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Abstract

This paper presents an adaptive discriminative genenaibcel that gen-
eralizes the conventional Fisher Linear Discriminant athm and ren-
ders a proper probabilistic interpretation. Within the teom of object
tracking, we aim to find a discriminative generative modat thest sep-
arates the target from the background. We present a cornmqmaby
efficient algorithm to constantly update this discrimimatnodel as time
progresses. While most tracking algorithms operate on tmise that
the object appearance or ambient lighting condition doésigaificantly
change as time progresses, our method adapts a discriveimgghera-
tive model to reflect appearance variation of the target et dround,
thereby facilitating the tracking task in ever-changingimmments. Nu-
merous experiments show that our method is able to learrcardisa-
tive generative model for tracking target objects undergdarge pose
and lighting changes.

1 Introduction

Tracking moving objects is an important and essential corepbof visual perception,
and has been an active research topic in computer vision coityrfor decades. Object
tracking can be formulated as a continuous state estimptimimiem where the unobserv-
able states encode the locations or motion parameters tdirtipet objects, and the task is
to infer the unobservable states from the observed imagesstione. At each time step,
a tracker first predicts a few possible locations (i.e., ligpses) of the target in the next
frame based on its prior and current knowledge. The prionkedge includes its previous
observations and estimated state transitions. Among thessble locations, the tracker
then determines the most likely location of the target dbpssed on the new observa-
tion. An attractive and effective prediction mechanismasdd on Monte Carlo sampling
in which the state dynamics (i.e., transition) can be ledimigh a Kalman filter or simply
modeled as a Gaussian distribution. Such a formulatiorcaids that the performance of
a tracker is largely based on a good observation model fadataig all hypotheses. In-
deed, learning a robust observation model has been the ddousst recent object tracking
research within this framework, and is also the focus ofhiser.

Most of the existing approaches utilize static observatioaels and construct them before
a tracking task starts. To account for all possible vanatioa static observation model,
it is imperative to collect a large set of training examplathvwhe hope that it covers all
possible variations of the object’'s appearance. Howewisrwell known that the appear-
ance of an object varies significantly under different illnation, viewing angle, and shape
deformation. Itis a daunting, if notimpossible, task tdect a training set that enumerates
all possible cases. An alternative approach is to develagaptive method that contains
a number of trackers that track different features or pdrestarget object [3]. Therefore,



even though each tracker may fail under certain circumstritis unlikely all of them fail
at the same time. The tracking method then adaptively seleettrackers that are robust at
current situation to predict object locations. Althougis ipproach improves the flexibility
and robustness of a tracking method, each tracker has aabatrvation model which has
to be trained beforehand and consequently restricts itécapipn domains severely. There
are numerous cases, e.g., robotics applications, whetgsattieer is expected to track a pre-
viously unseen target once it is detected. To the best of nowledge, considerably less
attention is paid to developing adaptive observation motbehccount for appearance vari-
ation of a target object (e.g., pose, deformation) or emvirental changes (e.g., lighting
conditions and viewing angles) as tracking task progresses

Our approach is to learn a model for determining the proligioif a predicted image loca-

tion being generated from the class of the target or the backgl. That is, we formulate

a binary classification problem and develop a discrimimathodel to distinguish obser-
vations from the target class and the background class.e/&hitventional discriminative

classifiers simply predict the class of each test sample,oa gwodel within the above-

mentioned tracking framework needs to select the mostiik@inple that belongs to target
object class from a set of samples (or hypotheses). In otbhedsyan observation model
needs a classifier with proper probabilistic interpretatio

In this paper, we present an adaptive discriminative génenaodel and apply it to object
tracking. The proposed model aims to best separate thet @mgehe background in the
ever-changing environment. The problem is formulated asreitly estimation problem,
where the goal is, given a set of positive (i.e., belongintp&target object class) and neg-
ative examples (i.e., belonging to the background clagdgarn a distribution that assigns
high probability to the positive examples and low probaptth the negative examples. This
is done in a two-stage process. First, in the generative steguse a probabilistic principal
component analysis to model the density of the positive gtasn The result of this state is
a Gaussian, which assigns high probability to exampleglyirthe linear subspace which
captures the most variance of the positive examples. Seaomige discriminative stage,
we use negative examples (specifically, negative examipd¢ste assigned high probabil-
ity by our generative model) to produce a new distributionalthreduces the probability
of the negative examples. This is done by learning a lineajeption that, when applied
to the data and the generative model, increases the didtehween the negative examples
and the mean. Toward that end, it is formulated as an opttioiz@roblem and we show
that this is a direct generalization of the conventionah&id_inear Discriminant algorithm
with proper probabilistic interpretation. Our experimamnesults show that our algorithm
can reliably track moving objects whose appearance changis different poses, illumi-
nation, and self deformation.

