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ABSTRA CT

This thesisis composedof two parts.

Part one is on Appearance-BasedClassi cation and Recognition Using Spectral His-
togram Represetations. We presert a uni ed method for appearance-basedapplications
including texture classi cation, 2D object recognition, and 3D object recognition using
spectral histogram represemations. Basedon a generative process,the represemation is
derived by partitioning the frequency domain into small disjoint regions and assuming
independenceamong the regions. This givesrise to a set of lters and a represemation
consisting of marginal distributions of those Iter responses. We provide genericevidence
for its e ectivenessn characterizing object appearancethrough statistical samplingand in
classi cation by visualizing imagesin the spectral histogram space. We use a multilayer
perceptron as the classi er and propose a Iter selection algorithm by maximizing the
performance over training samples. A distinct advantage of the represemation is that
it can be e ectively used for di erent classi cation and recognition tasks. The claim is
supported by experimerts and comparisonsin texture classi cation, face recognition, and
appearance-base@®D object recognition. The marked improvemert over existing methods
justies the e ectivenessof the generative processand the derived spectral histogram
represemation.

Part two is on Hierarchical Learning for Optimal Componert Analysis. Optimization
problemson manifolds sud as Grassmannand Stiefel have beena subject of active researt
recerly. Howewer the learning processcan be slov when the dimension of data is large.
As a learning example on the Grassmannmanifold, optimal componert analysis (OCA)
provides a general subspaceformulation and a stochastic optimization algorithm is used
to learn optimal bases. In this paper, we proposea technique called hierarchical learning
that canreducethe learning time of OCA dramatically. Hierarchical learning decompses
the original optimization problem into se\eral levels according to a speci cally designed
hierarchical organization and the dimension of the data is reducedat ead level using a
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shrinkagematrix. The learning processstarts from the lowest level with an arbitrary initial

point. The following approad is then applied recursiwely: (i) optimize the recognition
performancein the reducedspaceusing the expandedoptimal basislearnedfrom the next
lower level as an initial condition, and (i) expandthe optimal subspaceto the bigger space
in a pre-speci ed way. By applying this decomposition procedurerecursiwely, a hierarchy of
layers is formed. We show that the optimal performanceobtained in the reducedspaceis
maintained after the expansion. Therefore, the learning processof eat level starts with a
good initial point obtained from the next lower level. This speedsup the original algorithm
signi cantly sincethe learningis performedmainly in reducedspacesand the computational
complexity is reducedgreatly at ead iteration. The e ectivenesf the hierarchical learning
is illustrated on two popular datasets,wherethe computation time is reducedby a factor of
about 30 comparedto the original algorithm.



CHAPTER 1

APPEARANCE-BASED CLASSIFICA TION
AND RECOGNITION  USING SPECTRAL
HISTOGRAM REPRESENT ATIONS

1.1. Intro duction

With the recert dewelopmen of sophisticatedlearning algorithms, it has beenrealized
that the performanceof a classi cation and recognition system critically depends on the
underlying represemation [17, 7]. For example, Geman et al. [17] suggestedthat \the
fundamertal challengesare about represemation rather than learning” (p. 1); Bishop stated
in his book [7] that \in many practical applications the choice of pre-processingwill be one
of the most signi cant factorsin determining the performanceof the nal system”(p. 295).
The importance of represemtation was also greatly emphasizedoy Marr [39].

While the human visual system can recognize/classifydi erent kinds of objects (such
textures and faces) basedon imagese ortlessly, deriving a computational model that is
e ective for variety of objects seemsdicult. In the literature, this problem is largely
avoided by (arti cially) dividing recognition/classi cation into dierent problems sud
texture classi cation and object recognition and then deweloping separatemodels for eat
problem. In this chapter, we attempt to dewelop a unied model for appearance-based
recognition/classi cation applications basedon a generative processproposedby Grenander
and Srivastava [21]. The generati\e processrelatesthe appearanceof imagedobjects to the
underlying object models. By seekinga compromisebetweencomputational complexity and
discriminability, we derive a spectral histogram represetation, consistingof the marginalsof
Iter responsesand alsothe Iters by partitioning the frequencydomain into small regions.
To demonstrateits generality and e ectivenessor appearance-base@pplications, we show



that the represemation cancharacterizethe appearanceof di erent kinds of objectsincluding
textures and objects like faces.

To demonstratethe performanceof appearance-base@pplications, we usea multi-layer
perceptron(MLP) asthe classi er to capture/model variations within ead class. Becauseof
the desirablepropertiesof the spectral histogramrepresemation, we obtain good performance
on separate test sets for sewral problems. To be statistically signi cant, we repeat
experimerts under one setting many trials, reporting the statistics. Given the marked
improvemern over existing methods, we argue that the spectral histogram represemation
may provide a uni ed represemation for appearance-basea@pplications.

The rest of the chapter is organizedas follows. In Section 1.2 we derive the spectral
histogram represemation basedon a generative processand provide generic justi cation
through statistical sampling and visualization. Section 1.3 presens a lter selectionalgo-
rithm within the spectral histogram represemation by maximizing the training performance
of MLP. In Section1.4 we shav substartial experimertal results on three problems,namely,
3D object recognition, face recognition, texture classi cation, and then on a conbined
dataset. Section 1.5 concludesthe chapter with discussionon a number of issuesrelated
to our approad.

1.2. Spectral Histogram Represen tation

1.2.1. Deriv ation

The starting point of deriving the spectral histogram represemation is the following
scenario. Supposethat we have a large number of di erent objects which may appear on a
uniform badkground accordingto a Poissonprocessand the objects are not known explicitly
in any other way. We are interestedin a translation invariant statistical feature that can be
usedto characterizethe appearanceof images.In other words, the derived feature(s) should
be e ectiv e for classifyingand recognizingthe large number of objects basedon the obsened
images.

Before we proceedfurther, we want to point out that important problemsin computer
vision sud as texture modeling and face recognition can be appraximated by this simple
model. More interestingly, somepopular techniqgues sud as eigendecompositions [54] do
not satisfy the requiremens imposedhere asthey are not translation invariant.
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An obvious choice is the histogram of the given image, which is translation invariant.
Howewer, for a large number of objects, their histogramscan be very closeor evenidentical,
making the histogram not sucient for recognition and classi cation. If all the pixel
values are statistically identical and independer, then the histogram is the only choice.
In appearance-base@pplications, however, this assumptionof independenceis not valid as
the pixels belongingto one object are dependent.

Another obvious choiceis to build onejoint probability model of all the pixels for eat
class. The joint probability model captures completely the statistical dependenceamong
pixels on objects. With theseprobability models, one can useBayesianclassi er for optimal
classi cation [11]. Howewer, the dimension of the joint spacemakes the implemertation
impossible. (For a 128 128image space,its dimensionis 16384and it has appraoximately
10°%4%8 di erent realizations assuming256 values for eah pixel; see[33] for somefurther
argumerts.)

Here we seeka compromisebetweenthe two extreme choices. Instead of assumingthat
the pixelsareindepender, we assumehat small disjoint regionsin the frequencydomainare
independent. In other words, we partition the frequencydomain into small disjoint regions
and model the correspnding responseof ead regionin the spatial domain by its histogram.
How shall we partition the frequencydomain? One sensibleway is to partition it into rings
with a small range of radial frequencies,as shavn in Fig. 1.1 (a), which was proposedhby
Cogginsand Jain [10] to design lters for textures. Another way is to partition it into regions
with a small range of radial certer frequenciesand orientations, as shovn in Fig. 1.1 (c),
suggestedby Jain and Farrokhnia [28]. Yet another way is to partition it into regionswith
a small range of orientations, which is not exploredin this chapter.!

Thesesmall regionsgive rise to ideal band pass Iters with in nite support in the spatial
domain. To make the correspnding spatial Iters local and compact,and thus moree cien t
to implemert, we usea Gaussianwindow function. Underthis setting, ead ring in Fig. 1.1(a)
can be approximated by a di erence of Gaussian Iter, which can be implemerted using a
Laplacian of Gaussian(LoG) Iter [39, given by:

LoG(x;yjT) = (x2+y?> T?e = (1.1)

lwe canalsopartition the frequencydomainto get lters that are sensitive to orientation but not sensitive
to radial certer frequency This idealeadsto partition the frequencydomain into regionsof wedgeasin [10].
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whereT = pi determinesthe spatial scaleof the Iter and isthe varianceof the Gaussian
window function. These lters are referredto asLoG(T). As examples,Fig. 1.1(b) shavs
four LoG Iters with dierent scalesin spatial domain (bottom row) and their frequency
response (top row). As shown in Fig. 1.1(b), LoG lters are band-pass lters, and are
sensitive to a given radial certer frequency but not sensitive to orientation. It can alsobe
showvn that ead small regionin Fig. 1.1(c) leadsto a Gabor Iter [16. Gabor Iters with

both sine and cosinecomponerts are given by:

Gabor(x:yjT; ) = e z(4(xcos +ysin )2+( xsin +ycos )?) g i2-(xcos +ysin ): (1.2)
whereT is a parameter scale. The cosineand sine componerts of these lters are referred
to as GecoqT; ) and Gsin(T; ) respectively. Figure 1.1(d) shows four Gabor Iters with
di erent orientations and frequenciesin spatial domain (bottom row) and their frequency
response(top row). Gabor lters are band-passlters and are sensitive to both orientation
and radial certer frequencyasshown in Fig. 1.1(d).

