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ᶗAlthough tracking itself is by and large 
a  solved problem...ᶗ, 

 

    -- Jianbo Shi & Carlo Tomasi           
  CVPR1994 -- 

 

  

 
 
 



Application domains of Visual Tracking  

Åmonitoring, assistance, surveillance, 
control, defense 

Årobotics, autonomous car driving,  
rescue 

Åmeasurements: medicine, sport, biology, 
meteorology 

Åhuman computer interaction 

Åaugmented reality 

Åfilm production and postproduction: 
 motion capture, editing 

Åmanagement of video content: 
 indexing, search  

Åaction and activity recognition 

Åimage stabilization 

Åemotion analysis 

Åcamera ᶘtrackingᶙ 
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Tracking: Definition  

Surprisingly little is said about tracking in standard textbooks.  
Limited to optic flow, plus some basic trackers, e.g. Lucas-Kanade. 
 
 
[Forsyth and Ponce, Computer Vision: A modern approach, 2003] 
ᶘTracking is the problem of generating an inference about the    
motion of an object given a sequence of images.  
Good solutions of this problem have a variety of applicationsᶞᶘ  
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Tracking: Definition (2 ) 

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

where X may mean: 

Åa region, typically rectangular 

Åan ᶘinterest pointᶙ and its neighbourhood 

Åan ᶘobjectᶙ 

This definition is adopted e.g. in a recent book by 
Maggio and Cavallaro, Video Tracking,  2011 
  
 
 
Smeulders T-PAMI13: 
Tracking is the analysis of video sequences for the 
purpose of establishing the location of the target over 
a sequence of frames (time) starting from the 
bounding box given in the first frame. 
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As a Correspondence search: 

Establish point-to-point 
correspondences for all  pixels of 
a target region or an object 
in all frames of an image sequence 

 

 

 

 

 

 

 

 

 

 

 

Tracking 

As Segmentation : 

Mark all pixels belonging to 
a target region or  an object  
in every frame of a sequence. 
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a target region :  

in 2D,  6 DOF, ᶟ 

 

 

 

 

 

 

 

 

 

 

 

 

 

Tracking 

an object:  

= object instance segmentation in the video 
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Short term  

. 

 

 

Long term   

 

 

 

 

 

 

 

 

 

 

 

 

Tracking  

  

 

 

 

 

 

 

 

ǒtarget disappears from the field of view, gets fully occluded, etc. 

ǒregardless of how well the visual model is designed, any 
 short-term tracker will eventually fail 

ǒrequired long-term tracker properties: 

ïdetermine when the target has been lost (or disappeared), which implies: 
learn object model 

ïre-detect the target after losing the target 

 Slide credit: Matej Kristan 8/150 



Tracking-Learning-Detection (TLD) 
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Short -term vs Long -term Spectrum 1 

 

 

 

 

 

ǒST0 - KCF, MeanShift 

ǒST1 - MDNet, ECO ­ easily converted to LT0 

ǒLT1 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 

Position reported Determines target lost? Target re-detection 
ST0: Basic ST each frame no no 

ST1: Basic ST with 
conservative updating 

each frame 
 

not explicitly, selective 
update of visual model 

no 
 

LT0: Pseudo LT only when visible yes no 
LT1: Re-detecting LT only when visible yes yes 

1Lukeũič, Čehovin, Vojir, Matas, Kristan,  
Now you see me: evaluating performance in long-term visual tracking, arXiv2018 
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The ᶘstandardᶙ CV tracking output: B-Box 
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ÅApproximate motion estimation, approximate segmentation. 
ÅNeither good optic flow nor precise segmentation required. 
ÅShort term: b-box reported for every frame 



B-Boxes tracking with poor correspondence 
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Rotated B-Boxes ð Interpretation?  
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Applications of Visual Tracking 

Åsurveillance 

Årobotics, 
autonomous car driving 
 

Åmeasurements: medicine, sport, 
biology, meteorology 

Åhuman computer interaction 

Åaugmented reality 
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Åfilm production and postproduction: motion 
capture, editing 

Åmanagement of video content: 
 indexing, search  

Åaction and activity recognition 

Åimage stabilization 

Åcamera ᶘtrackingᶙ 

 

 

Correspondence, Segmentation or Both ? 
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Applications of Visual Tracking 

Åsurveillance 

Årobotics, 
autonomous car driving 
 

Åmeasurements: medicine, sport, 
biology, meteorology 

Åhuman computer interaction 

Åaugmented reality 
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Åfilm production and postproduction:  
motion capture, editing 

Åmanagement of video content: 
 indexing, search  

Åaction and activity recognition 

Åimage stabilization 

Åcamera ᶘtrackingᶙ 

 

 

Correspondence, Segmentation or Both ? 