2 Probabilistic Tracking Algorithm

We formulate the object tracking problem as a state estimatroblem in a way similar
to [5] [9]. Denoteo; as an image region observed at timendO; = {o1,...,0:} is a set
of image regions observed from the beginning to timén object tracking problem is a
process to infer state, from observatiorO,, where states, contains a set of parameters
referring to the tracked object’s 2-D position, orientatiand scale in image. Assuming

a Markovian state transition, this inference problem isfolated with a recursive equation:

p(st]Or) = kp(0t|5t)/p(5t|5t71)p(5t71|Ot71)d5t71 1)

wherek is a constant, ang(o;|s;) andp(s;|s:—1) correspond to the observation model and
dynamic model, respectively.

In (1), p(s:—1]|0:—1) is the state estimation given all the prior observationupret — 1,
andp(o¢|s:) is the likelihood that observing image at states;. Put together, the posterior
estimationp(s;|O;) can be computed efficiently. For object tracking, an idestritiution



of p(s:|O;) should peak ab,, i.e., s; matching the observed object’s location While

the integral in (1) predicts the regions where object islijike appear given all the prior
observations, the observation mogéd,|s;) determines the most likely state that matches
the observation at time

In our formulation,p(o;|s;) measures the probability of observingas a sample being
generated by the target object class. Note thais an image sequence and if the images
are acquired at high frame rate, it is expected that therdiffee betweew, and o,

is small though object’s appearance might vary accordingdjfferent of viewing angles,
illuminations, and possible self-deformation. Insteaddbpting a complex static model
to learnp(o:|s;) for all possibleo;, a simpler model suffices by adapting this model to
account for the appearance changes. In addition, sinaado;_; are most likely similar
and computing(o;|s;) depends omp(o;—_1|s:—1), the prior informatiorp(o;—1|s:—1) can

be used to enhance the distinctiveness between the obpisdrackground ip(o|st).

The idea of using an adaptive observation model for objexking and then applying
discriminative analysis to better predict object locat®tie focus of the rest the paper. The
observation model we use is based on probabilistic prin@pmponent analysis (PPCA)
[10]. Object Tracking using PCA models have been well exptbin the computer vision
community [2]. Nevertheless, most existing tracking methdo not update the observation
models as time progresses. In this paper, we follow the wgrkipping and Bishop [10]
and propose an adaptive observation model based on PCAnvetfarmal probabilistic
framework. Our result is a generalization of the convergidtisher Linear Discriminant
with proper probabilistic interpretation.

3 A Discriminative Gener ative Observation M ode

In this work, we track a target object based on its obsermatio the videos, i.eq;. Since
the size of image region, might change according to different, we first converp; to

a standard size and use it for tracking. In the following, weatey; as the standardized
appearance vector of.

The dimensionality of the appearance veajpiis usually high. In our experiments, the
standard image size isl@ x 19 patch and thug, is a361-dimensional vector. We thus
model the appearance vector with a graphical model of lawedisional latent variables.

3.1 A Generative Model with Latent Variables

A latent model relates a-dimensional appearance vecioto am-dimensional vector of
latent variables:

y=Wz+pu+e (2)

whereW is an x m projection matrix associating andz, p is the mean of;, ande is
additive noise. As commonly assumed in factor analysisilj@her graphical models [6],
the latent variables are independent with unit variance,~ N (0, I,,,), wherel,, is the
m-dimensional identity matrix, andis zero mean Gaussian noisey N(0,021,,). Since
x ande are both Gaussians, it follows thats also a Gaussian distribution,~ N (i, C),
whereC = WWT + 21 andI, is ann-dimensional identity matrix. Together with (2),
we have a generative observation model:

plot]se) = p(ye| W, gy €) ~ N (ye |, WWT + 621,) (3)

