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In recen years, studies have shown that independent componerts of local windows
of natural images resenble the receptive elds of cells in the early stages of
the mammalian visual pathway. Howewer, the role of the independencein visual
recognition is not well understood. In this paper, we argue that the independence
resolves the curse of dimensionality by reducing the complexity of probability
models to the linear order of the dimension. In addition, we showv empirically that
the complexity reduction does not deteriorate the recognition performance on all
the datasetswe have usedbasedon an independen spectral represenation. In this
represeration, an input imageis rst decompsedinto independert channelsgiven
by the estimated independert componerts from training imagesand ead channel's
responseis then summarized using its histogram as an estimate of the underlying
probability model along that dimension. We demonstrate the su ciency of the
proposed represettation for image characterization by synthesizing textures and
objects through sampling and for recognition by applying it to large datasets. Our
comparisonsshow that the independert spectral represertation often gives better

recognition performance. ¢ 20030ptical Scciety of America

OCIS codes: 100.5010,100.2960,330.4060,330.6110

1. Intro duction

Understanding vision has ewlvedto be one of the most fundamental problemsin understanding in-
telligenceand in designingintelligent machines! SinceMarr's in uen tial paradigm of computational
vision,? it has beenwidely acceptedthat vision can be understood as an information processing

system, where Bayesianinference® has becomea dominating approad. In the Bayesianframework,



vision is formulated as a statistical inferenceproblem:

P(jS)P(S)

P(Sjl) = o)

I P(jS)P(S); @

wherel is an input image or image sequencen generaland S represens plausible interpretations.
For an input image, the interpretations that a vision system should produce are the oneswith
high posterior probability P (Sjl), a principle dated bac to Helmholtz.* While this formulation
provides a formal framework to formulate vision problemsin a principled way and many of the
classical ones have been elegarily reformulated in this framework (seeKnill and Richards® and
referencegherein for examples),it doesnot, however, imply a framework to implement an e cien t
computational vision system. The curse of dimensionality® and the lack of su cien t probability
modelsfor vision problemshave seriouslylimited the Bayesianframework's applicability to complex
real world problems.

The curse of dimensionality® is a widely obsened phenomenonin computational modeling; in
the context of Bayesianframework it refersto that both represerting and estimating high dimen-
sional probability modelsrequire resourceghat grow exponertially with the dimension (seeSection
2 for further explanations). As a result, this formal framework is often twisted to incorporate un-
principled rules and knowledgeto expedite the inference process.While impressive results can be
obtained, this twist seemsto invalidate the formality of the framework itself. Given the curse of
dimensionality, it seemshat the only computationally feasibleapproach to vision is to create su -
cient modelsthat are not subject to the curseof dimensionality. A plausible solution is to reducethe
dimensionsthrough somedimension reduction techniques, such as principal componert analysis3{8
and impose probability models in the reduced dimensions. Given the great variability in natural
images, while the number of dimensions can be reduced signi cantly within one class of images,
sudh asfaces,the number of dimensionsrequired to model di erent classesf imagesseemsstill too

high to be computationally feasible.Independencé o ers an alternative and general principle to

3



overcomethe problem, the idea of which has been proposedin the context of projection pursuit?
and unsupervised learning.*! Under the independenceassumption, the complexity of probability
models does not grow exponertially and thus more dimensions can be handled computationally.
Studies in this direction have beenfruitful in relating independert componerts of natural images
to the properties of the receptive elds of cellsin the early stagesof the mammalian visual pathway
(seee.q. Field,1% 12 Olshausenand Field,'* and Bell and Sejnowski:'®> Simoncelli and Olshausen!®
and Srivastava et al.1’ for reviews). In general,independert componerts are estimated using local
windows (of a speci ed size) sampled from a set of natural imagesand thus the independenceis
a property imposedon the ensenble of the training image windows of a speci ed size. Given that
the primary role of a vision systemis to perform recognition, i.e., to di erentiate objects basedon
the images,a critical question is how to relate the independenceto the recognition performance.
Recerly, the signi cance of these studies has been questioned based on the argumert that the
principles used in deriving those properties may not play an important role for visual recogni-
tion. Vasconcelosand Carneiro'® demonstrated empirically using image retrieval experimerts that
independert componerts often give worse performancethan commonly used bases.