While the constructed Iters may not be ertirely statistically independen, the in-
dependenceis valid to a certain extert for natural images, as recert numerical studies
shav that Gabor lters (e.g.[42 25]) and edgedetectors (e.g. [4])? share similarities with
independert componerts of natural images. Assumingthat their responsesare statistically
independen, the Kullback-Leibler distance betweentwo joint distributions is the sum of
their correspnding marginal distributions as showvn by:

KLE1(X1n  iXn)iP2(X1i  iXn))

X1 Xn pl(xl; ;Xn) |Og del an
X .
pl(xl)
= X;)lo dx; 1.3
=1 X Pxi)log Pa(xi) (1.3)
X
= KL(pu(Xi)i p(xi));
i=1
wherepi(X1;  ;Xy) is the joint distribution and p;(x;) the jth marginal distribution. This

givesrise to the following represemation for appearance-baseapplications. We partition
the frequencydomain into small regionsand compute the correspnding spatial lters. For
a given image, we corvolve it with ewvery Iter and compute the marginal distribution of

2LoG lters are well known edgedetectors [39)].
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Figure 1.1. Two ways of partitioning the frequencydomain. (a) Ring structures. (b) Four
LoG lters of di erent certer frequencyin spatial domain (bottom row) and their frequency
response(top row). (c) Small regions. (d) Four Gabor lters with di erent orientations and
di erent frequenciesn spatial domain (bottom row) and their frequencyresponse(top row).

eat responseimage. We then combine the marginal distributions together as the resulting
represemation of the input image. The last stepis justied by Eqg. (1.3). Therefore,in our
approad, ead imageis represered by a vector consisting of the marginal distributions of
chosen lter responses. We shall call this represemation spectral histogram representatior?
of the imagewith respect to the chosen lters [36].

The generative processusedhere can be seenas a simpli ed version of the transported
generator model proposedby Grenanderand Srivastava [21]. The derived represetation
hasalsobeensuggestedhrough psytophysical studieson texture modeling [6] and texture

3The naming is based on two considerations: 1) lters are chosen according to a particular spectral
represenation (i.e., lters are derived by sampling the frequency domain in ways shown in Fig. 1.1,
and 2) we use the histogram as a feature to summarize lter responses. In the literature, spectral based
represenations are also applied directly to texture modeling. For example, by assumingthat a texture is
a homogeneousandom eld, it can be decomposedinto di erent homogeneousomponerts, ead of which
can be characterized by a spectral represenation with a unique pattern [15, 32].
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discrimination [36], and has beenusedin the texture modeling and synthesis[23, 58], and
texture classi cation [1, 37]. Both the histogram of input images[53] and joint histograms
of local elds [47] have beenusedfor object recognition. Filter selectionwas studied for
modeling a singletexture [58 and for texture classi cation [37].

While this represemation can be useddirectly to characterizerigid objects, objects are
often subject to deformations. Here we adopt the learning from examplesmethodology and
use a standard multiple-layer perceptron[24] to learn a model for eat classbasedon the
spectral histogram represeration.

1.2.2. Generic Justi cations

Before we presert experimertal results on appearance-basedapplications using real
datasets, here we give some generic justi cations for the e ectivenessof the spectral
histogram represetation for appearance-basedapplications from two perspectives. We
analyzeits intrinsic generalization[35 using statistical sampling and shaw its clustering
of perceptually similar imagesthrough visualization.

From the discussionso far, a spectral histogram represemation can be seenas a feature
vector. If Iters are chosenproperly, it can be a low dimensional represemation of the
input image. For a represemation to be e ective for di erent kinds of appearance-based
applications, it shouldonly groupimageswith similar underlying modelstogether; otherwise,
its performanceis intrinsically limited. In [35, Liu et al. proposeda way to analyze
this by studying a represetation's intrinsic generalization. An intrinsic generalization of
a represemation function for an input imageis the set of all the imagesthat sharethe same
represemation and it can be studied through statistical sampling, where Gibbs sampler[1§]
is commonly used.

We apply this technique to analyzing a spectral histogram represemation's intrinsic
generalizationas follows. Given a setof lters fF()j = 1;::;Kg and an image | 55, We
rst compute its spectral histogram, given by le(ob)sj = 1;::;;Kg. Then for any imagel,
we de ne an energyfunction as

X
E()= " D(H/1H{)):;
=1
and the correspnding Gibbs distribution as
6



o) = s-expl — )
whereD is adistancemeasurebetweenspectral histogramsand is a parameter,often called
temperature. When ! 0, only imageswhosespectral histogram is su cien tly similar to
fH{ )j = 1;:;K g will have signi cant non-zeroprobability. This allows us to generate

samples(which are imagesin this case)with similar spectral histogramsstatistically using
samplingtechniques. Here we usea Gibbs samplerwith annealing[18]. The basicideais to
update pixels one by onebasedon their conditional probability sothat the resulting image's
probability will improve statistically. For a Gibbs sampler algorithm, see[57]. From the
de nition of the spectral histogram, it is translational invariant. While this is desirablefor
recognition, this makesit not possibleto align the givenimagewith generatedsamples.This
problem is avoided by using di erent imagesas boundary conditions asusedin [33.

Figure 1.2 shavs an exampleof a face,shaovn in Fig. 1.2(a). Hereasin other examples,
forty lters # including LoG and Gabors are used. The Gibbs samplerstarts from any image
as the initial condition, here a white noiseimage is used, which is shavn in Fig. 1.2(b)
with boundary conditions. Figure 1.2(c)-(e) show three realizations by running the Gibbs
samplerthree times. Note that the essetial perceptualcharacteristicsof the input imageare
captured even though details are missing. As arguedin [35], this helpsreducethe necessary
training samplesand improve the generalizationperformanceas its intrinsic generalization
haslarger cardinality. This point is alsoemphasizedoy Vapnik [55].

Figure 1.3 shaws four more synthesis examples. In ead case,the left shaws the given
image and the rest are examplesfrom the Gibbs sampler. In all these examples, the
local features as well as the global con guration are captured by the spectral histogram.
As the spectral histogram only groups perceptually similar imagesin an image'sintrinsic
generalization,it should be e ectiv e for appearance-base@pplications, which is consisten
with the empirical evidenceshavn in Sectionl.4.

Another important aspect for appearance-basedpplicationsis that the distancebetween
imagesfrom the sameclassshouldbe smallerthan that betweenimagesfrom di erent classes.
For a particular application, this dependson the choice of training and test sets. Here we
usean exampleto shav why it is more e ectiv e to do classi cation/recognition in a spectral

4For synthesis, the intensity Iter is alsoincluded, whosecorresponding componert in the represetation
is the histogram of the given image.
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Figure 1.2. An object synthesis example. (a) The given image. (b) The initial image
(a white noiseone) with boundary conditions usedfor synthesis. (c)-(e) Three samplesby
running the Gibbs's samplerthree times. Note that the perceptual characteristics of the
input are captured even though details are missing.

histogram represemation spacethan in the original image space. In this example,we have
500imagesfrom v e classeswith 100in ead class,somefrom which are shaovn in Fig. 1.4.
Note that ead classcorrespnds a perceptually meaningful texture class. To visualize the
v eimagesin the original imagespaceaswell asthe spectral histogram space we rst apply
principal componert analysistechnique to reducethe dimensionto two. Then we project
eat imageinto the respective low dimensionalspace. Figure 1.5(a) shows the 500 images
in the principal spaceof the original image spaceand Fig. 1.5(b) shawvs that of the spectral
histogram space. As the imagesfrom the sameclassdo not form meaningful clustersin
the original imagespace,it is di cult to adchieve good generalizationperformanceregardless
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Figure 1.3. More object synthesis examples. Here di erent objects are usedas boundary
conditions asin Fig. 1.2. Eadch row correspnds one object. (a) The givenimages. (b) In
ead row, Vv e realizations of the correspnding image by running the Gibbs sampler v e
times.

of the choice of the classier. On the other hand, as eat classforms a tight cluster in
the spectral histogram space,any reasonableclassi er would achieve good generalization
performanceas the good performanceon the training would imply good performanceon
the test. This shavs one distinctive advantage of the spectral histogram represemation.
Of course,its e ectivenessfor appearance-basedpplications needsto be demonstratedas
datasetstypically consistimageswith signi cant variations and empirical evidenceis shavn

in Sectionl.4.
1.3. Filter Selection

Given a large number of lters, it has beenshownn that the marginal distributions are
su cient to represem an arbitrary imageup to a translation [58, 37]. Intuitiv ely ead Iter
imposessomeconstrairts on all the imagesthat have the samemarginal distributions, and
with suciently many lters, all the imageswith the samemarginal distributions will be
identical up to atranslation. This canalsobe seenfrom the correspnding frequencydomain
represemation. With moreand more lters, the frequencyresponsecanbe reconstructedand
thusthe original image(through an inverseFourier transform). Therefore,underthe spectral

9
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Figure 1.5. The 500imagesin the imagespace(a) and in the spectral histogram space(b).