 15/150 



Applications, applications, applicationsΣ Χ  
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Sport Analysis 

 

 

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

http://www.dartfish.com/en/media -gallery/videos/index.htm  

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

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


Tracking Applications é. 

ïTeam sports: game analysis, player statistics, video annotation, é 
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Tracking for òSafe Dubbingó (Technicolor) 

Technicolor, òsecure dubbingó project 

video credit: 

Patrick Perez 
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A ᶘmiracleᶙ: Tracking a Transparent Object 

video credit: 

Helmut       
Grabner 

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

H. Grabner, J. Matas, L. Gool, P. Cattin,Tracking  the invisible: learning where the object might be, CVPR 2010.  
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Tracking ð Formulation, Models 

time 

sp
a

c
e 

Flow Segmentation 
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Tracking as Correspondence Search  

Given                 Sequence       (I t(x)) t=1                         

Target               F1 

Return               Displacement ut,tᶔ(x) 

 

Optic flow: Ft = I t(x), u t,t+1(x), u ᶞ  arbitrary, regularized 

Tracking:   Ft  It(x), u t,t+1(x), u ᶞ.  constrained, e.g.  u = Ax + b  

 

Note: considering only 
 ut,t+1 (x) cannot solve 

the general correspondence 

problem due to occlusions. 
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The KLT tracker 
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KLT tracking 

ïProblem: tracking òkey pointsó (SIFT, SURF, STAR, RIFF, FAST), or 

random image patches, as long as possible 

ÅInput: detected/chosen patches, a regin 

ÅOutput: tracklets  of various life -spans  
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KLT 

ïProblem: tracking òkey pointsó (SIFT, SURF, STAR, RIFF, FAST), or 

random image patches, as long as possible 

ÅInput: detected/chosen patches  

ÅOutput: tracklets  of various life -spans  
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Multi -resolution Lucas-Kanade 

ïFirst assuming small displacement: 1st -order Taylor expansion inside SSD 

 

 

 

 

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

ÅUniform patch: no information  

ÅContour element: aperture problem (one dimensional information)  

ÅCorners, blobs and texture: best estimate   

[Lucas and Kanda 1981][Tomasi and Shi, CVPRô94] 

slide credit:  

Patrick Perez 
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Multi -resolution Lucas-Kanade 

ïArbitrary displacement  

ÅMulti -resolution approach: Gauss-Newton like approximation down image 

pyramid    
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ïTranslation is usually sufficient for small fragments, but:  

ÅPerspective transforms and occlusions cause drift and loss 

ïTwo complementary options  

ÅKill tracklets  when minimum SSD too large 

ÅCompare as well with initial patch under affine transform (warp) assumption 

 

 

 

 

 

 

 

 

 

 

 

 

Monitoring quality  
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Characteristics of KLT 

Åcost function: sum of squared intensity differences  
                  between the template and the image 

Åoptimization technique: gradient descent 

Åmodel learning: no update / last frame / convex combination 

 

Åattractive properties: 

ïfast 

ïeasily extended to image-to-image transformations with 
multiple parameters  
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Optic Flow Estimation  
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Differential Brightness Constancy 

Assumption: illumination changes by motion and nothing else  

Take derivative 

Total derivative rule: 

Brightness constancy equation: 

Image gradient flow vector image derivative in time  

for every point 

Brightness constancy: 
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Aperture Problem 
ÅScalar equation in two unknowns per pixel 

ÅAmbiguity of satisfying solutions: 
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Horn-Schunck        (1981) 
ǒOne scalar equation per pixel: 

ǒAssume smooth flow in the whole image 

ǒMinimize globally                                           - Convex problem 

Data 

Reconstruction 

36/150 



Convex Methods 
ǒConvex Data + Regularizer 

 

 

ǒTotal Variation (TV)  

 

 

ï jumps allowed at the same cost as smooth 

ï fast primal-dual methods 

ǒTotal Generalized Variation 

 

