects

A Scale adaptation Scale

I Extract patches with different scales and normalize them
to the same size

I Run classification; use bounding box with the highest response
2018.08.21 J. Matas @ VSSS 68/150
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Kernelized Correlation Filters SA ™ P

A Circulant matrices are a very general tool which allows to replace
standard operations with fast Fourier operations.

A The same idea can by applied e.g. to the Kernel Ridge Regression:

with Kkernel matrix K; =Kk(x;, X;) and dual space representation
=(C + )

A For many kernels, circulant data Y circulant K matrix

= ( ), where Is kernel autecorrelatonand
the first row of  (small, and easy to compute)

A Diagonalizing with the DFT for learning the classifier yields:

Fast solution in (| o ¢.
= -” Typical kernel algorithms are
() or higher!

2018.08.21 J. Matas @ VSSS 69150



Kernelized Correlation Filters




Kernelized Correlation Filters et
KCF Tracker
Training and detection (Matlab)
function alphaf= train (X, y, sigma, lambda)
A very few k = kernel _correlation (x, X, sigma);
hyperparameters alphaf = (y) ./ ( (k) + lambda);
end
- : function y= detect (alphaf, x, z, sigma)
A code fits on One_ slide k = kernel_correlation (z, x, sigma);
of the presentation! y = ( (alphaf .* (K));
end
function k= kernel _correlation (x1, x2, sigma)
A Use HoGfeatures o (sun{ooni (Ft2 GeL)) .+ ). 3):
(32 channels) d = X1()"*X1() + X2())"*x2(2) - 2%
k = (-1/sigman2* (d)/ (d));
end

A Open-Source

(Matlab/Python/Java/C )

2018.08.21 J. Matas @ VSSS

Sum over channel dimension
in kernel computation
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2

Kernel Correlation Filter - Summary CAm P

Basic versions

A Henriqueset al.  CSK, raw grayscale pixel values as features
A Henriqueset al. d KCF, HoG multi-channel features

ldeas.
A structural loss (1- gaussiah instead of {0,1}
A linear classifier, with the kernel trick or explicit lifting

Pros:

A training on large set of circularly shifted training samples
extremely efficient

A detection extremely efficient

2018.08.21 J. Matas @ VSSS 72/150
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State-of-the-Art Correlation Filters

Without CNF Features

A Danelljanet al.: SRDCF

I spatial regularization in the learning process
more discriminative to background (more training data)

A Lukezicet al.: CSRDCF

CNN-based Correlation Trackers

A Ma et al.

I features : VGGNet pretrainedon ImageNet dataset extracted from third,
fourth and fifth convolution layer

I for each feature learn a linear correlation filter

A Danelljanet al. { Deep SRDCF, CCOT, ECO (best performance in VOT
2016)

2018.08.21 J. Matas @ VSSS 73150



Discriminative Correlation Filter with
Channel and SpatiaReliabllity

Lukezicet al., CVPR 2017

2018.08.21 J. Matas @ VSSS 74/150



slide credit: Tomas Vaijr,
CS RD C F Alan Lukezic Matej Kristan | ¢

Spatial Regularization

A GrabCutbased segmentation on “
estimated location (or initial position) ¥
" piselwise object mask

A Correlation filter is trained using the
object mask, i.e. pixels that does not
belong to the target are disabled

A Advantages:

A Reduces influence of bounding box object representation for object tha
undergoes e.g. rotation, deformation or aspect ratio change

A Allows for large search regio
(i.e. large movement), since
the filter training is
focused by the object mask 'a"'a

2018.08.21 J. Matas @ VSSS



CSRDCF :'

A Produces approximate segmentation map

A Simple features:
I HoG features (18 contrast sensitive orientation channels)
| binarizedgrayscale channel (1 channel)
I color names (~mapping of RGB to 10 channels)

A SingleCPU singlethread, matlab implementation @20 fps

2018.08.21 J. Matas @ VSSS 76/150



Discriminative Correlation Filters - Summary

A state-of-the-art performance on standard benchmark
Amore efficient than competing DNN approaches

A optimization:
I efficient for translation
I response not only at the location of the maximum

Aissues with elongated objects
Atransformations beyond translation handled agoc

Aoutputs a global transformation:
I providing only an approximate flow field
I segmentation not part of the standard formulation

Ano (very indirect use) of prior knowledge
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PP

EBT d EdgeboxTracker:
Tracking Using Region Proposals

Picture credits: Zhu, Porikli, Li: Tracking Randomly Moving Objects on
Edge Box Proposal2015.
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&
N

O Location of object at timet+1 is selected from candidates proposed by a
generic object proposal algorithm, e.g. Edge Box, BING, Fast RCNN, YOL

time t time t+1
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Region Proposal Based Tracking

0 Tracking-by-general-
detection

0 EdgeBoxcandidates re
ranked according to
similarity with target

|

Tl

o HMH@@ E

Classifier update based
on +/ @ examples
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slide credit: Tomas Vaijr, (/a
VOT Benchmark Alan Lukezic, Matej Kristan | (%,
AVOT2015 (left) and VOT2016 (right)
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KLT: Region Trackingd an EBT problem? W

I Problem: tracking [ key pointsu (S
random image patches, as long as possible

Alnput: detected/chosen patches slide credit
AOutput: tracklets of various lifespans Patrick Perez

d=argmin Y (10D (p4d) — 1P (p)|?
d
PER(X)

"4

Sy

SSD
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Region Proposal Based Tracking, Properties