Here only the two most prominent dimensionsare displayed. Note that many points in (b)
are overlapped.
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histogram represetation, a critical questionfor image classi cation and recognitionis how
to select lters sud that the performanceis optimized and the computational complexity is
minimized. The basicideahereis simple,similar to that in [37]. We optimize the performance
and complexity onthe giventraining data, formally known asempirical risk minimization [55]
by selectingmost e ective lters. As histogram operations are nonlinear [37], this makes
an analytical solution for Iter selectiondi cult. Instead, we seeka numerical procedureto
select Iters for MLPs.

Initially , we train one MLP using badk propagation for eat Iter and we choose
the rst lter to be the one that givesthe minimum training error. Here, the training
samplesare represeted by their spectral represemation of the correspnding lter. We
then iterativ ely choose lters oneby one: for every unselectedIter, we train one MLP and
choosethe onethat mostly improvesthe performance.Herethe training data arethe spectral
represemations of the training imagesof the already selected Iters and the correspnding
lter. The lter selectionstopswhen the error is lessthan someprede ned threshold. The
algorithm is summarizedin Fig. 1.6. In Fig. 1.6, W are weights of lters that are usedto
incorporate prior knowledgeof Iter preference.For example,small Iters might be preferred
over large lters for computational reasonsand rotation invariant lters may be preferredfor
a rotational invariant represemation. This can be adhieved by weighting the training error
with the prior information asshown in Fig. 1.6.

This greedy algorithm is computationally e cient but may not guarartee an optimal
solution. Becausethe spectral histogram represetation is robust, this procedureworks well
on all the datasetswe have used. As demonstratedin Sectionl1.4,the lIters selectedby our
algorithm for ead datasetseeme ectiv e to capture discriminative featuresof datasets.

1.4. Results and Comparison

In this section,we demonstratethe e ectivenesf our proposedmethod on three di erent
problems. For all the datasetsusedhere, we start with 39 lters including: 1) 9 Laplacian
of Gaussian lters of di erent scales,and 2) 30 Gabor Iters of v edierent scaleswith six
oriertations at ead scale. We excludethe intensity Iter, correspnding to the histogram
of the input image, to make our represetation more illumination invariant. The neural
network usedhereis a standard three-layer perceptron trained using the badk-propagation
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Filter Selection Algorithm

S =

B = fF(l); ;F(K)g
W= wa(l). _WF(K)g
repeat

foreat lter F 2 B
Train a MLP with Iters S| fFg
Compute the training error "
end
F = ming,gfe” Whg e = €
S=S[fFg B=BnfF g
until e <

Figure 1.6. Filter selectionalgorithm. Here B is the set of all the candidate lters, S is
the set being chosen,W is the set of prior weights for lters, and is a threshold.

algorithm [24]. While the number of input units is determined by the Iters chosenby the
selectionalgorithm, the hidden units are xed to be 40.

1.4.1. 3D Object Recognition

We have applied our method to appearance-base@®D object recognition. For evaluation
of our method and comparisonwith existing methods, we usethe Columbia Object Image
Library (COIL-100)° dataset, which consistsof the color imagesof 100 3-D objects with
varying pose,texture, shape and size. For ead object there are 72 imagestaken at di erent
view angleswith 5 apart. Therefore there are 7,200 color imagesin the ertire dataset.
Figure 1.7 shows the 100 objects from the databasefrom one xed view angle.

A number of appearance-basedtemeshave beenproposedto recognize3D objects and
applied to the COIL dataset. Murase and Nayar [41] proposeda parametric method to
recognize3D objects and estimate the poseof the object at the sametime. Pontil and Verri
[44] applied Support Vector Machines (SVMs) [55] to appearance-baseabject recognition
and their method was tested using a subsetof the COIL-100 datasetwith half for training
and the other half for testing. As pointed out by Yang et al. [56], this densesampling of

training viewsmadethe recognitionlesschallenging. Yanget al. [56] applied SparseNetwork

5Available at http://www.cs.colum bia.edu/CAVE.
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Figure 1.7. The 100 3-D objects in the COIL database. Each imageis a color image of
128 128.

of Winnows (SNoW) to recognition of 3D objects and they usedthe full set of COIL-100
datasetand comparedtheir method with SVM.

As in [56], we vary the number of training views per object to make the 3D recognition
morechallenging. Giventhe imagesin the training set, we apply our lter selectionalgorithm
starting with 39 lters. It is interestingto note the lters selectedby our algorithm. It rst
chosea LoG lter at the largestscale,then chosefour Gabor lters at the largestscalewith
di erent orientations, and then another LoG lter anda Gabor lter at a smallerscale.This
seemsconsisten with our intuition. Those objects do not prefer a particular orientation
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Table 1.1. Recognitionresults of di erent methods using the 100 objects in the COIL-100
dataset

# of training views per object
Methods 36 18 8 4
3600tests | 5400tests | 6400tests | 6800tests
Our Method 100.00% | 99.50% 96.33% 84.76%
SNoW/[56] 95.81% 92.32% 85.13% 81.46%
Linear SVM[56] 96.03% 91.30% 84.80% 78.50%
NearestNeighbor[56] | 98.50% 87.54% 79.52% 74.63%

and the global patterns and shapes are the most e ective for recognition as most of the
objects cortain uniform surfaces,making the local patterns ine ectiv e for discrimination
amongdi erent objects.

With the chosen lters, an MLP is trained and the learned network is then used to
recognizethe testing imagesat novel views. The unit with the highest output is taken as
the result from the system. Table 1.1 shaws our recognition results using di erent number
of training views along with the results reported in [56. With eight views for training, our
systemgives a correct recognition rate of 96.3%. If we allow the correct to be within the
closest v e, the correct recognition rate is 99.0%.

We have also comparedour recognition results with other methods in [56]. As shovn
in Tab. 1.1, our method givesthe best result under all the test conditions and improves
signi cantly when fewer training views are used. This improvemen is essetially because
our represemation is moremeaningfulthan pixel- and edge-basedepresemations usedin [56].
Note that the nearestneighbor result is basedon the pixel-wise distance betweenimages.
Its performancecon rms the imagesfrom the sameclassdo not form clustersin the original
image space,consisten with Fig. 1.5.

One of the distinct advantagesof the spectral histogram represetation is its invariance
to a number of changes. As is easyto seefrom its de nition, it doesnot depend on the
positions of the target object. In other words, the represetation is translation invariant.
On the other hand, Portil and Verri[44] stated that their method can only tolerate a small
amourt of positional shifts. The intensity Iter is excludedfrom all our experimerts here
and this makesour represemation more illumination invariant becauseall the Iters we use
are derivative lters and their responsesdo not depend on the absolute pixel values. By
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preferring lters that are rotation and scaleinvariant, we can also make our represetation
rotation and scaleinvariant. Scaleinvariance, however, is problematic for SVM and SNoW
methods [56] as the input dimensionmust be the samein order to perform dot product of
the kernel functions.

One of the disadwantages of the spectral histogram represemation is the required
computation if implemerted on serial computers as the cornvolution operation is time
consuming. This problem canbe alleviated substartially by estimating the histogramsbased
on a subsetof pixels. For example,we can do corvolution only at pixelsonam m grid
and thus reduce the cornvolution time by m?. Figure 1.8(a) shavs the recognition error
rate in percertage and the averagecomputation time for recognition with respect to the
grid size. Here 8 views are used for training and the rest 64 views are usedfor test. As
shown in Fig. 1.8(a), we canreducethe computation time dramatically, but the recognition
performancedoesnot changequickly eventhough the recognitionerror increasesasthe grid
sizeincreases.But if we considerthe correct being within the v e closest,the error increase
is within one percen, as shown by the dashedline shows in Fig. 1.8(a). As our method
is a bottom-up method, this shaws it is e ective for candidate shortlisting (seee.g. [51])
for a wide range of m. If we comparethis result with other methods shovn Tab. 1.1, our
recognition performanceis still beyond 90:0% for grid sizeup to 8, signi cantly better than
the bestfrom other methods (which is 85.13%).