 

ï penalizes first and second order derivatives 

ï auxiliary variables w - gradient field 

Horn-Shunk 

TV 

TGV 
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Convex Methods 
 

Horn-Schunck TV 

38/150 



Summary - Convex Optimization Approaches 

ᶞ Pros 

ᶞ Models flow as continuous variables 

ᶞ Powerful and accurate regularizations 

ᶞ Easy to parallelize 

 

ᶞ Cons 

ᶞ dealing with data non-linearity requires iterative approaches / lifting 

ᶞ relatively slow for tracking 

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

ᶞ local minima are possible with coarse-to-fine warping 

ᶞ occlusions are hard to model within the same optimization 

(typically not modeled) 

ᶞ best parameters depend on the scene 

ᶞ model-specific optimization techniques 
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Discrete Optimization: Discrete Flow 

ǒFully discretize flow search space 

ǒ   

ǒ Local search and relaxation techniques 
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Discrete Optimization 
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ǒEnergy minimization: 

 

 

 

ǒDifficult problem (NP-hard, etc.) 

ǒTwo large groups of methods: 

ïminimum cut (graph cuts); LP relaxation (message passing) 

ǒPractically feasible for flow estimation: 

ïDiscrete Flow (Menze and Geiger. Object scene flow for autonomous 

vehicles), CVPRᶕ15 

ïFull Flow (Chen and Koltun. Full Flow: Optical Flow Estimation By Global 

Optimization over Regular Grids), CVPRᶕ16 

ïDense Matching (Shekhovtsov et al. Solving Dense Image Matching in Real-

Time using Discrete-Continuous Optimization), CVWWᶕ16 

Discrete Optimization 
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Summary: Discrete Optimization Approaches 

ǒPros 

ï no problem with data non-linearities 

ï can model occlusions 

 

ǒCons 

ï harder to parallelize (both: graph cuts and message passing)   

ïmessage passing is memory demanding 

ï harder to handle second order priors 

ï spatial and flow quantization errors 
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Deep Neural Networks 

ǒFlowNet Corr (Dosovitskiy et al., Learning Optical Flow with Convolutional 

Networks, ICCVᶕ15) 

Refinement / Upsampling pipe 

Computes Local Matching Costs 
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FlowNet 2.0 

ǒ Ilg et al., FlowNet 2.0: Evolution of Optical Flow Estimation with Deep 

Networks, ArXivᶕ16 

Accuracy x2 (38M weights) 

FlowNetCorr 

Warping 
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Further processing 

Deep Constancy 

ǒAll reviewed techniques make use of local matching score 

ǒConsider matching score based on learned descriptors (per pixel) 

CNN 

Euclidean Distance 

/ correlation  

Dense Descriptor 

Brightness constancy Deep constancy 
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Optic Flow & Tracking 

OF method are not state -of-the-art in tracking benchmarks  

Problems: 

ǒmissing occlusion ᶑ dis-occlusion modelling,  

for  pixels visible in one image only ᶘdonᶕt knowᶙ is not an answer 

ǒusing correspondences  only in adjacent frames, 

treating OF as a set of two-view correspondence (stereo) problems 

 

ǒnot considering the 3D 

 (e.g. out of plane rotation) 

ǒonline learning the object 

not considered. 

ǒprior knowledge about objects 

(as opposed to flows) not learned 
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Discriminant Correlation Filters  

 
Slide credits : João F. Henriques from Institute of Systems 

and Robotics, University of Coimbra 



Discriminative Tracking (T. by Detection)  

t=0  

samples 

labels +1 +1 +1 Ⱡ1 Ⱡ1 Ⱡ1 

Classifier 

t>0  

ȱ 
Classify subwindows 
to find target 
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Discriminative Tracking  

ÅHow to get training samples for the classifier?  

 

ÅStandard approach: 

ïBound. boxes with high overlap with the GT Ÿ Pos. samples 

ïBound. boxes far from the GT Ÿ Neg. samples 

 

 

 

 

 

 

 

ÅWhat with the samples in the unspecified area?  