In this paper, by viewing imagesas realizations sampledfrom the underlying probability dis-
tribution, wearguethat the linear represertation givenby projecting the input onto the independert
basess not statistically meaningful. This perspective requiresthat animagebe characterizedby the
underlying probability models, not directly by the pixel valuesin the input. This leadsusto propose
an independent spectral represenation. In this represertation, independert componens estimated
from input image windows are usedas lters, which are called independent lters , to di eren tiate
this view from that as a set of linear basesof the entire input images.This is also consistert with
studies on comparing independert componerts with the receptive elds in the visual system® In

analogyto the spatial/frequency channelsin the visual system®2? an independert Iter alsogives



rise to an independert channel, the response of which is modeled as the corvolution of the input
with the independert lter. The responsefrom ead independent channel is represerted by its his-
togram as an estimation of the underlying probability model along this independert dimension.
We systematically demonstrate the su ciency of the proposedrepresertation through synthesizing
textures and objects. Then we shav through recognition experimernts on texture classi cation and
face recognition that the independert spectral represertation producesthe best results on all the
datasetswe have used.

The paper is organizedas follows. Section 2 intro ducesindependert componerts of image win-
dows and the independen spectral represettation of images. Section 3 usestexture and object
synthesisto demonstrate the su ciency of the proposedrepreseration. Section4 shows our exper-
imental results on texture, face, and infrared face datasets. Section 5 discussesa number of issues

and Section 6 concludesthe paper.

2. Indep endent Spectral Represen tations of Images

A. Indep endent Filters of Images

In imageanalysis, it is often desirableto represen the input imagein a (sub)spaceto reveal someof
the characteristics of the data and reducethe dimension, where linear represertation is often used

due to its computational and analytical properties. Under the linear represenation, an obsened

Here’ indicates transposeoperation and eac S; is a vector of length N . This leadsto the following
linear generative model:

X
¥= XS = Sx (2)



recovering the represetiation given an input is through pseudoinverse,given by,
x= Wy )

We assumeead column of S and ead row of W have a unit length. In the probabilistic modeling of

are assumedto be samplesfrom a model with the sameunderlying factors. More formally, ead y;

is assumedto be a random variable and thus ead x; is alsoa random variable. Each training image

properties on the spacegiven by x, di erent techniques have beenproposedto estimate S and W
from the training set. For example, principal componert analysis®’ captures the most variance in
the spacegiven by x. The principal componerts are orthonormal andthusW = S° One of the major
limitations of principal componerts is that they can only capture second-orderstatistics. Higher
order statistics, which are shavn to be important for e ectiv e natural image represenations, 4 are
ignored in principal componerts. To overcomethis limitation, independert componert analysis’ is
proposed,where S and W are estimated by minimizing the statistical dependenceof the resulting

represertation in the given set. Formally, we have,

W = argmin KL(p(*);p(x1)  P(X)); (4)

wherex = Wy asin Eq. (3), KL is the Kullback-Leibler divergence,p(x) the joint distribution,

and p(x;) the ith marginal distribution. The right term in Eq. (4) is the mutual information among

culation of independert componerts for a large K is computationally not feasible as it requires
to estimate the full joint distribution and evaluate the mutual information. In practice, many al-

gorithms have been proposedby optimizing somecriteria related to statistical independence(see
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Hyvarinen?! for a survey).

In this paper, the independert componerts of a speci ed window size are computed using
the FastICA algorithm by Hyverinen?? and the rows of the estimated W are usedas independert
Iters. The algorithm was derived basedon a rst order approximation of negenropy, which can
be usedto evaluate mutual information.® This iterativ e algorithm was empirically shown to be 10
to 100times faster than many ICA algorithms.?2

To calculate the independen Iters, rst 40,000imagewindows of a speci ed sizefrom 3 3to
25 25 are extracted from the training images.Theseimage windows are usedas obsenations and
the FastICA algorithm is applied on the setto estimate S and W at the sametime. Fig. 1 shavs
independernt componerts estimated using samplesfrom a texture dataset with di erent window
sizes.Note that S and W in independert componert analysisare not in generalorthonormal; to be
computationally e cien t, we have also orthonormalized W by W, = (W W) W . These lters
resenble orientation-sensitive derivative lters. Note that the independert lters depend on the
window size and do not match analytical Iters, eventhough someof the independert Iters may
have a similar shape with someanalytical lters, sud as Gabor lters.