To show that our method is insensitive to the choiceof classi er con gurations, we repeat
the experimert shovn in Fig. 1.8(a) but with one MLP for ead class. In other words, we
train simultaneously 100MLPs, onefor ead classand the label is assignedo the classwith
the highest output. The results are shovn in Fig. 1.8(b). Comparedto that showvn Fig.
1.8(a), they are very similar, supporting our claim that the choice of the classi er is not
critical.

1.4.2. Face Recognition

In recent years, the problem of face recognition has been studied extensiwely in the
literature (see[9] for a survey). Our method is di erent from most existing methods for face
recognitionin that it is a generalmethod for image classi cation and recognition. Howeer,
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Figure 1.8. The computation time and recognitionerror rate in perceriage with respect to
grid size. In ead plot, solid line is the relative computation time; dotted line is the error
rate with the correct classbeingthe rst; dashedline the error rate with the correct being
amongthe v e closest.(a) One MLP for all the classes.(b) One MLP for ead class.

dueto the perceptually meaningful represemation, our method is alsovery e ectiv e for face
recognition as demonstratedusing a face recognition dataset.

Here we usethe ORL databaseof face$. The dataset consistsof facesof 40 di erent
subjects with 10 imagesfor ead subject. The imageswere taken at di erent times with
di erent lighting conditions on a dark badground. While only limited side movemen and
tilt wereallowedin this dataset,there wasno restriction on facial expression.All the subjects
areshowvn in Fig. 1.9(a) and all the 10imagesof a particular subject areshavn in Fig. 1.9(b)
to demonstratethe variations of facial expressionand lighting conditions.

Becausedhere areonly 10facesper subject, we use5 of them astraining and the remaining
5 for testing. As someimagesare morerepresetativ e for a subject than others, we randomly
choosetraining facesto avoid the potential biasonthe performance.Wethen repeatthe same
proceduremarny times to have a statistically more signi cant evaluation. It is interestingto
seethe lters selectedby our algorithm for this dataset. It chosefour Gabor Iters at the
largest scalesto characterizethe global face patterns and two Laplacian of Gaussian lters
whose scalesare comparablewith local facial patterns. Table 1.2 shavs the recognition

results for 100 trials. Here we report the average,the best and worst performanceamong

Shttp://www.uk.researc h.att.com/facedatabase.itml
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Figure 1.9. ORL face database. The size of the imagesis 112 92. (a) 40 subjects in
the database. (b) 10 face imagesof one subject taken at di erent facial expressionand

illumination conditions.

the 100trials. On averagewe have adchieved over 95% correct recognition rate. Compared
to a study using hidden Markov models[46], wherethe topographiccon guration of facesis
incorporated, our method outperformstheirs by a large margin.

Table 1.2. Recognitionresults for the 40 facedatasetshavn in Fig. 1.9

Criterion Averagecorrect rate | Best correct rate | Worst correct rate
Correct to be the rst 95.4% 98.5% 90.5%
Correct within the rst three 98.9% 100% 96.0%

To show the e ectivenessof the lter selectionalgorithm, we compute the recognition
rate with di erent number of chosen lters. The resultis shovn in Tab. 1.3. Note that while

the selectionalgorithm is basedon the training setonly, the performanceof the test setalso
improves initially with the number of lters chosen. As shawvn in the table, the selection
algorithm selectssix most e ective lters and they give the best averageperformanceover

100trials.
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Table 1.3. Recognitionperformancewith respect to nhumber of selected lters

Number of lters selected| Averageerror rate | Best error rate | Worst error rate
1 66.29% 70.60% 60.12%
2 87.11% 89.40% 84.46%
3 91.14% 93.21% 87.86%
4 93.78% 95.48% 91.13%
5 94.27% 95.89% 90.54%
6 95.40% 98.50% 90.50%
39 95.20% 97.14% 92.14%

1.4.3. Texture Classi cation

Without any change, we have also applied our method to the problem of texture
classi cation, which has been studied extensiwly as a separatetopic in computer vision.
We argue that texture models should be consistet with perceptual models for objects as
they needto be addressedwithin one genericrecognition system;we demonstratehere that
our method can be applied equally well to the texture classi cation problem.

To demonstrate the e ectivenessof our approad), we use a dataset consisting of 40
textures, as shavn in Fig. 1.10. Each texture image is partitioned into non-overlapping
patcheswith size32 32 and then all the obtained patchesare divided into a training set
and a test setwith no commonpatch betweenthe two sets. As for 3D object recognitionand
face recognition, we start with the same39 lters and apply our lter selectionalgorithm
on the training set. The network trained with the chosen Iters is then usedto classifythe
patchesin the test set. To avoid a bias due to the choice of the training set, we randomly
choosethe training set for ead texture and run our algorithm many times for a better
ewvaluation. We also changethe number of patchesin the training setto demonstratethe
generalizationcapability of our represemation.

Table 1.4 shows the classi cation result with 100 trials for ead setting. Compared
to the lters chosenfor COIL-100 and ORL datasets, our Iter selectionalgorithm chose

Iters whosescaleis comparablewith dominant local texture patterns. This datasetis very
challengingin that someof textures are perceptually similar to other textures in the dataset
and someare inhomogeneousvith signi cant variations. With asfew as 8 training patches,
our method achievesa correctclassi cation rate of 92%on average. With half of the patches

18



Figure  1.10. Forty natural textures used in the classication experi-
merts. The input image size is 256 256. These images are available at
http://www-db v.cs.uni-bonn.de/image/texture.tar.gz.

used for training, we achieve an average classi cation rate over 96%. Table 1.5 is more
corvincing, which shaws the correct classi cation rate whenthe correctis within the closest
three. The worst performanceis above 97%, demonstrating the good generalizationof our
system.

To further demonstrate the e ectivenessof our method and compare with existing
methods, we apply our method to the two datasetsthat were shaovn to be very challenging
for all the methods includedin a recert comprehensie comparative study [45. Randenand
Husoy [45 studied and comparedcloseto 100 di erent methods for texture classi cation.
For the datasetshavn in Fig. 11(h)in [45], Fig. 1.11(a)showsthe correctclassi cation rate
of all the methods with an averageof 52.55%and bestbeing 67.70%. Similarly, for the other
dataset showvn in Fig. 11(i) in [45), the averagecorrect classi cation rate is 54.02%with
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Table 1.4. Classi cation results for the 40-texture datasetshowvn in Fig. 1.10

Test-to-training ratio | Averagecorrect rate | Best correct rate | Worst correct rate
56/8 92.07% 94.20% 90.22%
48/16 94.74% 95.83% 93.07%
42/22 95.64% 96.73% 94.35%
32/32 96.36% 97.42% 95.16%

Table 1.5. Classi cation results of the correct within the closestthree for the 40-texture

datasetshown in Fig. 1.10

Test-to-training ratio | Averagewithin three | Best within three | Worst within three
56/8 98.70% 99.42% 97.86%
48/16 99.32% 99.69% 98.70%
42/22 99.52% 99.94% 99.11%
32/32 99.62% 99.92% 99.14%

the best 72.20%, plotted herein Fig. 1.11(b). For datasetsof 10 textures, a classi cation
error of 33.3%is very signi cant. For a fair comparison,we apply our method to the same
dataset’. As in the original experimert setting, we use a training set to train the neural
network with Iter selection. The learned network is then applied to a separatetest set.
The results from our methods are summarizedin Tab. 1.6. Becausethe texture imagesare
perceptually quite similar, an accurateperceptualtexture model is neededn orderto classify
the textures correctly. In addition, two di erent setsof textures for training and testing make
the classi cation evenmoredi cult. The signi cant improvemern demonstrateshe necessy

of a perceptually meaningful model for texture classi cation sud asthe one proposedhere.

Table 1.6. Classi cation results of the two datasetsusedin [45]

dataset Correct to bethe rst | Correct within rst two | Best result from[45
Fig. 11(h)[45 93.49% 97.75% 67.70%
Fig. 11(i)[45] 92.96% 98.34% 72.20%

"Available at http://www.ux.his.no/  tranden.
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Figure 1.11. The correctclassi cation rate of all the methods studied in [45] on the texture
datasetshown in Fig. 11(h) of [45. The dashedline shows our result for comparison.