 

 

♪ Neg. samples 
♪ Pos. samples 
♪ Unspecified 
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Connection to Correlation  

ÅLetõs have a linear classifier with weights w 

 

 

ÅDuring tracking we want to evaluate  
the classifier at subwindows xi :  

 

 

ÅThen we can concatenate yi into  

a vector y (i.e. response map)  

 

ÅThis is equivalent to cross-correlation formulation which can 

be computed efficiently  in Fourier domain  

=  

=  

ȱ 
=1 
=2 
=3 

=  

ÅNote: Convolution is related; it is the same as cross-correlation, 
but with the flipped image of   (    ⅛    ). P 

P 
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Connection to Correlation  

The Convolution Theorem  

    òCross-correlation is equivalent  to an  

     element -wise product in Fourier domainó 

 

 

 

Åwhere:  

ï =₇() is the Discrete Fourier Transform (DFT) of .  

(likewise for  and ) 

ïÕ is element -wise product  

ï.ⱥ is complex-conjugate (i.e. negate imaginary part).  

 

 

 

 

 

=  = ⱥÕ   

ÅNote that cross-correlation, and the DFT, are cyclic 
(the window wraps at the image edges). 
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Connection to Correlation  

The Convolution Theorem  

    ᶘCross-correlation is equivalent  to an  
     element-wise product in Fourier domainᶙ 

 

 

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

Åᶘlinearᶙ can become non-linear using kernel trick in some specific 
cases (will be discussed later) 

 

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

  

 

=  = ⱥÕ   
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Connection to Correlation  

The Convolution Theorem  

    òCross-correlation is equivalent  to an  

     element -wise product in Fourier domainó 

 

 

 

 

ÅIn practice:  

 

 

ÅCan be orders of magnitude faster :  

ïFor Õ  images, cross-correlation is ( ).  

ïFast Fourier Transform (and its inverse) are ( log).  

 

 

=  = ⱥÕ   

   ₇ 

  ₇  

   ₇ 

 Õ  

ⱥ 

 

 

   .ⱥ  
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Connection to Correlation  

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

 

Objective  

 

 

 

 

 

ÅIntuition of requirements of cross-correlation of classifier(filter) w  
and a training image x 

ïA high peak  near the true location of the target 

ïLow values elsewhere (to minimize false positive) 

 

  = 

High values 

Low values 

Unspecified 
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Brief History of Correlation Filters  

Minimum Average Correlation Energy  (MACE) filters, 1980ᶕs 

ÅBring average correlation output towards 0: 
 
                 min  

    
except for target location, keep the peak value fixed: 
 
   subject to:  =1  

ÅThis produces a sharp peak at target location  
with closed form solution: 

 

 

 

ÅSharp peak = good localization ! Are we done? 

 

 

 

 

 

= ⱥÕ
 

Å ⱥÕ  is called the spectrum and is real-valued. 
Å division and product (Õ) are element-wise. 
 

2018.08.21 J. Matas @ VSSS  59/150 



Brief History of Correlation Filters  

The MACE filter suffers from 2 main issues: 

1. Hard constraints easily lead to overfitting. 

ï UMACE  (ᶘUnconstrained MACEᶙ) addresses this by removing the hard 
constraints and require to produce a high average correlation response on 
positive samples. However, it still suffer from the 2nd problem. 

2. Enforcing a sharp peak is too strong condition; lead to overfitting 

ïGaussian-MACE / MSE -MACE  ᶑ peak to follow a 2D Gaussian shape 

 

 

 

 

 

ïIn the original method (1990ᶕs), the minimization was still subject to the 
MACE hard constraint.  
(It later turned out to be unnecessary!)  
 
 

subject to:  =1 

min Ⱡ ,        = 1.0 

0.0 
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Brief History of Correlation Filters  

Sharp vs. Gaussian peaks 

= Training image: 
1.0 

0.0 

Naïve filter 
( = ) 

Classifier 
( ) 

Output 
( ⱥ ) 

ÅVery broad peak is hard to localize 
(especially with clutter). 
 

ÅState-of-the-art classifiers  
(e.g. SVM) show same behavior! 