This latent variable model follows the form of probabilisgirinciple component analysis,
and its parameters can be estimated from a set of examplesdi/@n a set of appearance
samplesY’ = {y1,...,yn}, the covariance matrix of is denoted ass = + > (y —
w)(y —w)T. Let{\;li = 1,..., N} be the eigenvalues ¢f arranged in descending order,
e, \; > A\ if i < j. Also, define the diagonal matri,, = diag(A,...,\y), and let
U, be the eigenvectors that corresponds to the eigenvalugs,inTipping and Bishop



[10] show that the the maximum likelihood estimate©fi’ ande can be obtained by

N n
_ 1 . _ _ 2 1/2 2 1 .
o= N ;yza W = Um(zm g Im) R! o = n—m i:;_l /\l (4)

whereR is an arbitrarym x m orthogonal rotation matrix.

To model all possible appearance variations of a targetcolijieie to pose, illumination
and view angle change), one could resort to a mixture of PP©4Aeats. However, it not
only requires significant computation for estimating thedelgparameters but also leads
to other serious questions such as the number of componenmislhas under-fitting or
over-fitting. On the other hand, at any given time a linear RPdel suffices to model
gradual appearance variation if the model is constantlyatgel In this paper, we use a
single PPCA, and dynamically adapt the model paramétérs, ando? to account for
appearance change.

3.1.1 Probability computation with Probabilistic PCA

Once the model parameters are known, we can compute theljiliybihat a vectory is a
sample of this generative appearance model. From (4), thprobability is computed by

1
LW, p,0%) = —3 (N log 27 + log|C| +§TC’_1§) (5)

wherey = y — u. Neglecting the constant terms, the log-probability issd®ined by
7L C~17. Together withC' = WW 7T + o21,, and (4), it follows that

T o1 _ _ 1 _
7Y =T UnS UnT + =7 (I = UnUp)7 (6)

Herey! U,, X U 7 is the Mahalanobis distance gin the subspace spanned®y,, and

v (I, — U, ULy is the shortest distance frogrto this subspace spanned®y,. Usually

o is set to a small value, and consequently the probabilityheildetermined solely by the
distance to the subspace. However, the choieeisfnot trivial. From (6), if ther is set to

a value much smaller than the actual one, the distance tatigpace will be favored and
ignore the contribution of Mahalanobis distance, theremngdering an inaccurate estimate.
The choice ot is even more critical in situations where the appearancegdgmdynami-
cally and requires to be adjusted accordingly. This topic will be further exaed in the
following section.

3.1.2 Online Learning of Probabilistic PCA

Unlike the analysis in the previous section where modelmpatars are estimated based on
a fixed set of training examples, our generative model hasatmland update its parameters
on line. Starting with a single example (the appearance etrtfcked object in the first
video frame), our generative model constantly updatesaitarpeters as new observations
arrive.

The equations for updating parameters are derived fromi{#9.update procedure 6f,,
andy,, is complicated since it involves the computations of eigdunes and eigenvectors.
Here we use a forgetting facterto put more weights on the most recent data. Denote the

newly arrived samples at timeasY = {y!,...,y*}, and assume the meanis fixed,
Ut andX! can be obtained by performing singular value decompos{&»D) on
VAU -1 (Zm,i—1) V(1= 7)Y] (@)

whereY = [yt —pu, ...,y —ul. E}ft andU,,, . will contain them-largest singular values
and the corresponding singular vectors respectively a tinThis update procedure can
be efficiently implemented using the R-SVD algorithm, €4j.[7].

If the meanu constantly changes, the above update procedure can notpiedapWe
recently proposed a method [8] to compute SVD with correditigd mean in whick!/>

m,t



andU,, ; can be obtained by computing SVD on
(VAU i1 (Eme-) 2 VT =T | VT = 270011 = )] ®)

whereY = [y' — iy, ..., y™ — uy] anduy = - S°M | 7. This formulation is similar to
the SVD computation with the fixed mean case, and the samenrartal SVD algorithm

can be used to compu}ElT{i andU,, ; with an extra term shown in (8).