Table 1.7. Recognitionrate for the conbined dataset

Total training / test images
5080/ 5080 2560/ 7600| 1300/ 8860
Correct to be the rst one 99.37% 97.97% 94.09%
Correct within the rst three 99.92% 99.21% 99.73%

1.4.4 Combined Dataset

To further demonstratethe generality of the spectral histogram represemation, we have
conbined the three datasetstogether to form one with 40 texture types, 100 3-D object
classes,and 40 face classeswith a total of 10,160images. In order to perform well on
this dataset, the represemation must be able to discriminate among di erent types and
within ead type, therefore a challenging problem. Howewer, as the spectral histogram
represemation can capture the perceptual characteristics of faces,textures, and objects as
showvn in Sect. 1.2.2, we expect that it should work well. Table 1.7 shows the recognition
result on the conmbined dataset with respect to di erent settings. If we considerto be
correct if the correct classis amongthe closestthree, the recognition error here under all
the casesis over 99%. This further demonstratesthe generality of the proposedapproadt
for appearance-basea@pplications.
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1.5. Summary and Discussion

This chapter has preserned spectral histogram represemations for classi cation and
recognition of imagesderived from a generative process.While the derived model is simple,
it is e ective for di erent appearance-basedpplications that have beenprimarily studied
separately The marked improvemert of our method over existing ones, along with the
image syrthesisand clustering visualization results, justi es the e ectivenessand generality
of the spectral histogram represemation. Not only is our approad genericas demonstrated
through di erent datasetsof real images,the represemation also provides other advantages
sud asillumination, rotation, and scaleinvarianceby choosingproper lters.

Our represetation alongwith the Iter selectionalgorithm providesa uni ed framework
for appearance-basedbject recognitionand imageclassi cation. Within this framework, the
di erence amonggeneralobject recognition, facerecognition, and texture classi cation is the
choice of the most e ective Iters. While Iters with large scalesare most e ectiv e for face
recognitionasfacesare topographically very similar, lters whosescalesare comparablewith
texture elemerts are most e ectiv e for texture classi cation. Our Iter selectionalgorithm
choosesthe most e ective set of Iters in this regard. This may lead to a systemthat is
e ective for di erent typesof images,which is a key requiremen for a genericrecognition
system.

Our represemation has beenderived and proposednot as an ultimate solution to the
classi cation and recognition problem. Rather, it is proposedas an e ective bottom-up
feature statistic which can prune irrelevant templatesfor more accuratetop-down matching
methods [5]]. In this regard, the Iter responsescanalsobe usedastop-down templates,an
exampleof which wasimplemerted by Ladeset al. [31] for object recognitionin generaland
facerecognitionin particular. This is alsoconsisten with our generative processdiscussedn
Sect. 1.2. With marginal distributions asbottom-up feature statistics and lter responsesas
templates, the top-down and bottom-up solutionscanbe integratedin a coheren framework.

In this chapter, we have chosenMLPs as the classi er for our experimerts. Recertly
support vector madines (SVMs) [55 seemto provide better performancefor someappli-
cations. As discussedand shawvn earlier, the desirableproperties of the spectral histogram
represemation makesthe choice of classi ers not critical. To further justify our claim, we
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have alsousedan SVM onthe facerecognitionproblemusingthe spectral histogram. Because
the SVM is designedfor two-classproblems, it needsto be extendedto the multiple class
problems. There are two commonly used methods [29): 1 against the rest and 1 against
another. For aK classproblem,in the rst case,oneneedsKk SVMsandin the secondcase,
oneneedsK (K + 1)=2 SVMs. We implemerted both methods and the resultsare shown in

Tab. 1.8. Comparedto the result usingan MLP shown in Tab. 1.2, there is no signi cance
betweenthe MLP result and the SVM result using one againstthe rest.

Table 1.8. Recognitionresultsfor the 40 facedatasetshavn in Fig. 1.9

Criterion Averagecorrect rate | Best correct rate | Worst correct rate
l-against-therest 94.8% 98.0% 89.0%
1l-against-another 91.0% 95.0% 85.5%

While the spectral histogram represetation is insensitive to someamourt of distortions,
the appearanceof an object may be heavily in uenced by external conditions sud aslighting
conditions, view angles,view points, and by other objects. This may not imposea serious
problemto our method aslong astraining examplesunderdi erent conditionsareavailable as
is required by all example-basedsystems. Howewer, a more e ectiv e alternative is to utilize
the fact that the marginal distributions are functions of those conditions. By modeling
the generative processunder those conditions parametrically or numerically, inferencecan
be done in the marginal distribution space,which in generalis smooth with respect to
the parameters. Our preliminary results on pose estimation are encouragingand we are
currently investigating how to use our represemation for multiple object recognition in a
cluttered ervironmert.
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CHAPTER 2

HIERAR CHICAL LEARNING FOR OCA

2.1 Intro duction

Optimization problemson manifoldssud asGrassmann[2, 20] and Stiefel [52] have been
a subject of active researt recertly. For example,Smith [48] exploredthe geometry of the
Stiefel manifold in the cortext of optimization problemsand subspacetracking. Edelman
et al. [12] deweloped new Newton and conjugate gradiert algorithms on the Grassmanand
Stiefel manifolds. For more examplesthat use Grassmannand Stiefel manifolds seee.g.
[50] for subspacetracking, [38] for motion and structure estimation, and [3, 13] for neural
network learning algorithms. Howeer the learning processcan be slov whenthe dimension
of the data is high. As a learning exampleon the Grassmannmanifold, optimal componert
analysis(OCA) [34] provides a generalsubspaceormulation and a stochastic optimization
algorithm is appliedto learn the optimal basis. In this chapter, we proposea technique called
hierardhical learning that can reducethe learning time of OCA dramatically. Hierarchical
learning decompsesthe original optimization problem into seweral levels accordingto a
speci cally designedhierarchical organization and the dimensionof the data is reducedat
ead level using a shrinkagematrix. The learning processstarts from the lowest level with
an arbitrary initial point. The following approad is then applied recursively: (i) optimize
the recognition performancein the reducedspaceusing the expandedresult of optimal basis
of the next lower level as an initial point, and (ii) expand the optimal subspaceto the
bigger spacein a pre-speci ed way. By applying this decomposition procedurerecursiwely,
a hierarchy of layers is formed. We showv that the optimal performanceobtained in the
reduced spaceis maintained after the expansion. Therefore, the learning processof eah
level starts with a good initial point obtained from the next lower level. This speedsup the
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original algorithm signi cantly sincethe learningis performedmainly in reducedspacesand
the computational complexity is reducedgreatly at ead iteration. The e ectivenessof the
hierarchical learning is illustrated on two popular datasets,where the computation time is
reducedby a factor of about 30 comparedto the original algorithm.

The remainderof the chapter is organizedinto four sections.In Sectionll we reviewthe
relevent issuesregardingoptimal componert analysis. The hierarchical learning is presened
in Sectionlll . Experimertal resultsaregivenin Sectionl V. SectionV concludeghe chapter

with a discussion.

2.2 Review of Optimal Comp onent Analysis

As a learning exampleon the Grassmannmanifold, optimal componert analysisprovides
a generalsubspaceformulation and a stochastic optimization algorithm is applied to learn
the optimal basis. Comparingto principal componert analysis[54], independert componert
analysis[26] [27] and Fisher discriminant analysis[5], optimal componert analysishasshovn
its advantage in solving object recognition problemson somedatasets. More speci cally, in
[34], the performancefunction F is de ned in the following way. Let there be C classego be

recognizedrom the images;ead classhasky 4 training images(denotedby l¢.1;: 55 ek an )
and kst test images(denoted by 12,;:::; ngmt) to ewvaluate the recognition performance
measure.
1 X Beest 0
F(U) = h( (Ig;;U) 1) (2.1)
Ceest oy i

In our implementation, h(x) = 1=(1+ exp( 2 x)) and

Mines c;j d(10;; 1e0j; U)

0. —
(I ci U) - mln] d(l gl’ Ic,J 1 U) + (22)
Here
d(ly;1;U) =k (I;U) (I U)k; (2.3)
k k denotesthe 2-norm,
(1;U)=UTI; (2.4)
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and > 0is asmall number to avoid division by zero. As stated in [34], F is presicelythe
recognition performanceof the nearestneighbor classi er whenwelet ! 1 . The gradiernt
vector of F at any point U is de ned to be a skew-symmetricmatrix given by:

xd X
A(U) = ( i (UE;) 2<" 7 (2.5)
i=1 j=d+1
where .
. F(eFi F
(U= i (FEEY) F)
#0
i s arethe directional derivativesof F in the directions givenby E;; , respectively. Here E;;
iIsann n skew-symmetricmatrix sud that: forl 1 dandd<j n,
8
< 1 if k=1, 1=
Ei (ki) =, 1 if k=j; 1= (2.6)
0 otherwise:

They form an orthogonal basisof the vector spacetangert to G,y at identity.
The deterministic gradiert ow is a solution of the following equation:
ax(v) _
dt
In [34], a Markov chain Monte Carlo (MCMC) type stochastic gradient-basedalgorithm

AX(1)); X(0)= Uo 2 Gy (2.7)

is usedto nd an optimal subspace0!. At ead iteration, the gradiert vector of F with
respect to U, which is a skew-symmetricmatrix, is computed. By following the gradiernt, a
new solution is generated,which is usedasa proposaland is acceptedwith a probability that
dependson the performanceimprovemert. If the performanceof the new solution is better
than the current solution, it is always accepted. Otherwise, the worse the new solution's
performance,the lower the probability the solution is being accepted. The computational
complexity C,, of ead iteration of this algorithm isC,, = O(d (n d) Kiest Kgainng N d).
C, is obtained by the following computation. d (n d) is the dimensionof the gradiert
vector. For ead dimensionand for ead test image,the closestimagesin all the classeseed
to be found to compute the ratio in Eqn. 2.2 and to compute the performanceF in Eqgn.
2.1. This givesthe product Kiest  Kiraining - The term n  d comesfrom Eqn. 2.3. Therefore,
we obtained the complexity for oneiteration as the expression.The overall computational
complexity is C, t wheret is the number of iterations.

