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Re-Interpreting the Application of Gabor Filters
as a Manipulation of the Margin in Linear
Support Vector Machines

Ahmed Bilal Ashraf, Simon Lucey, Tsuhan Chen

Abstract—Linear filters are ubiquitously used as a pre-processing step for many classification tasks in computer vision. In particular,
applying Gabor filters followed by a classification stage, such as a support vector machine (SVM), is now common practice in computer
vision applications like face identity and expression recognition. A fundamental problem occurs, however, with respect to the high
dimensionality of the concatenated Gabor filter responses in terms of memory requirements and computational efficiency during
training and testing. In this paper we demonstrate how the pre-processing step of applying a bank of linear filters can be reinterpreted
as manipulating the type of margin being maximized within the linear SVM. This new interpretation leads to sizable memory and
computational advantages with respect to existing approaches. The re-interpreted formulation turns out to be indpendent of the number
of filters, thereby allowing to examine the feature spaces derived from arbitrarily large number of linear filters, a hitherto untestable
prospect. Further, this new interpretation of filter banks gives new insights, other than the often cited biological motivations, into why
the pre-processing of images with filter banks, like Gabor filters, improves classification performance.

Index Terms—Gabor filters, support vector machine, maximum margin, expression recognition
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1 INTRODUCTION

of training image data, whose high dimensional concatehate
filter responses are then used to learn a linear SVM with a Eu-

Linear filters are often used to extract useful feature reprelidean distance margin, can be viewed as learning an SVM in

sentations for classification problems in computer visidne
particular filter, based on the seminal work of Gabdy fhat

the original low dimensional appearance space with a weijht
Euclidean distance margin. This equivalence opens the door

has received attention in the vision community are Gabgj the exploration of image resolutions and filter bank sizes
wavelets due to their biological relevance and computatiorpreviously unimaginable as the computational and memory
properties 7], [3], [4], [5]. The employment of a concatenatiorrequirements of learning the SVM are now independent of
of Gabor filter responses, as a pre-processing step, befgre number of filter banks. Our key contributions in this pape
learning a classifier has found particular success in fagee as follows,

identity [6], [7] and expressiond], [9] recognition when
compared to learning those classifiers with original apgeece

features/pixels. However, a fundamental problem with ehes
methods is the inherently large memory and computational
overheads required for training and testing in the over-
complete Gabor domain. As a result many approximations
have been proposed in literature to circumvent this prob-
lem [6], [7], [8], [10]. Even with these approximations, the
sheer size of the over-complete Gabor domain representatio .
limits the number of filters and the size of images that can be

employed during the learning of most practical classifiers.

In this paper we present a method that is able to circumvent
the need for any of these approximations when learning a
linear support vector machine (SVM). Our method is inspired
by some of the recent work of Shivaswamy and Jebaf [
concerning what “type” of margin should be maximized during e
the estimation of a maximum margin classifier such as an
SVM. In this work Shivaswamy and Jebara discussed the
importance of selecting the “correct” kind of margin when
learning an SVM and how maximizing a margin based on .
Euclidean distance might not always be the best choice in
terms of classifier generalization. In our proposed work, we
demonstrate how the application of a bank of filters to a set

Exploiting Parseval’s relation [17] (dot products are con-
served between spatial and Fourier domains) we demon-
strate that learning an SVM that maximized the Euclidean
distance margin of Gabor pre-processed images can be
reinterpreted as learning an SVM that maximizes the
weighted Euclidean distance margin of the raw images
in the Fourier domain (Sectiob).

Demonstrate how to represent a complex 2D-DFT image
as a real vector such that the inner product between these
real-vectors is equivalent to the complex inner product
of the Fourier representation. Based on this equivalence,
conventional linear SVM packages can be employed for
learning that can only handle real training vectors without
any need to re-writing or expanding code (Sectiof).
Describe how the linear SVM learnt in the Fourier
domain can obtain an equivalent linear SVM in the
original appearance domain without the need for any pre-
processing filtering or 2D-DFT (Sectidn?).

We apply our novel computationally efficient framework
to the challenging task of action unit detection on the
Cohn-Kanade facial action databasel][exploring pre-
viously impractical numbers of filter banks and filter
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response resolutions. We additionally demonstrate thatThe central purpose of this paper is to report a method
using the full resolution filter responses significantlyhat requiresio approximation to the full resolution responses
outperforms previous approaché&$that downsample the without any additional memory overhead, and demonstrate
responses (Sectios). that the preservation of these full resolution responsadsle

We restrict our experiments in this paper solely to facid® improved performance over well known approximation
expression recognition, as the application of Gabor filtePdethods ].
followed by an SVM is now considered one of the leading
methods §], [9] in terms of performance. Our approach3d GABOR FILTER REPRESENTATIONS
however, is not restricted to expression recognition wité t
approach outlined in this paper being applicable to ma
computer vision problems.