2018.08.21 J. Matas @ VSSS  61/150 



Brief History of Correlation Filters  

Sharp vs. Gaussian peaks 

= Training image: 
1.0 

0.0 

Naïve filter 
( = ) 

Classifier 
( ) 

Output 
( ⱥ ) 

Sharp peak 
(UMACE) 

ÅA very sharp peak is obtained by 
emphasizing small image details 
(like the fishᶕs scales here). 
Ågeneralizes poorly; fine scale 

details that are usually not robust 
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Brief History of Correlation Filters  

Sharp vs. Gaussian peaks 

= Training image: 
1.0 

0.0 

Naïve filter 
( = ) 

Classifier 
( ) 

Output 
( ⱥ ) 

Sharp peak 
(UMACE) 

Gaussian peak 
(GMACE) 

ÅA good compromise. 
ÅTiny details are  

ignored. 
Åfocuses on larger,  

more robust  
structures . 
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Breakthrough by MOSSE tracker  

Min. Output Sum of Sq. Errors (MOSSE) 

ÅPresented by David Bolme and colleagues at CVPR 2010 

 

ÅTracker run at speed over a  

600 frames per second  

 

Åvery simple  to implement  

ïno complex features only raw pixel values  

ïonly FFT and element-wise operation  

 

Åperformance similar to the most sophisticated tracker (at that 

time)  
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Breakthrough by MOSSE tracker 

How does it work?  

 

ÅUse only the òGaussian peakó objective (no hard constraints) 

 

 

 

 

ÅFound the following solution using the Convolution Theorem:  

 

 

 

 

( =10  is artificially added to prevent divisions by 0)  

ÅNo expensive matrix operations! Ý only FFT and element-wise 

op. 

 

 

 

1.0 

0.0 

min Ⱡ ,        = 

=
ⱥÕ

ⱥÕ +
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Breakthrough by MOSSE tracker 

Implementation aspects  

ÅCosine (or sine) window preprocessing 

 

 

 

 

ïimage edges smooth to zero  

Ý the filter sees an image as a òcyclicó (important for the FFT) 

ïgives more importance to the target center.  

ÅSimple update 

 

Õ ╢ 

=
ⱥÕ

ⱥÕ +
 

= 1Ⱡ +  

Train a MOSSE filter  
using the new image . 

Update previous solution  with 
 by linear interpolation. 
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Why MOSSE works? 

Ridge Regression Formulation  

      = Least-Squares with regularization (avoids overfitting!)  

ÅConsider simple Ridge Regression (RR) problem: 

 

 

has closed-form solution:  = +  

We can replace X= () (circulant data), and =   (Gaussian 

targets). Diagonalizing  the involved circulant  matrices with the DFT 

yields:  

 

 

 

 

min Ⱡ +  

=
ⱥÕ

ⱥÕ +
 ╢ 

ÅExactly the MOSSE solution! 
 

Ågood learning algorithm  (RR) with 
lots of data  (circulant/shifted 
samples). 
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MOSSE tracker  

Implementation aspects  

ÅScale adaptation 

 

 

 

 

 

 

 

 

 

ïExtract patches with different scales and normalize them  
to the same size 

ïRun classification; use bounding box with the highest response 

Õ1.1 

Õ1.0 

Õ0.9 

Input image Detection output Scale 
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Kernelized Correlation Filters  

ÅCirculant  matrices are a very general tool which allows to replace 

standard operations with fast Fourier operations.  

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

with K kernel matrix Kij  = k(x i, x j) and dual space representation  

 

ÅFor many kernels, circulant  data Ý circulant  K matrix  

 

 

 

ÅDiagonalizing with the DFT for learning the classifier yields:  

     

 

= +  

= ( ), where  is kernel auto-correlaton and  
the first row of  (small, and easy to compute) 

=
+

 
Fast solution in log. 
Typical kernel algorithms are 

 or higher! 
╢ 
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Kernelized Correlation Filters  



Kernelized Correlation Filters  

KCF Tracker 

 

Åvery few  

hyperparameters 

 

Åcode fits on one slide  

of the presentation!  

 

ÅUse HoG features  

(32 channels) 

 

 

ÅOpen-Source 

(Matlab/Python/Java/C ) 

 

function  alphaf = train (x, y, sigma, lambda)  
  k = kernel_correlation (x, x, sigma);  
  alphaf = fft2 (y) ./ ( fft2 (k) + lambda);  
end 
 
function  y = detect (alphaf, x, z, sigma)  
  k = kernel_correlation (z, x, sigma);  
  y = real ( ifft2 (alphaf .* fft2 (k)));  
end 
 
function  k = kernel_correlation (x1, x2, sigma)  
  c = ifft2 ( sum( conj ( fft2 (x1)) .* fft2 (x2), 3));  
  d = x1(:)'*x1(:) + x2(:)'*x2(:) -  2 * c;  
  k = exp( - 1 / sigma^2 * abs(d) / numel(d));  
end 