Assuming that the resulting represenations of the given lters are statistically independert,
the Kullback-Leibler distance between two joint distributions is the sum of their corresponding

marginal distributions as shaowvn by the following equation:

KL(p1(X1; Xk );p2(X1;  :Xk))

R R o

= 0 ox Pxa ;x@log%dxl dxk
R R P .

= o P pi(xk) S log B, dxk (5)
P

R .
15 Pa(xi) log B

P K1 KL(pe(xi); p2(xi))

where pi(x1;  ; Xk ) is the joint distribution and pj(x;) the jth marginal distribution. Equation



(5) implies that under the independenceassumption we can compare probability models of images
by comparing the marginal distributions.

Comparedto the joint represenation, the marginal distribution represenation provides a low
complexity represeration without lossof information if the independent lIters are completely in-
dependen. Equation (5) shaws a distinctiv e advantage of an independent represertation. That is, it
greatly reducesthe structural complexity of represening the probability distributions. To illustrate,
supposethat probability distributions are represetted discretely using L; bins along dimension x;.
To represett the joint distribution of K dimensions,we neeinK:1 L; cells. For example,if K = 11
and L; = 10;8i, it would require 10 cells to represen the joint distribution, which would use
roughly all the neuronsin the brain! On the other hand, represening all the marginals requires
only P K. Li cells. For the above example, we only need 110 cells. In addition, the number of
samplesneededto estimate the distributions is also reduced signi cantly. To emphasizethis sig-
ni cant advantage of independert represertations, Fig. 2 shows the number of cells neededfor a
joint distribution and the corresponding marginal distributions. It is clear that independen com-

ponerts resolwe the curse of dimensionality, which is a fundamertal factor in determining whether

a successfuimethod for low dimensionscan be extendedto high dimensional cases.

B. Indep endent Spectral Represen tations

It is clear from the de nition that independent Iters and the corresponding represertations are
derived basedon a set of unlabeled imagesand the independenceproperty is valid on the ensem-
ble of the imagesused in estimating independert componerts. Becauseof this setting, a direct
use of independert componerts on a single image window is not statistically meaningful. Given
that the primary goal of a vision systemis to di erentiate desirable objects suc as food sources
from dangerousobjects, distinguishing and recognizingdi erent natural imagesis clearly critical.

A plausible visual represeration therefore must be reasonablyaccurate for recognition. This raises



a fundamental questionfor independert componerts. To be useful, a represertation basedon inde-
pendert componerts must be derived, which can be usedto e ectiv ely distinguish among objects
assaiated with natural images.

Given a large image of an object, by breaking the image into overlapping windows of a spec-
ied size,we estimate the marginal distributions using the represenations of these windows and
thus the underlying joint distribution. If we ignore the spatial dependenceof the image windows,
we can usethe empirical histogram of the represerttations of the image windows as the maximum
likelihood estimate of the corresponding marginal distribution. 22 Also the corvolution with a par-
ticular image window is the dot product betweenthe window and the mirrored lter and thus Eq.
(3) can be implemented using cornvolution. Theseobsenations lead to the following represenation
of an image. Given a set of independert lters, we corvolve the input image with the Iters. The
histogram of the Itered image is computed which givesan estimate of the marginal distribution
along the dimension given by the lter. As shown in Eq. (5), the marginal distributions along
di erent dimensionstogether represen the underlying joint probability distribution under the in-
dependenceassumption. Thus the histograms of Itered imagesprovide a characterization of the
input image. In the cortext of spectral represetation, 2 we call this represertation independent
spectral representation as the Iters are assumedto be independent. Note that the independert
spectral represenation is conceptually di erent from commonly usedlinear represenations where
Eq. (3) is viewed as a meansfor dimension reduction (e.g. Sirovich and Kirb y® and Sccolinsky and
Selingef®). In the latter one, the recognition is done basedon the projection of ead image as a
whole. While it can be e ectiv e for recognition on somedatasets (see Section4 for examples),it is
not consistent with the probabilistic view of image modeling.

The use of histograms of Itered imageshas been proposedfor texture modeling. Motiv ated

by psydhophysical studies??®2” Marginal distributions of ltered imageshave beenusede ectiv ely



for texture synthesis?®30 and texton and texture discrimination.?* They have also been extended
empirically to object recognition 332 and segmemation. 33 While these represerations rely the

independenceassumptionimplicitly , the assumption was not formulated formally.