Computing and updating is more difficult than the form in (8). In the previous section
we show that an inaccurate valueofvill severely affect probability estimates. In order
to have an accurate estimate ofusing (4), a large set of training examples is usually
required. Our generative model starts with a single exampdegradually adapts the model
parameters. If we updatebased on (4), we will start with a very small valuemsince
there are only a few samples at our disposal at the outsetharalgorithm could quickly
lose track of the target because of an inaccurate probabgiimate. Since the training
examples are not permanently stored in memdyyn (4) and consequently may not be
accurately updated if the number of drawn samples is ingesffic These constraints lead
us to develop a method that adaptively adjustsccording to the newly arrived samples,
which will be explained in the next section.

3.2 Discriminative Generative M odel

As is observed in Section 2, the object’'s appearaneg atando, do not change much.
Therefore, we can use the observatiom;at; to boost the likelihood measurementdn
That is, we draw a set samples (i.e., image patches) parapeet®y {s: ,|i = 1,...,k}

in 0,1 that have large(o;—1|s:_,), but the low posteriop(s:_,|O;—1). These are treated
as the negative samples (i.e., samples that are not gethdrate the class of the target
object) that the generative model is likely to confus®at

Given a setsamplas’ = {y', ..., y*} wherey’ is the appearance vector collecteajn,
based on state parametér ,, we want to find a linear projectioi* that projects”” onto
a subspace such that the likelihoodi&fin the subspace is minimized. L&tbe ap x n
matrix and since(y|W, i, o) is a Gaussiam(Vy|V, W, u, o) ~ N(Vu, VCVT) is a also
Gaussian. The log likelihood is computed by

LV, W, o) = _g (plog(2r) + log [VOVT| + tr(VOVT) IV S'VT))  (9)

whereS’ = 30 (y' — u)(y' — w)”.
To facilitate the following analysis we first assuiieprojectsY”’ to a 1-D space, i.ep = 1
andV =T, and thus

I
LV, W, u,0) = _k (10g(27r + log|vT Cv| + Y SO ) (10)
Note thatv” Cv is the variance of the object samples in the prOJected spackeywe need
to impose a constraint, e.g.!Cv = 1, to ensure that the minimum likelihood solution of
v does not increase the variance in the projected spacev’l@t = 1, the optimization
problem becomes
o vT' Sy

v* = arg {v\uch 1}1} S'v arg max TCu
Thus, we obtain an equation exactly like the Fisher diseramt analysis for a binary clas-
sification problem. In (11), is a projection that keeps the object’s samples in the pi@jec
space close to the (with variancev” Cv = 1), while keeping negative samplesiiii away
from p. The optimal value of is the generalized eigenvector®fandC that corresponds
to largest eigenvalue. In a general case, it follows that

(11)

T
V* =arg max |VSVT|*argmax| SV

12
{vevT= |[VCVT| (12)



whereV* can be obtained by solving a generalized eigenvalue probfesh andC. By
projecting observation samples onto a low dimensionalpates, we enhance the discrim-
inative power of the generative model. In the meanwhile, egrce the time required to
compute probabilities, which is also a critical improvertien real time applications like
object tracking.

3.21 Online Update of Discriminative Analysis

The computation of the projection matrix depends on matriceS andS’. In section
3.1.2, we have shown the procedures to updateThe same procedures can be used to

updates’. Letyrys = £ Y8 |y andSys = £ S8, (5 — ) (y' — )7,

k
Z v =)y — )" =8y A+ (n— ) (= pye)” (13)

R‘IH

Given S’ andC, V is computed by solving a generalized eigenvalue problemnnelfle-
composes’ = AT A andC = BT B, then we can find” more efficiently using generalized
singular value decomposition. Dendtg, andXy- as the SVD ofSy-, it follows that by
letting A = [Uy 23/ | (4 — py+)]” andB = [U,, 5. |o21]7, we obtains’ = A” A and
C =B"B.

As is detailed in [4] V can be computed by first performing a QR factorization:

A Qa
5]-1G ] =
and computing the singular value decompositiod)af
Qa =UaD4V} (15)

, we then obtaif = R~1V4. The rank ofA is usually small in vision applications, and
can be computed efficiently, thereby facilitating trackihg process.