Training and detection (Matlab)  

Sum over channel dimension 
 in kernel computation 
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   Kernel Correlation Filter - Summary 

Basic versions 

ÅHenriques et al. ᶑ CSK, raw grayscale pixel values as features 

ÅHenriques et al. ᶑ KCF, HoG multi-channel features  

 

Ideas: 

Åstructural loss (1 - gaussian)   instead of {0,1}      

Ålinear classifier, with the kernel trick or explicit lifting  

 

Pros: 

Åtraining on large set of circularly shifted training samples 
extremely efficient 

Ådetection extremely efficient 
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State-of-the-Art Correlation Filters  

Without CNF Features  

ÅDanelljan et al.: SRDCF 

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

ÅLukezic et al.: CSR-DCF 

 

CNN-based  Correlation Trackers  

ÅMa et al. 

ïfeatures : VGG-Net pretrained on ImageNet dataset extracted from third, 
fourth and fifth convolution layer 

ïfor each feature learn a linear correlation filter 

ÅDanelljan et al. ᶑ Deep SRDCF, CCOT, ECO (best performance in VOT 
2016) 
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Discriminative Correlation Filter with 
Channel and Spatial Reliability 

 
Lukezic et al., CVPR 2017 
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CSR-DCF 

Spatial Regularization   

ÅGrabCut based segmentation on  
estimated location (or initial position) 
 ᷁ pisel-wise object mask 

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

ÅAdvantages: 

ÅReduces influence of bounding box object representation for object that 
undergoes e.g. rotation, deformation or aspect ratio change 

 

ÅAllows for large search region  
(i.e. large movement), since  
the filter training is  
focused by the object mask 

 

 

slide credit: Tomas Vojir, 
Alan Lukezic, Matej Kristan 
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CSR-DCF 
Discriminative Correlation Filter with Channel and Spatial Reliability  

 

ÅProduces approximate segmentation map 

ÅSimple features: 

ïHoG features (18 contrast sensitive orientation channels)  

ïbinarized grayscale channel (1 channel) 

ïcolor names (~mapping of RGB to 10 channels) 

 

ÅSingle-CPU single-thread, matlab implementation @20 fps 
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Discriminative Correlation Filters - Summary 

Åstate-of-the-art performance on standard benchmark 

Åmore efficient than competing DNN approaches 

 

Åoptimization:  

ïefficient for translation 

ïresponse not only at the location of the maximum  

 

Åissues with  elongated  objects 

Åtransformations beyond translation handled  ad-hoc 

Åoutputs a global transformation:  

ïproviding only an approximate flow field 

ïsegmentation not part of the standard formulation 

Åno (very indirect use) of prior knowledge 
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pp 

 

 

EBT ᶑ Edgebox Tracker: 

Tracking Using Region Proposals  

 

 

 
Picture credits: Zhu, Porikli, Li: Tracking Randomly Moving Objects on 
Edge Box Proposals, 2015. 
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ǒLocation of object at time t+1 is selected from candidates proposed by a 
generic object proposal algorithm, e.g.  Edge Box, BING, Fast RCNN, YOLO 

time t+1  time t 
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Region Proposal Based Tracking  

ǒTracking-by-general-

detection 

ǒEdgeBox candidates re-
ranked according to 
similarity with target 

Proposals, heatmap Classifier, heatmap Heatmap after update 

Classifier update based 
on + / ɞ examples 
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ÅVOT2015 (left) and VOT2016 (right) 

 

 

 

 

 

 

 

 

 

 

 

VOT Benchmark 
slide credit: Tomas Vojir, 
Alan Lukezic, Matej Kristan 
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KLT: Region Tracking ᶑ an EBT problem?  