3. Texture and Object Synthesis Using Indep endent Spectral Represen tations

From its de nition, the independert spectral represenation represerns the object in an image
using probability models of local windows, which ignores the positional sensitive information in
the image, resulting in translation invariant feature statistics. While it is desirablefor caseswhere
global topological structures are not important such as textures, it seemsthat the independert
spectral represertation may be an oversimpli ed represenation that is only e ectiv e for certain
typesof images.

To addressthis issueand demonstratethe su ciency of the proposedrepresettation, we utilize

texture and object synthesis to systematically generate images that share a given independert

Here we usep (x;) to indicate that p(x;) is estimated from image|. An exhaustive seardy among
all the possibleimagesis computationally not feasible.We utilize a sampling procedureby inducing

the following probability model on all images,

X
q(ljT; Py obs (X1); Pobs (X ) /- exp( D (pi (Xi); pyobs (Xi))=T); (6)
i=1

where T is a parameter corresponding to the temperature and D is a distance measurebetween
two marginal distributions. In our implementation, we have usedthe L, (with p= 1 and p = 2)

norm distance betweenthe vectors corresponding to the marginal distributions; other distancescan
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also be used. Under this probability model, the problem of generating imagesfrom ( 1°%) is to
generate high probability samplesunder g. Following Zhu et al.,*® we use a Gibbs sampler with
annealing; other statistical sampling technigues can also be used. Fig. 3 shows four examples of
synthesizedtextures through matching independert spectral represenations. In all theseexamples,
the independert spectral represertation is rst calculated from the obsened image showvn on the
left in eadh panel. The two on the right in eat panel are typical samples.Note that while these
imagesin ead panel have similar appearance,they are very di erent in the RMS distance sense.
A direct application of the above sampling procedureto synthesizing objects with global topo-
logical structures is not satisfactory asthe translation greatly a ects the appearanceof the synthe-
sizedobject. To overcomethis problem, we proposeto usesomeobjects asthe boundary condition
for sampling in that those pixels are xed and are not updated. Fig. 4 shavs an example.Fig. 4(a)
showsthe obsenedimageof atelephoneand Fig. 4(b) showvsthe imagewith the boundary condition.
Fig. 4(c) shows a typical initial condition for sampling, which is a white noiseimage. Fig. 4(d)-(f)
show three typical synthesized imagesby running the Gibbs sampler three times with dierent
initial conditions. We can seethat all the synthesizedimagescapture the topological structures of
the telephoneobject eventhough there are considerablevariations in pixel values.The e ectiv eness
of the independen spectral represenation is due to the local constraints from di erent lIters that
are sensitive to local patterns and the global constraints imposedby the marginals. Note that the
shapesof Iters are critical. For comparison, Fig. 4(g) shaws a synthesizedexample using principal
Iters, i.e, the principal componerts estimated from 40,000image windows of di erent sizes.Even
though the Gibbs samplerremainse ectiv e, the synthesizedimage doesnot capture the topological
structures. Figure 5 shows three more object synthesis examples.In all the examples,the global
topological structures and local structures are e ectiv ely captured by their independernt spectral

represeration.

11



4. Recognition Exp erimen ts

To demonstrate the advantages of the proposed represettation for recognition, we have applied
it to texture classi cation and face recognition, represening two typical recognition problems in
computer vision. For ead dataset, we rst estimate the independert Iters using the FastiCA
algorithm on 40,000sampleswith di erent window sizesrandomly picked from the training images.
We usewindow sizesfrom 3 3to 25 25and result in atotal of 483 Iters. We have usedthe rows
of estimated W's as lters. (We have experimented with Iters given by W, and obtained similar
results.) We then choose 40 Iters using a proposed Iter selection algorithm (seebelow). Each
image is then represenied by its independert spectral represenation using the 40 chosen lters.
The classi cation is done using a standard multiple layer perceptron neural network trained with
badk propagation;3* we have usedthe nearestneighbor rule and other classi ers and in most cases
we have obtained comparableresults.

In this section,we rst presen our Iter selectionalgorithm and then our recognition results on
a texture dataset, a facedataset, and two infrared datasets.We have included the infrared datasets

to show that the proposedrepresenation is generalizableto sensorsother than visible ones.