4 Proposed Tracking Algorithm

In this section, we summarize the proposed tracking algoriand demonstrate how the
abovementioned learning and inference algorithms arerjrocated for object tracking.
Our algorithm localizes the tracked object in each videmfaising a rectangular window.
A states is a length-5 vectors = (z,y, 6, w, h), that parameterizes the windows position
(z,y), orientation(d) and width and heightw, »). The proposed algorithm is based on
maximum likelihood estimate (i.e., the most probable lmrabf the object) given all the
observations up to that time instaneg,= arg maxs, p(s:|O;).

We assume that state transition is a Gaussian distributeon,

p(stlsi—1) ~ N (si-1,%s) (16)
whereX, is a diagonal matrix. According to this distribution, thedker then drawsv
samplesS; = {ci, ..., cy } which represent the possible locations of the target. Deyjot
as the appearance vectoraf andY; = {y},...,y¥} as a set of appearance vectors that
corresponds to the set of state vectrsThe posterior probability that the tracked object
is atc; in video frameo; is then defined as

p(st = ¢iOr) = wp(yi |V, W, i, 0)p(se = cilsi_y) (17)
wherer is a constant. Therefore; = argmaxc,es, (st = ¢;|O¢).
Onces; is determined, the corresponding observagpmvill be a new example to update

W andpu. Appearance vectorg with largep(yi|V, W, 11, o) but whose corresponding state
parameters; are away frons; will be used as new examples to update

Our tracking assumes ands; are given (through object detection) and thus obtains the
first appearance vectgi which in turn is used an the initial value pf butV andW are



unknown at the outset. Whén andW are not available, our tracking algorithm is based
on template matching (with being the template). The matriX is computed after a small
number of appearance vectors are observed. Wheis available, we can then start to
compute and updaté accordingly.

As mentioned in the Section 3.1.1, it is difficult to obtainaaturate estimate of. In our
tracking the system, we adaptively adjusticcording toX,,, in W. We setoc be a fixed
fraction of the smallest eigenvalues ify,,. This will ensure the distance measurement
in (6) will not be biased to favor either the Mahalanobis a@igte in the subspace or the
distance to the subspace.

5 Experimental Results

We tested the proposed algorithm with numerous object imgcéxperiments. To ex-
amine whether our model is able to adapt and track objecteandynamically chang-
ing environment, we recorded videos containing appeardafmmation, large illumina-
tion change, and large pose variations. All the image sempgenonsist 0820 x 240
pixel grayscale videos, recorded at 30 frames/second aBdj2y-levels per pixel. The
forgetting term is empirically selected as 0.85, and thelbatze for update is set to 5
as a trade-off of computational efficiency as well as effertess of modeling appear-
ance change due to fast motion. More experimental resultsvateos can be found at
http://www.ifp.uiuc.edu/rlin1/adgm.html
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Figure 1: A target undergoes pose and lighting variation.

dgidg & y,,,; o

Figures 1 and 2 show snapshots of some tracking resultssattlsith rectangular win-
dows. There are two rows of images below each video frame. fif$terow shows the
sampled images in the current frame that have the largeditidods of being the target lo-
cations according our discriminative generative modek $&cond row shows the sample
images in the current video frame that are selected onlinagdating the discriminative
generative model.

The results in Figure 1 show the our method is able to tragietarundergoing pose and
lighting change. Figure 2 shows tracking results where thjead appearances change
significantly due to variation in pose and lighting as wellcast shadows. These exper-
iments demonstrate that our tracking algorithm is able imioobjects even when there

is a large appearance change due to pose or lighting variadéie have also tested these
two sequences with conventional view-based eigentraéqesr[template-based method.
Empirical results show that such methods do not perform aslhey do not update the

object representation to account for appearance change.



Figure 2: A target undergoes large lighting and pose variatiith cast shadows.

6 Conclusion

We have presented a discriminative generative framewattigghneralizes the conventional
Fisher Linear Discriminant algorithm with a proper probistic interpretation. For object
tracking, we aim to find a discriminative generative modeit thest separates the target
class from the background. With a computationally efficedgbrithm that constantly up-
date this discriminative model as time progresses, our ate#tdapts the discriminative
generative model to account for appearance variation détiget and background, thereby
facilitating the tracking task in different situations. Qexperiments show that the pro-
posed model is able to learn a discriminative generativeahfud tracking target objects
undergoing large pose and lighting changes. We also plapgly ¢he proposed method to
other problems that deal with non-stationary data streapuirfuture work.
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