rknspired by previous breakthroughs in quantum theory Ga-
b%r [1] derived an uncertainty relation for information in the
mid 1940s. Gabor elaborated a quantum theory of information
that consigns signals to regions of an information diagram
2 THE PROBLEM whose coordinates are time and frequency and whose minimal
. . . . area (a product of frequency bandwidth and temporal duratio
Hitherto, a fundamental problem associated with the aapllqs governed by an “uncertainty principle” similar to the one
_tion of pre-process?r_lg Ii_nea_r filter banks (like Gabor) to Adund in guantum physics. He demonstrated that this qeantil
'mage before class_|f|cat|on IS th_e Iarg_e memory and COMPYFain of information can be redistributed in shape but net re
tational overheads mcqrred, during training a_nd testfmyp duced in area, and that the general family of signals, whieh a
the now dercomplete fllter-bgs_ed representation c_>f thagin commonly referred to now as Gabor filters, that achieve this
The significance of these additional memory requiremeris C8mallest possible grain size are Gaussian modulated $isuso
be realized through a simple thought experiment where WE the 1980s it was demonstrated,[[3], [4], [5] how these
apply a ban_k of) x 81 _G_abor filters to a _modest size imagqam“y of signals could be expan'ded’to ’han(ﬂB spatial
of 1.18 x 48 p|xgls, as orlglln.ally espouseql |91[for the task of signals and how they could be related to wavelet theory.ifn th
fac'al expression recognition. The applicationok 8 Gabor same body of work it was demonstrated that these filters were
filters results in9 x 8 > 48 x 48 = 165, 888 features. If We qinyiiar 1o the 2D receptive field profiles of the mammalian

have 10,000 images in our training set, this would requir,,ica| simple cells, and have desirable properties irtiapa
approximately6.17 Gb of storage assuming the responses alr(?cality and orientation selectivity

stored as floats. If we were to push the bounds on our system. ihe 2D spatial domain, a Gabor wavelet is a complex

and employ slightly larger images of sag0 x 100 pixels this exponential modulated by a Gaussian
would now require a very demandiri$.82 Gb of memory ’

storage. If we were to further push the bounds of performance 1 cap{— +y +jwa} 1)
and entertain the employment ofla8 x 128 bank of Gabor o2 P 202 J
filters we would now require a very impractical96 Tb of \\neres’ — xcos(0) + ysin(6), y = —asin(f) + ycos(d),
storage to train our classifier. B _ z and y denote the pixel positions, represents the centre

It one was to adopt a filter specific sampling strategy Gfequency,0 represents the orientation of the Gabor wavelet,
the responses, based on the spectral characteristics bf &gfile » denotes the standard deviation of the Gaussian func-
filter, one could lessen the memory overhead of this naiygn. please refer to5] on strategies for spacing the filters
approach, without information loss, by sampling each respo i, the 2D spatial frequency domain for a fixed number of
according to the filter's Nyquist ratel{]. However, even gcgles and orientations. Given M dimensional vectorized

with this more sophisitcated sampling strategy, one islefil iyt imagex and the vectorized® x Q 2D filter g, o =
with the realization that memory storage constraints diyec [90.0(1,1),....g00(P,Q)]T one can obtain theV dimen-
influence the number and type of filters one can employ Y5nal vector response,

any practical learning scenario. As a result of this inheren

computation and memory problem the employment of banks Ty =3X0guyg (2)
of Gabor filters larger thaf x 8 have been seldom reported . . . o .
in literature. Even for smaller filter bank sizes authors ijf1€r€ 8«6, X and i, " are the vectorized complex 2D
literature have resorted to methods for approximating t.éscrete Fourier transforms (DFT).] of the vectorized real

full response vectors such as: (i) a lossy downsampling \fpages 8o, x and_r%g respectively, whileo represents
filter responses?], (ii) employing filter responses at certaint e operation of taking the Hadamard product between two
fiducial positions within the imaged], (iii) the employment vectors. In_ the common case wheké > PQ 8,0 Can be_

of feature selection methods to select the most discririwhatpadded withV — P() zeros to ensure it is the same size

filter responsesd], and most recently (iv) where individual asx. We should note th_at the operat|.on n Equatlbrcan .
E equivalently accomplished purely in the image (spatial)
e

/2 12

gw,e(xa y) =

classifiers are learnt for each filter response and a fusi fi €d th h th f efficient 2D luti 1
strategy employed to combine the outputs in a synergis main through the use ot eflicien convolution operators

manner H‘O] 2. Please note that throughout this paper that the notasipplied to any

vector denotes the 2D-DFT of a vectorized 2D image such that Fx,
1. Gabor filters are often referred to as a bankzok y filters wherez  whereF is the N x N matrix of complex basis vectors for mapping to the
refers to the number of scales apdefers to the number of orientations 2D Fourier domain for anyV dimensional vectorized image.
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however, we have chosen to employ a Fourier representatdn LINEAR SVM IN THE FOURIER DOMAIN

in this paper due to its particularly useful ability to repeat Support vector machines (SVMs) have been demonstrated
2D convolution as a Hadamard product in the Fourier domaig, pe useful for many automatic classification tasks][