A. Filter Selection Algorithm

As we discussedearlier, the FastICA algorithm estimates the independert Iters at a particular
window size. By applying the algorithm with di erent window sizes,we obtain a large number of
independert Iters. In this paper, we have in total 483 lters at scalesfrom 3 3to 25 25.These
Iters howewver are redundant and not necessaryfor a particular dataset. The redundancy is due to
that the marginal distribution of two di erent Iters canbeidentical if the Iters areidentical after
a translation. Filters at dierent scalesmay also have similar marginal distributions as they are

estimated separately In addition, the large number of lters is computationally expensive as the
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calculation of the independert spectral represenation requires corvolution with dierent Iters.
To selecta small number of Iters for recognition, here we use a lter selection algorithm
that was proposedby Liu and Wang for texture classi cation.3? We have extended this algorithm
by bootstrapping the designsamplesinto multiple sets of training and validation sets. The basic
idea is to choose Iters one by one so that the performance estimated on the validation set is

maximized. More formally, we divide all the available design samplesinto L training-validation

Then we estimate the recognition performance on V() using the training samplesin T() and
the lters in C, denoted by F(V()jT():C). The average performanceis taken as an estimate of
the recognition performance of the lters in C. We choosethe Iter that works the best with
the currently chosen ones. This procedure is repeated until the performance does not increase
signi cantly by adding one more lter. This greedy algorithm is computationally e cien t and our
results indicate the selected Iters are su cien t for our recognition experiments even though the
chosen Iters are not guararnteed to be the optimal set. The algorithm is outlined below, where W
is the set of the candidate independert Iters estimated from the given dataset, C the subset of
Iters that hasbeenchosensofar, L a parameter that speci es the number of training-v alidation

pairs, and a threshold.
Filter Selection Algorithm

WZfW]_; ;WKg, C=

repeat
for eadh lter W in W
calculate F(C[ W ) = 1= " LoF(vOTO.c W)
=max F(C[ W)
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E=F(C[W ) F(C)
if E> then
C=C[W , W=Wnw

until E

B. Texture Classication

We have applied our method to the problem of texture classi cation, which hasbeenstudied exten-
sively as a separatetopic in computer vision. We argue that texture models should be consistert
with perceptual models for objects as they needto be addressedwithin one generic recognition
system; we demonstrate in this paper that our method can be applied equally well to texture
classi cation aswell asto face and object recognition.

To demonstrate the e ectiv enessof our approad, we usea dataset consisting of 40 textures, as
shawvn in Fig. 6. Each texture imageis partitioned into non-overlapping patcheswith size32 32and
then all the obtained patchesare divided into a training set and a test set with no common patch
between the two sets. We rst estimate the independen Iters using the FastICA algorithm on
40,000samplesrandomly picked from the training set. We then apply our Iter selectionalgorithm
to select40 lters from all the independent Iters. The neural network trained with the chosen
Iters is then usedto classify the patchesin the test set. To avoid the bias due to the choice of the
training set, werandomly choosethe training setfor ead texture and run our algorithm many times
for a better evaluation. We also change the number of patchesin the training setto demonstrate
the generalization capability of our represenation.

The 40 selected lters are shawvn in Fig. 7. We can seethat our algorithm chose Iters whose
shape is comparablewith dominant local texture patterns. Table 1 shaws the classi cation result
with 100 trials for ead setting. This dataset is very challenging in that some of textures are

perceptually similar to other textures in the dataset and someare inhomogeneouswith signi cant
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variations. With asfew as 8 training patches, our method achieves a correct classi cation rate of
92% on average.With half patchesusedfor training, we adchieve an averageclassi cation rate over
96%.

For comparison, Table 1 also shaws the results using principal and independert componert
represemations directly on eadh 32 32 image patch. Each training patch is represened by a
vector and we then train a classi er using the vectors in the training set. The trained classi er
is then usedto classify test patchesalso represened by a vector. As discussedearlier, clearly the
direct useof linear represenations is not e ectiv e for texture classi cation.

To further demonstrate the e ectiv enessof the proposedrepresenation, we have applied our
method to two challenging texture groups for classi cation used by Randen and Husoy® in a
comprehensiv comparative study. The two groups, shovn in Fig. 8, are dicult due to the sig-
ni cant variations and inhomogeneily within ead texture type and the similarities betweensome
textures. These factors result in large within-class distancesand possible small between-classdis-
tances, making the classi cation of these groups very challenging. The averagerecognition rate of
all the methods studied in Randen and Husoy3® is 52.6%for Fig. 8(a) and 54.0%for Fig. 8(b) with
the best recognition rate of 67:7% and 72:2% respectively.