ïProblem: tracking ᶘkey pointsᶙ (SIFT, SURF, STAR, RIFF, FAST), or 
random image patches, as long as possible 

ÅInput: detected/chosen patches 

ÅOutput: tracklets of various life-spans  

 

 

 

 

 

 

 

 

 

 

 

 

slide credit:  

Patrick Perez 
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Region Proposal Based Tracking, Properties  

Pros: 

ǒgiven an object detector, simple to implement 

ǒuse of prior knowledge of the tracked objects captured in the 
detector 

ǒEBT-like trackers benefit from improvements of generic detectors 
(variable aspect bboxes, ᶟ) 

ǒpossibility of class-specific motion and appearance change models  

Cons: 

ǒaddition code needed if the  target is not an object, or no bounding 
box on it is generated 

ǒspeed defined by the detector; 
currently slow 

ǒcorrespondence only at  
the bounding box level ᶑ but  
think of Mask RCNN 
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Tracking as segmentation 

http://vision.ucsd.edu/~kbranson/research/cvpr2005.html 

http://www2.imm.dtu.dk/~aam/tracking/ 
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OSVOS: One-Shot Video Object 
Segmentation 

 
S. Caelles, K.K. Maninis, J. Pont-Tuset, L. Leal-Taixé, D.Cremers, 

and L. Van Gool  
One-Shot Video Object  Segmentation , Computer Vision and 

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

From segmentation 
in the first frame 

To segmentation in any 
of the other frames 
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Architecture  

ÅWorks on individual frames (in any order!),  
no temporal information used 

ÅVGG based 

ÅSkip paths from last layer before pooling 

1.  Upscaled (ᶚdeconvolutionᶘ) to full resolution 

2.  Linearly combined 

3.  Sigmoid 
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1. Offline pre-training on ImageNet ᶑ conv layers initialization 
2. Offline training on DAVIS video object segmentation ᶑ learn 

to segment video objects 
3. Online finetuning on first frame ᶑ specialize to particular 

object 
4. Balanced sigmoid cross-entropy loss  

Training 
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The Davis Datasest Examples 
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Performance - Pros 

ÅBest on DAVIS benchmark 

ÅAble to segment objects through occlusions 

ÅNot limited to predefined range of motion 

ÅErrors are not temporally propagated 

ÅFast at test-time (not including the fine-tuning) 
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Performance - Cons 

ÅSingle frame ᷁ no temporal information 

ÅSlow because of the fine-tuning 

ÅOnly trained on the first frame ᷁ no adaptation 

ÅParent network requires training on appropriate sequences (similar 
statistics as test sequences) 
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Frame 
#75  

Frame 
#1  

Issues (1) 

 

ÅNo temporal information ᷁ no way to distinguish objects with identical 
appearance 
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Frame 
#73  

Frame 
#1  

Issues (2) 

ÅParent network trained mostly on people, animals and vehicles 

ÅFine-tuning on frame without a clearly visible car ᷁  
not trained to ignore cars 
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CNN as a binary classifier for tracking 

ÅMultidomain learning of CNN features 

ÅNet + binary classifier 

Å Conservative updates 
Å Hard negative mining 

Nam and Han, Learning Multi-Domain Convolutional Neural Networks for 
Visual Tracking, CVPR2016 

Pretrained 

Updated 
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Learning CNN features for correlation (SiamFC) 

ÅLearn features to maximize discriminative power of cross correlation 

ÅTracks with almost no updating of the visual model 

ÅEverything on GPU ᶑ super fast (~60Hz) 

127×127×3 

255×255×3 

 

+Ύ 

6×6×256 

22×22×256 

CNN 

CNN 

loss() 

ideal 

17x17x1 

result 

Bertinetto et al., Fully-Convolutional Siamese 
Networks for Object Tracking, ECCV VOT2016 
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Evaluation of Tracking Performance 
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Tracking: Which methods work? 
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What works?     òThe zero-order trackeró J 
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The Visual Object Tracking (VOT) Challenge  

 

 

 

 

 

 

 

ǒGradual increase of dataset size and quality 

ǒGradual refinement of dataset construction 

ǒGradual refinement of performance measures 

ǒGradual increase of tested trackers quality 
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The VOT community evolution 

 

 

 

 

U
n
iq

u
e

 v
is

its
 

141 coauthors, 44 pages 
70 trackers 

ECCV2016 

VOT2016 
submission deadline 

57 coauthors, 27 pages 
38 trackers 

ECCV2014 

VOT2014 
submission deadline 

128 coauthors, 24 pages 
62 trackers 

ICCV2015 

VOT2015 
submission deadline 

51 coauthors, 14 pages 
27 trackers 

ICCV2013 

VOT2013 
submission deadline 

104 coauthors, 24 pages 
51 trackers 

ICCV2017 

VOT2017 
submission deadline 
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