INote that the optimal solution may not be ungiue.
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2.3 Hierarc hical Learning

From the analysisin previous section, we seethat the computation at ead iteration
dependson sewral factors and the complexity is O(n?) in terms of n, the size of the data.
For typical applications, n, which is the number of pixels in the image, is relative large.
Thus the algorithm can be time consumingat ead iteration. Also when n is large, the
dimension of the searting space,which is the Grassmannmanifold whose dimension is
d (n d),islarge. Asthe other factorsin the computational complexity cannot be avoided,
here we proposea hierardical learning processby decompsing the original optimization
probleminto seeral levelsaccordingto a speci cally designedhierarchical organizationand
the dimensionof the data is reducedat ead level using a shrinkage matrix. The learning
processstarts from the lowestlevel with an arbitrary initial point. The following ideais then
applied recursiwely: (i) optimize the recognition performancein the reducedspaceusing the
expandedlearning result of optimal basis of the next lower level as an initial point, and
(i) expand the optimal subspaceto the bigger spacein a pre-speci ed way. By applying
this decomposition procedure recursiwely, a hierarchy of layers is formed. We show that
the optimal performanceobtained in the reducedspaceis maintained after the expansion.
Therefore, the learning processof ead level starts with a good initial point obtained from
the next lower level. This speedsup the original algorithm signi cantly sincethe learning
is performedmainly in reducedspacesand the computational complexity is reducedgreatly
at ead iteration.

2.3.1 Speeding Up the Search

First we state the following setup that givesa speci c way to shrink the dimension of
the seart spaceand expandthe optimal basisobtained in the shrunk spaceto the original
spacewith a nice property that the performanceis maintained.

Basic learning setup: If % = Aly, I3 = Al, and U = ATO, in whichl, 2 <M,
l, 2 <M [y 2 <M [, 2 <m A2 <t y2 <o d §2 <nd dingn22Z*.
Then d(11;1,;U) = d(f%; 1%; 0).

Pro of: Usingde nitions of (Eqn. 2.4)andd(; ; ) (Egn. 2.3), we get
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d(l1;12; U) k (I;U)  (IU)k

KUTI; UTI.k

KOTAI, OTAILk

QO OThk (28)
k (l;0) (M 0)k

= d(l'\l;l'\z;O):

To simplify our narration in the future, we give the following terms. Let the sizeof the
original image be ny and the size of the dimensionreducedimage be n;. The matrix A in
basic learning setup is called the shrinkagematrix, m = 2—‘1’ is called the shrinkagefactor.
Multiplying AT with O to get U is called basis exmnsion O by shrinkagematrix A.
Hierarc hical learning OCA setup: Let F be the OCA performance function de ned by
Eqn. 2.1. If 1= Al4, (5= Al, andU = ATO, in whichl, 2 <M |, 2 <" [} 2 <M,
(b, 2 <M, A2 <m MAAT = |, U2 < d 02 <md dingny, 2 Z*. Then
F) = F(0).

Pro of: By de nition, F dependsonly on d(; ; ), the distance betweenthe represetation
of images. The conclusionof basic learning setup tells us that d(11;1,;U) = d(f%; (%; 0).
Therefore, F (U) = F(0).

2

Therefore, by hierarchical learning OCA setup, to save time when seardiing for the
optimal basisU of sizen, d on the Grassmannmanifold G,,.q of dimensiond (no, d)
we can do the following three steps:

1. Shrink the image sizeto get dimensionreducedtraining and test imagesof length n;
by multiplying the shrinkagematrix A with original images.

2. Apply the OCA algorithm to seard for the optimal basisU of sizen; d on the
Grassmannmanifold G,,.q of dimesiond (n; d) with dimensionshrunk training and
test images.
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3. Expand the basisby equationU = ATU to get the basisU of sizen, d.

It's worthy to note the fact that the recognition rate using U is exactly the sameasit is
using U.

Let's take a look at how much is gainedby applying thesesteps. For ead iteration, the
computational complexity with imagesof sizeng isC,, = O(d (N d) Kiest Kt aining

no d). While the computational complexity with imagesof sizen; is
Cnl = O(d d(f:n_o d) ktest ktr aining rrln_o d)
= mnzo(nom d)CN1 (2.9)

1 .
mzCno;

consideringthe fact no >> d.

Obviously it is much moree cient to learnon G,,.4 than on G,,.¢ whenthe dimensionof
seard spaceis reducedfromd (np d)tod (ny d). With the nice property stated in
hierardhical learning OCA setup, step 3 keepsthe performance. Therefore, we get the basis

U of sizeng d with performing the time saving learning processin a smaller space.

2.3.2 Hierarc hical Learning Algorithm

Intuitiv ely, the larger shrinkage factor m, the more computationally e cient in the
seard. Howeer, the succes®f this proceduredependson whether the highestperformance
adhievable in the reducedspaceG,,.q is acceptableor not. If the performanceo ered by
the optimal basisU is not high enough, after expandingthe basis, U also o ers the same
unsatis ed performance. To achieve high performancewe have to seard on G,,.4 with an
initial point U, which is potertially time consumingsincethe seard spaceis large and the
computational complexity of ead iteration is high.

To overcomethis problem, we proposeto perform the seard hierarchically at di erent
levels. The basicideais asfollows. Instead of choosinglarge m to shrink the dimensiononly
once,we can choosea relatively smaller shrinkagefactor my to shrink the original imagesto
get the training and test imagesat level k, wherek = 0;1;::;;;L and mg < my < ;< mg
wheremgy 1. Level O is called the highestlevel and level L is called the lowest level. The
sizeof imagesat level k is ;—i whereny is the sizeof the original images.Our goalis to nd
an optimal basisof sizeny dat level 0. To fulll this task, we do the seart hierarchically
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Level Image Basis

Figure 2.1. Hierarchical seart process. Image sizeis reducedas level number increases.
Firstly, the optimal basisU, is obtained at level L asa learning result on G, .4. We obtain
m|_ !

a basisU_ ; oflevel L 1 by expandingU, . Hierarchical learning OCA setup shows that
U. 1 and U have the sameperformance. U. ; is usedas an initial point to perform the
learning at level L 1 on G_no_4. The 'seard { expandbasis{ seart’' processgoeson till

L 1
we get the optimal basisat level 0.

asfollows. The sear® beginsfrom level L on Gn:_o;d with dimension-reducedmagesof size
:1—‘5. The computational complexity at this level isL #Cno for ead iteration. The seard can
be e ectively donesincethe learning spaceGrg_o;d is relatively small and the computational
complexity of ead iteration is low. After gettinLg an optimal basisU, at level L, we obtain a
basisU_. ; oflevelL 1 by expandingU,. Basedon the above discussionwe know that U,

and U, have the sameperformance.If we useU_ ; asan initial point to perform the seart

at level L 1 on G_no .4 with imagesof size ", the seard can be performedrelatively

1
mL 1’ me 1

e ectively. The computational complexity at this level is lecno for ead iteration. The
L 1

seard result of this level will be usedto obtain a basisU, , of level L 2, which is used
as an initial point for further seart at level L 2. This processis repeated until we have
readed level 0. In summary, the seart is performedfrom the lowestlevel L to the highest
level 0. The lower the level, the moree cien t the searti. The seard result of the lower level
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o ers a good initial point for the next upper level. The recognition performancekeepson
increasingat ead level. We hope the acceptablerecognition performancecan be obtained
at lower level. It's not then necessaryto perform the time consumingseart at upper levels
and the optimal basisof level O is directly computed by expandingthe basisfrom level 1.

This processis summarized and illustrated in Fig. 2.1. The hierarchical learning
algorithm is given below.