Here we use the same experimental setting as in Randen and Husoy.3> A separate training
group is usedto estimate the independert Iters. Then 40 lters are selectedand a multiple layer
perceptron is trained using 32 32 image windows from the training images. Then the trained
multiple layer perceptronis usedto classify32 32 window patchesin the test images.Fig. 9 shows
the results from all the methods in Randen and Husoy3® along with ours for comparison. For Fig.
8(a), our method gives a correct classi cation rate of 91:01% and For Fig. 8(b) 91:72%. Clearly
our method givesa signi cant improvemert over all the methods studied in Randen and Husoy.3°

This is becausethat the independent spectral represertation is basedon the underlying probability
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model of an image, not the image itself.

While texture classi cation using lters has been studied extensiwely, its performanceis far
from satisfactory partially dueto that no Iters are optimal for all textures and partially dueto the
needof more invariant texture features.As in the examplesshown here, there are often considerable
variations within one texture type and remarkable similarities betweendi erent textures, making
the generictexture classi cation problem very challenging. Here we resolve the lter designproblem
by deriving lters asindependent componerts of imagesand addressthe feature extraction by using
the underlying probability model of the image. While more thorough experiments and analysis are
to be further investigated, the results are corvincing. We expect that the proposedmethod would

provide a signi cant performanceimprovemert for texture classi cation.

C. Face Recognition

We have also applied our method to face recognition using ORL, 3¢ a standard face dataset. The
dataset consists of facesof 40 di erent subjects with 10 imagesead. The imageswere taken at
di erent times with dierent lighting conditions on a dark badkground. While only limited side
movemert and tilt were allowed, there was no restriction on facial expression.

The procedureis the sameasthat for texture classi cation. We rst calculate 483 independert
Iters using the FastICA algorithm and then select 40 from them. We vary the number of the
training facesper subject and the remaining images are used for testing. As we did for texture
classi cation, we randomly choose the training images from the dataset to avoid the potential
bias due to the choice of training faces.The results are showvn in Table 2. Here the variation of
the performanceis signi cant, especially the di erence betweenthe best and worst, indicating the
choice of the training set can a ect the recognition performance signi cantly. Our performanceis
signi cantly better than that of PCA and ICA essetially becausedi erent lighting conditions and

facial expressionmake the pixel-wise basedlinear represernation not reliable for recognition.3” The
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results obtained here are alsosigni cantly better than those obtained by Zhang et al.3” on the same

dataset.

D. Infrared Face Recognition

To demonstratethat the proposedmethod can be generalizedto imagesfrom other sensorsherewe
apply our method to two infrared facedatasetsshown Fig. 10. As in the texture and facerecognition
case,we rst estimate the independert lters from 40,000samplesof eady window size randomly
picked from the training imageswith window sizesfrom 3 3to 25 25.Then lters are selected
from all the estimated independert lters.

The rst dataset, partially shown in Fig. 10(a), consists of nine subjects, ead with about
30 pictures under di erent posesand facial expressions.As opposeto video face recognition, the
infrared sensoris not sensitive to lighting conditions.38 We useroughly half of the imagesastraining
and the rest astest. We have obtained 99:05% correct recognition rate, which is considerablybetter
than those methods reported in Srivastava and Liu38 on the samedataset.

We have also applied our method to a large dataset, someof which are shavn in Fig. 10(b).
Here we use longwave infrared images of 63 subjects with a total of 3893 images. Compared to
the dataset in Fig. 10(a), the variation within ead classis relatively small. As in the other cases,
we estimated 483 independent lters and then apply our lter selectionalgorithm. Becauseof the
relative small variations within ead class, our Iter selection algorithm selectedonly one Iter
which gives perfect classi cation on all the validation sets. Thus instead of using 40 lters, only

one lter is usedand the performanceon the test setis 99:43%.

5. Discussion

Basedon the assumptionthat Iters are statistically independert, we have proposedthe indepen-

dent spectral represertation as feature statistics for imagesand demonstrated its e ectiv enessfor
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recognition on seeral datasets. There are theoretical aswell as computational issuesregarding the
independenceassumption. Theoretically, lters that are completely independert may not exist for
image datasetsasimagesform manifolds that are intrinsically nonlinear.3® This implies that depen-
dencemust exist in generalamong linear independert componerts, which leadsto recert studies
on modeling the dependence(e.g. Hyvarinen and Hoyer*>41 and Wainwright et al.*?). Computa-
tionally, as discussedin Sect. 2, the estimation of independert componerts requiresthe evaluation
of a joint distribution in a high dimensional space;this makesit computationally infeasibleto com-
pute the globally optimal independert componerts given by Eq. (4). In this regard, independert
componert algorithms such asthe FastICA algorithm?2 usedhere are signi cant in that they make
it possibleto compute approximate solutions of an infeasible problem. Nevertheless,none of the
existing algorithms can guarantee the global optimality of its solution.