Pros:
O given an object detector, simple to implement

0 use of prior knowledge of the tracked objects captured in the
detector

0 EBT-like trackers benefit from improvements of generic detectors
(vari able aspect bboxes, 3)

0 possibility of classspecific motion and appearance change models
Cons:

O addition code needed Iif the target is not an object, or no bounding
box on it is generated

0 speed defined by the detector; &
currently slow

O correspondence only at
the bounding box level but

think of Mask RCNN
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Tracking as segmentation

2018.08.21 J. Matas @ VSSS


http://vision.ucsd.edu/~kbranson/research/cvpr2005.html
http://www2.imm.dtu.dk/~aam/tracking/
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o

OSVOS: OneShot Video Object
Segmentation

S CaelleskK.K. Maninis J. Pont-Tuset L. LealTaixé, D.Cremers
and L. Van Gool
One-Shot Video Object Segmentation, ComputerVision and

Pattern Recognition(CVPR), 2017.
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OSVOS 1 One-Shot Video Object Segmentation

From segmentation To segmentation in any

in the first frame of the other frames
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Architecture

A Works on individual frames (in any order!),
no temporalinformation used

A VGG based

A Skip paths from last layer before pooling
1. Upscaledd 3deconvolutionf) to full
2. Linearly combined
3. Sigmoid
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Training ‘®

Base Network
Pre-trained on ImageNet

Parent Network

Test Network
Trained on DAVIS training set

Fine-tuned on frame 1of test sequence
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Results on frameN

1. Offline pretraining on ImageNetd conv layers initialization

2. Offline training on DAVIS video object segmentatiod learn
to segment videoobjects

3. Online finetuning on first framed specialize to particular
object

4. Balanced sigmoid crosentropyloss
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The Davis DatasestExample
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http://davischallenge.org/
http://davischallenge.org/
http://davischallenge.org/

Performance - Pros

A Best on DAVIS benchmark
A Able to segment objects through occlusions

A Not limited to predefined rang®f motion
A Errors are not temporally propagated
A Fast at test-time (not including the fine-tuning)
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Performance - Cons ®

ASingle frame “ no temporal infor

A Slow because of thdine-tuning
AOnly trained on the first fr ame

A Parent networkrequires training onappropriatesequences (similar
statistics as test sequences)
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Issues (1) ®

Frame Frame
#H75

ANot empor al information “ no way
appearance

2018.08.21 J. Matas @ VSSS 93150



Issues (2) o

Frame Frame
#7173

A Parent network trained mostly on people, animals and vehicles

A Finetuning on frame without a clearly visiblec a r
not trained to ignore cars
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CNN as a binary classifier for tracking ®

A Multidomain learning of CNN features
A Net + binary classifier

Shared
Layers

Learning Multi-Domain Convolutional

Neural Networks for Visual Tracking

N 3 |
convl conv2
6 256@1

conv3 fcd fc5 | guum 1
107 P6@51x51 256@11x11 512@3x3 512 512 Pretralned

input
3@107x

Hyeonseob Nam and Bohyung Han

A Conservative updates
A Hard negative mining

Nam and Han, Learning MultiDomain Convolutional Neural Networks for
Visual Tracking, CVPR2016
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Learning CNN features for correlation§iamFQ

&
N

A Learn features tomaximize discriminative poweof cross correlation

A Tracks with almostno updating of the visual model
A Everything on GPU( super fast(~60Hz)

6x6x256

. G 17x17x1

22x22x256
.I L[]

G;‘, >
=

Bertinettoet al., F

255¢255¢ 3

2018.08.21J. Matas @ VSSS Slide creditJackvalmadre

nvolutional Siamese
Networks for Object Tracking, ECCV VOT201¢
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Evaluation of Tracking Performance
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Tracking: Which methods work?

Method -of Roés» " Meon Shlft |

)18.08.21 J. Matas @ VSSS



Wh at wor ks? -or de o Thdd a
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The Visual Object Tracking (VOT) Challenge

VOT2013 ranks, A, R 16, manual select. |:| manual per frame 27
VOT2014 ranks, A, R, EFO 25, manual select. Omanual per frame 38
VOT2015 EAOQ, A, R, EFO 60, fully auto O manual per frame 62 VOT, 24 VOT-TIR
VOT2016 EAQ, A, R, EFO 60, fully auto auto per frame 70 VOT, 24 VOT-TIR
VOT2017 EAO, A, R 60, fully auto auto  per frame 51 VOT / VOT-realtime,
EAO, .oitime + 60 sequestered 10 VOT-TIR
VOT2018 EAQ, A, \BA\E\&\Q%M% 60+ 60 seques. Auto/manual Per frame, sequence- In progress
Pr/Re/F + 35 LT dataset ] wise

0 Gradual increase of dataset size and guality
0 Gradual refinement of dataset construction

0 Gradual refinement of performance measures
0 Gradual increase of tested trackers quality
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The VOT community evolution

VOT2013

5,000

VOT2014 VOT2015

VOT2016 VOT2017

submission deadlinesubmission deadline submission deadline submission deadline  submission deadline

[2)
=
G |
>
(]
3 2,500
E L " r, A
July 2013 January 2014 Juby 2014 January 2015 July 2015 January 2016 July 2016 January 2017 July 2017
ICCV2013

ECCV2014

ICCV2015

ECCV2016 ICCV2017

51 coauthors, 14 pages 57 coauthors, 27 pages 128 coauthors, 24 pages 141 coauthors, 44 pages 104 coauthors, 24 pages

27 trackers

38 trackers

2018.08.21 J. Matas @ VSSS

62 trackers

70 trackers 51 trackers
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