Hierarc hical Learning Algorithm : Supposewe decommsethe learning processto L + 1
levels, and the shrinkage factors are mq;::;;m_. with mg  1,mg < my < :: < m_. The
original imagesizeis no. Our aim isto nd the optimal basisU, of level 0.

1. Choosethe dimensionshrinkagematrices Ay of sizer;‘]—i % fork = 1;:::;L. Next
prepare new training and test imagesat ead level i for i = 1;:::;L: shrinking the
YL

imagedimensionon the training and test imagesfor i times by left-multilplying Ay

k=i
with the original images.

2. Learn starting from level L for the optimal basisU, at level L on Gno .4 with training
mp ’
and test imagesof size r:—i

3. Foreah k=L 1;::::0,
BEGIN
(@) let Ux = Al Uksa,

(b) using Uy asthe initial point, seard for the optimal basisUy at level k on Gno 4
mk !
with training and test imagesof sizerrr‘]—i.

END

2.3.3 Shrinking Dimension through Adaptiv e K-means

For the hierardhical seard algorithm to bee ectiv e, the keyis to keepthe learning process
to be performedmostly at lower levels and exempt the heary computation at higher levels.
This requiresthe best achievable performancein the higher level be presened as high as
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possiblein the lower levels. In essencethis arisesthe questionof how to reducethe dimension
from the original imagessud that the performanceobtained with the dimensionreduced
imagesis as high as possible. Since we reduce the image dimension by left-multiplying a

shrinkagematrix, the above questionmay be restated asfollows: how to choosea shrinkage
matrix sud that the performanceof the dimensionreducedimagecanbe ashigh aspossible?
To answer the above question,ideally onewould require a seart over all shrinkagematrices
to obtain the desiredone. Howewer, performing sud a seartt may be more time consuming
and complexthan the original problemitself. Instead we proposean e cien t way to reduce
the dimensionof imagesbasedon heuristics. The main ideais illustrated with the following

example.

Example: Let
l,=(10 30 10 80 30 80 10 80 30)';

l,=(15 35 15 70 35 70 15 70 35)7;

101010001001
A;=-@Q0 1001000 1A;
3 000101010
0 1
L, 110100000
A,=-@0 0101100 0A;
3 00000111

If we chooseA; asa shrinkagematrix, we get

= Ail,= (10 30 80)";

= Ail,= (15 35 70)":

We can seethat any performanceachievable using !, and |, canbe achieved using I} and
(. ThereforeA, is a good choice as a shrinkage matrix.
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On the other hand, if we chooseA, asa shrinkagematrix, we get
n=A,= (40 40 40)T;
m=As,= (40 40 40)':

We can seethat the reducedimagesl, I do not provide any information for recognition
any more, sincel; and I are identical while 1, and |, are di erent. Therefore A, is a bad
choice as a shrinkage matrix.

Let us do someanalysisto seewhy A; performswell while A, doesnot. Let M be a
matrix with 1, and I, beingits two columns.

M = AM;

M = AM
in which M = [} (M = [ 3]. Matrices A; and A, correspnd to two di erent ways
of grouping row vectorsof M and represemn them M and Nt respectively. Matrix A; groups
together rows of small distance and represem ead cluster with its mean. However matrix
A, groupsrows of large distanceand givesa bad result.

Basedon the example, we argue that to keepthe best achievable performancein the
original spacewe should group pixels with similar valuesin the original imagetogether and
represem them in the dimensionreducedimagesby their mean. To achieve this, we propose
a pixel grouping algorithm called adaptive K-means, which is an adapted version of the
commonly used K-means algorithm [14]. This method is usedin the hierarchical learning
algorithm to generateshrinkage matrix Ay implicitly . It is designedsud that pixels that
are clusteredtogether cortribute to the samecoordinate in the reducedspace.

Supposethe imagesizesof n; and n4; at level | and | + 1 satisfy the relation nj = mn,,,,
wherem is the shrinkagefactor. As all the training imagesshould be shrunk in the same
way, we put all of them in a matrix M of sizen;, n whereead column of M is an image
and n is the number of training images. We want to get a matrix M of sizen;;; n where
ead row is the meanof m rowsof M. Let M = [M{MJ::M]" whereM;(i = 1;:;n)) is
thei - th row of M. Treating M; asa point in <", we give the following algorithm to group
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1.j = 0. For eahh M, choosethe nearestm points in S, group them into cluster M ;.
Remove the chosenpoints from S.

2. For eat cluster with certer M, compute variance V; and mean (M )new, SEtM; =
(mi)new-

3. Let S = fM;ji = 1;:::;ng. Sorting accordingto V;, getlist L : V;, Vi,

Vi, ,inwhich (i; ;ip,, ) isapermutation of (1;  ;njq).

g

4. Accordingto L, for ead cluster with certer M;, we choosethe nearestm points in S
and put them into this cluster. Remove the chosenpoints from S.

5. For ea cluster with certer M;,, compute variance V;, and mean (M, )new. If

i

(Mi)new = M, for every clusterorj > T, stop, elsej = j + 1; goto step 3.

2.3.4 Shrinking Dimension Through PCA

Besidesthe adaptive K-meansalgorithm, principal componert analysisis another choice
to shrink image dimension.

Consideringthe fact that for n imagesof sizeng thereareat mostp= min(n  1;ny 1)
PCA basesasthe rest of the eigervaluesof the covariancematrix are zero. The p basesspan
a subspaceS of <". If we project the original imagesto S, the acievable recognition rate
usingthe projectedimagesshouldbe the sameasusingthe original images. This obsenation
givesus the ideathat we can usethe matrix composedof PCA basisas a shrinkagematrix.
The time usedto compute the PCA basisis a part of the total time of the hierarchical
learning. When p is relatively small, we preferto usePCA to generatethe shrinkagematrix,
becausehe time spent on computing the PCA basisis relatively small by usingthe fast PCA
algorithm. When p is relatively large, the time spernt on computing PCA basisis relatively
long too. In this case,we preferto usethe adaptive kmeansalgorithm.

2.4 Experimental Results

Herewe usethe ORL databaseof face€ and part of the CMU PIE dataset[43]. The ORL
datasetconsistsof facesof 40 di erent subjects with 10imagesfor ead subject. The images

2http://www.uk.researc h.att.com/facedatabase.itml
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weretaken at di erent times with di erent lighting conditions on a dark badkground. While
only limited side movemert and tilt were allowed in this dataset, there was no restriction
on facial expression. All the subjects are shavn in Fig. 2.2(a) and all the 10 imagesof a
particular subject are shown in Fig. 2.2(b) to demonstratethe variations of facial expression
and lighting condition. The PIE dataset we used consistsof facesof 66 di erent subjects

with 21 imagesead.

(@)

(b)

Figure 2.2. ORL facedatabase.(a) 40 subjects in the database.(b) 10 faceimagesof one
subject taken at di erent facial expressionand illumination conditions.

1. First, we have studied the time for searding for the optimal basis versusthe total
number of levels L. Figure 2.3 shows the experimenrtal result, which highlights the
e ectivenessof hierarchical learning algorithm. For (a), whenL is zero,i.e. learning
without hierarchical algorithm, it takes 21341seconds(6 hours) to get the optimal
basis. Howewer, after applying hierarchical learningalgorithm, it only takes675seconds
(11 minutes) to nish the searth whenL=3. The hierarchical algorithm speedsup the
original onewith a factor of 31. In this experiment, we shrink image sizeby adaptive
K-meansalgorithm. The PIE datasetis usedand the imagesizeis 10000,image sizes
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Figure 2.3. Plots of learning time versusthe total number of levels L, shrinking with
adaptive-kmeans. (a) Dataset: PIE, image size is 10000, reducedimage sizesof level 1
throuth 3 are 2500, 625 and 157 respectively. d = 10, Ky ain = 660, and kit = 726. (b)
Dataset: ORL, imagesizeis 2576,reducedimagesizesof level 1 throuth 3 are 1288,644and
322respectively. d = 12, Ky ain = 120,and kst = 160.

of level 1 through 3 are 2500, 625 and 157 respectively, d = 10, kyan = 660, and
kiest = 726. For (b), the ORL datasetis usedand image sizeis 2576, image sizesof
level 1 through 3 are 1288,644 and 322. d = 12, Ky 4in = 120, and Kt = 160. The
result shaws that the learning time is reducedfrom 17523secondg4.8 hours) to 527
second9q8.8 minutes) when L=3. The speedup factor is 33.
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2. Fig. 2.4 shows casesat di erent levels for the total number of levelsL = 3. We plot
the recognition rate versusiteration and the distancebetweenX; and X, versust, in
which X is the basisof the subspaceat iteration t. The distance betweenany two
subspacedJ; and U, is computed as: kU;U]  U,UJ k. We can seethat it costs600
iterations to adiieve a performancenear perfect at level 3 (a). Starting the seart
with the good initial point obtained at level 3 and searting in the relatively small
space,it takesonly 8 iterations at level 2 to achieve perfect performance(b). From
(c) and (d) we seethat without a computationally heary seart in a large space,it
getsthe optimal basisdirectly at level 1 (c) and level O (d), respectively, by expanding
the optimal basisfrom the lower level. In this experimert we usethe ORL dataset
and shrink the image size by the adaptive kmeansalgorithm. Original image sizeis
chosento be 2576,the reducedimage sizesof level 1 through 3 are 644, 136 and 34
respectively. d = 10, ki ain = 5, and Kt = 5.