Given the theoretical and computational problems of estimating independent componerts, it
would be important to study how the performanceof the independert spectral represertation relies
on the independenceof \indep endert" componerts. We argue that the e ectiv enessof the inde-
pendert spectral represetiation can be more general.In other words, the recognition performance
using the independent spectral represettation can be e ectiv e even when there is signi cant de-
pendenceamongthe lters. It is obvious that the completely independen Iters are preferred as
they guarantee that the independen spectral represenation is equivalert to the joint one. When
there exists dependenceamongthe lters, the independert spectral represeration incurs an infor-
mation loss. Whether this lossis critical for recognition performancedependson the training and
test set. As shavn by Domingos and Pazzani*® for the naive Bayesianclassi er case,this doesnot
incur any recognition performancelossunder conditions where independenceis violated by a large
margin. Given this, we argue that the independert spectral represenation may provide a robust

represertation eventhe Iters are not independent. To support this argumert, we have used lters
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that are known to be dependen for comparison.Here we use principal componerts as lters. Note
that the principal componerts here are calculated from the 40,000sampleswith di erent window
sizesfrom training imagesand they are not the principal componerts of ertire images. Principal
Iters do not correlate with ead other. However, if there exists higher than the secondorder sta-
tistical dependence,the principal componerts are statistically dependert. The procedure we use
for recognition is essetially the sameexceptthat we use principal Iters in place of independert
Iters. We found the performanceis comparablewith that of using independert componerts even
though the independert spectral represertation givesbetter performancein general. Table 3 gives
an example using the texture dataset shavn in Fig. 6.

In the spectral represetation framework,?* the Iters determine the recognition performance
on a particular dataset. Our method proposedherecanbe seenasa two-stepapproximate algorithm
of nding optimal lters for recognition. In the rst step, independen Iters are learned in an
unsupervisedway by maximizing a criterion related to statistical independenceimplemented by the
FastICA algorithm.?? In the secondstep, optimal Iters amongthe independert onesare selectedby
the Iter selectionalgorithm. Instead of selecting lters from the independert ones,it is conceptually
more appealing to learn the optimal Iters by maximizing the recognition performance over all
the possible Iters. This, howewer, is a computationally challenging optimization task due to the
dimensionof the seart spaceand the computational cost of estimating the performancefor a given
set of Iters. While our empirical results have shown the independert lters provide satisfactory
results on the datasets we have used, it would be interesting to compare the independert lters

with the learned optimal Iters for recognition. This needsto be further investigated.
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6. Conclusion

In this paper we have proposedan independert spectral represenation for recognition basedon
images.In this represetation, the lters are estimated from training imagesasindependert compo-
nents of local imagewindows of di erent sizes.The su ciency of the represeration is demonstrated
through texture and object synthesis experiments. For recognition on a particular dataset, a subset
of Iters is selectedto maximize the recognition performance.We have shovn empirically using dif-
ferent kinds of datasetsits e ectiv enessfor recognition and obtained signi cant improvemert over
commonly used linear represenations. Our results support that independert componerts provide
an e ectiv e way to overcomethe curse of dimensionality by reducing the complexity of probability
models and the complexity reduction doesnot incur a signi cant loss of recognition performance
in the proposedrepresenation framework.

We emphasizethat our represettation is proposedwithin the linear represenation framework
under the independenceassumption. While our represenation makesit clear that an image should
be characterized by the underlying probability model and improvesthe recognition performanceon
the datasetswe have used, by no meansthis study implies that the proposedrepresenation or its
kind is su cien t for generalvisual recognition. The linear represettation is a crude imaging model
and the estimation procedure of the underlying probability model we have usedis valid only in
the linear represeration framework. It seemsclear however that su cien t probability models not
subject to the curseof dimensionality would be critical for an e cien t implementation of a general

vision system. We hope that our study is usefulin that direction.
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List of Figures

Fig. 1. Independert lters computed from the 40-texture dataset shown in Fig. 6. In ead
panel, ead image in the left correspondsto one column of S, in the middle corresponds to
onerow of W, and in the right correspndsto onerow of W 4. (a)-(c) Independert lIters

of scaless 5,7 7,and 11 11 respectively.