3. When shrinking the image size by PCA, the proposed algorithm also shaows its
e ectivenessin saving learning time. The experimertal results shoved by Fig. 2.5
onceagain convince the e ectivenessof hierarchical learning algorithm.

(a) The PIE datasetis usedand original imagesizen is chosento be 2500,the reduced
image sizesof level 1 and level 2 are 1385and 100respectively. d = 12, Ky ain = 660,
and ktest = 726.

(b) The ORL datasetis usedand original imagesizen is chosento be 2576,the reduced
image sizesof level 1 and level 2 are 279 and 100 respectively, d = 12, k¢ ain = 120,
and ktest = 160.

4. We also comparedthe two proposedshrink methods: adaptive kmeansand PCA. We
found that shrinking the image size by the adaptive kmeansworks better than PCA
whenthe total number of training and test imagesis relatively large and shrink image
sizeby PCA worked better when the number is relatively small. The reasonfor this
phenomenonis that computing PCA is more time consumingthan adaptive K-means
whenthe subspacedimensionis large. Fig. 2.6 shovs the comparisonbetweenthe two
shrinking methods.
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(a) The PIE datasetis usedand original imagesizen is chosento be 2500,the reduced
image sizesof level 1 and level 2 are 1385and 100 respectively, d = 12, ki ain = 660
and kst = 726. Here the solid line is the time using adaptive kmeans, dashedline
PCA.

(b) The ORL datasetis usedand original imagesizen is chosento be 2576,the reduced
imagesizesof level 1 and level 2 are 279and 100respectively, d = 12,k 5in = 120and
kiest = 160. Herethe solid line is the time using adaptive kmeans,dashedline PCA.

2.5 Discussion

This chapter o ers a newtechnique calledhierarchical learningthat cane ectiv ely reduce
the learningtime of oneapplication of optimal componert analysis,which canbetreated asa
learning exampleon the Grassmannmanifold. Hierarchical learning decommsesthe original
optimization problem into se\eral levels accordingto a speci cally designedhierarchical
organizationand the dimensionof the data is reducedat ead level using a shrinkagematrix.
The following idea is then applied recursiwely: (i) optimize the recognition performancein
the reducedspaceusing the expandedlearning result of optimal basisof the next lower level
asaninitial point, and (ii) expandthe optimal subspaceo the biggerspacein a pre-speci ed
way. By applying this decompsition procedurerecursiwely, a hierarchy of layersis formed.
We shaw that the optimal performanceobtained in the reducedspaceis maintained after
the expansion. Therefore, the learning processof ead level starts with a good initial point
obtained from the next lower level. This speedsup the original algorithm signi cantly since
the learning is performed mainly in reduced spacesand the computational complexity is
reducedgreatly for ead iteration. The experimertal results showv the e ectivenessof the
proposedtechnique.

To simplify our discussion,let HL denote a family of functions: HL = fFjF(U) is a
function, whereU is an n -by- d matrix, n;d2 Z* and F () satis es the condition: for any
n%-by- d matrix U (n°< n), there exists an n-by-n® matrix A sud that F(AU) = F(U) g.
While the hierarchical learning technique is usedhereto speedup an application of OCA,
the ideacanbe appliedto a broad rangeof optimization problemson Grassmannand Stiefel
manifolds. For example,the Newton and conjugate gradiert algorithms on the Grassmann

38



and Stiefel manifolds proposedby Edelmanet al. in [12] can be acceleratedby hierarchical
learning if the objective function is a menber of the family of functionsHL.

Note the e ciency is gainedby decommsingthe learning processon a large Grassmann
manifold to a number of hierarchically organized Grassmannmanifolds with small dimen-
sions, the e ectivenessof the algorithm dependson the best achievable performancein the
reduceddimension. While the proposedadaptive K-meansalgorithm is shavn to be e ective
for the datasetwe have used,its e ectivenesds not guararteed. The conditions under which
the algorithm is e ectiv e needto be further investigated. Another future researt issueis to

nd better pixel grouping algorithms to generatethe shrinkage matrix.
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Figure 2.4. Plots of recognitionrate F (X;) (left) and distanceof X; from X (right) versus
t for di erent level using hierarchical learning algorithm for L = 3. (a) level 3, (b) level 2,
(c) level 1, (d) level 0. For thesecurves,image sizeis 2576, reducedimage sizesof level 1
through 3 are 644,136 and 34 respectively. d = 10, ky 4in = 5, and ket = 5. Dataset: ORL.
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Figure 2.5. Plot of searting time versusL, shrinking with PCA. (a) Dataset: PIE, image
sizeis 2500, reducedimagesizesof level 1 and level 2 are 1385and 100respectively, d = 12,
ki ain = 660, and kesr = 726. (b)Dataset: ORL, image sizeis 2576, reducedimage sizesof
level 1 and level 2 are 279 and 100respectively, d = 12, Ky ain = 120,and kst = 160.

41



Level L

(@)

Time (s)

Level L

(b)

Figure 2.6. Comparisonof the two shrinkage methods: adaptive K-meansand PCA. Plot
of searting time versusL. (a) Dataset: PIE, imagesizeis 2500,reducedimagesizesof level
1 and level 2 are 1385and 100 respectively, d = 12, Ky an = 660, and kiest = 726. Here
the solid line is the time using adaptive kmeans,dashedline PCA. (b)Dataset: ORL, image
sizeis 2576,reducedimage sizesof level 1 and level 2 are 279 and 100respectively, d = 12,

Ky ain = 120,and kst = 160. Here the solid line is the time using adaptive kmeans,dashed
line PCA.
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CHAPTER 3

CONCLUSION

In this thesis, two techniquesare proposed. Part oneis Appearance-Basedlassi cation
and Recognition Using Spectral Histogram Represetations. In this part, we presened
spectral histogramrepresemations for classi cation and recognition of imagesderived from a
generative process.While the derived model is simple, it is e ectiv efor di erent appearance-
basedapplicationsthat have beenprimarily studied separately The markedimprovemen of
our method over existing ones,along with the image synthesis and clustering visualization
results, justi es the e ectivenessand generality of the spectral histogram represetation.
Not only is our approat genericas demonstratedthrough di erent datasetsof real images,
the represemation also provides other advantagessud as illumination, rotation, and scale
invariance by choosing proper lters. Our represemation along with the Iter selection
algorithm provides a uni ed framework for appearance-baseabject recognition and image
classi cation. Within this framework, the di erence amonggeneralobject recognition, face
recognition, and texture classi cation is the choice of most e ective lters. While lters
with large scalesare most e ective for face recognition as facesare topographically very
similar, Iters whose scalesare comparable with texture elemerts are most e ective for
texture classi cation. Our lter selectionalgorithm choosesthe most e ective set of lters
in this regard. This may leadto a systemthat is e ectiv e for di erent typesofimages,which
is a key requiremernt for a genericrecognition system.

Part two is Hierarchical Learning for Optimal Componert Analysis. In this part, we o er
a new technique called hierarchical learning that can e ectiv ely reducethe learning time of
one application of optimal componert analysis,which can be treated as a learning example
on the Grassmannmanifold. Hierarchical learning decommsesthe original optimization
probleminto seeral levelsaccordingto a speci cally designedhierarchical organizationand
the dimensionof the data is reducedat ead level using a shrinkage matrix. The following
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ideaisthen appliedrecursiwely: (i) optimize the recognitionperformancein the reducedspace
usingthe expandedlearning result of optimal basisof the next lower level asan initial point,

and (ii) expandthe optimal subspaceo the biggerspacein a pre-speci ed way. By applying

this decomposition procedure recursiwely, a hierarchy of layers is formed. We shawv that

the optimal performanceobtained in the reducedspaceis maintained after the expansion.
Therefore, the learning processof ead level starts with a good initial point obtained from

the next lower level. This speedsup the original algorithm signi cantly sincethe learningis
performedmainly in reducedspacesand the computational complexity is reducedgreatly for
ead iteration. The experimertal results shav the e ectivenessof the proposedtechnique.
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