Fig. 2. The number of required cells to represen a joint distribution (solid line) and the
corresponding distributions discretely with respect to the dimensionality, assuming ead

dimensionis quantized into 10 bins. The vertical axis is shavn in logarithmic scale.

Fig. 3. Synthesizedtextures through matching independert spectral represettations. In eadh
panel, the left shows the original image and the remaining two shaw two typical examplesof
synthesizedimages.(a) A texture with rough periodic elemerts. (b) A texture with stochastic
horizontal elemers. (c) A texture with no obvious repeated patterns. (d) A texture with

detailed elemers.
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Fig. 4. Synthesizedimagesof an object. (a) A telephoneobject given as an image. (b) The
input with the boundary condition used for synthesis. (c) Initial condition for synthesis,
which is a white noiseimage. (d)-(f ) Three synthesizedimagesof the object through match-

ing independert spectral represenation. (g) A synthesizedimage using principal lters.

Fig. 5. Synthesized images of objects and faces.In ead panel, the left most is the input
image and the rest are typical synthesizedexamplesby matching independert spectral rep-
resenations. Here similar objects are usedas boundary conditions asin Fig. 4 but are not

shown here. (a) An stapler. (b) and (¢) Two faces.

Fig. 6. Forty natural textures used in the classication experimens (available at

http://www-db v.cs.uni-bonn.de/image/texture.tar.gz). The input image sizeis 256 256.

Fig. 7. 40 Iters selectedfor the texture dataset shown in Fig. 6.

Fig. 8. 10-texture image groups used in Randen and Husoy.3® Each image is 128 128.
(a) The texture imagesin Figure 11(h) of Randen and Husoy.®® (b) The texture imagesin

Figure 11(i) of Randen and Husoy.3®

Fig. 9. Correct classi cation rate for all the methods in Randen and Husoy®® for Fig. 8(a)
and (b) respectively and the proposed method. In ead plot, ead data point represens
one result (corresponding to one texture classi cation method) in Tables 3, 6, 8, and 9 of

Randen and Husoy,%® and the dashedline is the result of the proposedmethod.
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Fig. 10. (a) Example images from the FSU IR face database (available
at http://fsvision.fsu.edu). (b) Long wave infrared image examples from
a dataset of 3893 images generated by Equinox compary (available at

http://www.equino xsensors.com/pralucts/HID.h tml.

29



(b)

(©)

Figure 1, Liu and Cheng

30



1e+100

1e+80

1le+60

le+40

Number of cells

1le+20

10

Dimensionality

Figure 2, Liu and Cheng

31



(©) (d)

Figure 3, Liu and Cheng

32



Figure 4, Liu and Cheng

33



(b)

(©

Figure 5, Liu and Cheng

34



Figure 6, Liu and Cheng

35



Figure 7, Liu and Cheng

36



Figure 8, Liu and Cheng
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Table 1. Averagerecognition results for the texture dataset showvn in Fig. 6

Training/test per texture

Methods | 32/ 32| 22/ 42| 16/ 48 | 8/ 56

PCA 22.84%| 20.57% | 18.74% | 15.88%

ICA 23.17% | 21.80% | 20.32% | 18.54%

Proposed | 97.81% | 97.44% | 95.42% | 92.19%
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Table 2. Recognition results for ORL face dataset of 100 trials

Dierent

Methods

Training/test faceimagesper subject

Averagerate

Best rate

Worst rate

5/5

3/7

5/5

3/7

5/5 3/7

PCA

94.53%

88.00%

98.5%

92.14%

89.0% | 80.71%

ICA

94.00%

85.95%

97.50%

92.50%

89.0% | 75.36%

Proposed

97.88%

92.74%

100%

96.77%

95.00% | 87.14%
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Table 3. Averagerecognition results using principal and independert lters for the texture

dataset shown in Fig. 6

Training/test per texture

Methods 32/ 32|22/ 42| 16/ 48| 8/ 56

Principal lters 95.44% | 94.64% | 94.67% | 92.24%

Independert lters | 97.81% | 97.44% | 95.42% | 92.19%
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