A visualization of Gabor filters for 4 scales and 4 orientan particular, linear SVMs have proved popular in learning
tions is presented in Figur The top row shows the filters prohlems that have high-dimensional data (e.g., images, te
in the Fourier domain. In the spatial domain, the real part @fc) and large amounts of training examplés]| Linear
the filter is even symmetric as shown in the second row. TRg/\Ms have a number of inherent advantages over kernel
third row shows the imaginary part of the spatial filter whiclsyms: (i) faster learning times, (ii) the ability to learnofn
is odd symmetric. larger datasets, (jii) low computation cost during evdbratas

It has been demonstrated empirically in recent face idefire summation over support weights and vectors can be pre-
tity [6], [7] and expressiond], [9] recognition work, employ- computed) and most importantly, (iv) for some applications
ing linear classifiers, that improved classification perfance identitical if not superior performance to non-linear kelm
can be attained if one employs an over-complete represerntay., RBF, polynomial, tanh). Given a set of training ex&np

tion z of x based on the concatenation of Gabor filter outpyairs (xi,93) » i = 1,...,01, x; € RV, y; € {+1,-1}, a
responses, linear SVM attempts to find the solution to the following
z=[r],...v}]" (3) optimization problem,
l
where M is the number of filter banks being employed. min lWTW + ng’ 9)
w.£>0 ‘

i=1
. . o

3.1 Gabor Filters as a Weighted Inner Product subjectto  yiwix; >1-¢, i=1...1
It is elementary to prove that the inner product betwasyp C is @ penalty parameter, the biass accounted for inwv —

two vectors of concatenated linear filter responses is, [WTab] by x « [x",1] and & are the “slack variables”
introduced to offset the effects of outliers in the final sioln.

M This objective function can be equivalently expressed atith
Z; Zj Z Cin,iTm,j ( slack variables as,
m=1 .
. 1
wherer,, ; andr,, ; are themth filter vector responses for min 5wTw + C’Z[l — inTxi]+ (20)
the original raw appearance images and x; respectively. v i=1

According toParseval’s relation [17] it can be shown that, |\ here 2]+ = max(0,2) is referred to in literature 15 as

M M the hinge error function. For brevity and conciseness we shall
Z r’ T j = Z 7 P (5) express the primal SVM objective function in this form from
e foop! e herein. Through solving this objective function we can thear

) ) ) ~ a linear classifier that can obtain good generalizationgperf
Based on Equatiod we also know that in the Fourier domain,ance (i.e., maximizing the margin, which is proportional

m=1

to minimizing w”w) while being tolerant to outliers (i.e.,

M M
i B = % diag g, )" diag g, )%; (6) through the hinge error function).
; e ; a&r) A&m)%s Equation10 is often referred to as solving the primal form
_ &-TS&J- @) of an SVM. One may instead solve the dual problem,
l l l
1 T
where, o ofax 2; a5 2; z; aiogyyx; x5 (11)
1= 1=1 7=
S =) diagg,)" diaggn) (8)
m=1

!
subjectto > yia; =0
and g, is the mth vectorized 2D filtet proving that Equa- =1
tion 4 is equivalent to Equation?. It is interesting to note Wherea; are the support weights. As pointed out by]fit is
that in Equation7 S can be pre-computed offline and theeasy to see that the dual of Equatibd is rotation invariant.
storage ofk; andx; remains static irrespective of the numbeFor example if allx; were replaced byAx;, where A €

of filter banks M. Conversely, in Equatio#t the storage and & *Y, AT A =1, then the solution to the dual remains the
computation costs of; andz; are directly dependent on thesame. Interestingly, one can view the application of a 2DFDF
number of filter banks\/. as multiplication by a complex orthonormal basis = Fx;
whereF”F = I*. In signal processing this effect is commonly

3. Note that in Equation6 we are taking advantage of the fact
that diagg)x = g - x where diag) is an operator that transforms /& 4. It should be noted that in many practical formulations of2B-
dimensional vector into @& x N dimensional diagonal matrix. We should DFT FT'F = cI, wherec is a constant. Typicallyc = N where N is
also note that any transpose operatoron a complex vector or matrix in the dimensionality of the feature space. In these circumstit is trivial to
this paper additionally takes the complex conjugate in alairfashion to the show that an SVM should still be invariant to this scalar iscagiven that
Hermitian adjoint [.2]. the penalty ternC' is suitably adjusted.



PAMI - 2010 4

1) (22) 33) (4,4)

N,
EESM
ESm

Fig. 1. Visualization of Gabor filter banks in spatial and Fourier domains. The above figure shows individual Gabor filters stemming
from a 4x4 coverage of the spectrum, with each individual filter corresponding to a different orientation and scale. Row 1: Frequency
domain Gabor filters. Row 2: Spatial domain Even filters. Row 3: Spatial domain Odd filters.

referred to adParseval’s relation which states that, 5.1 Training with Complex Vectors

xiij = gingw’j (12) One problem, however, with our proposed computationally
. h | baEis efficient approach to learning a Gabor filtered linear SVM
given that we assume our complex 2D-DFT baEiss or- is that learning has to occur in the Fourier rather than the

thonormal. Based on this formulation learning a linear SVI\é‘patiaI domain. This means that an SVM has to be learnt
in the spatial or Fourier domain should be identical. using complex (real and imaginary) vectors rather than just
real vectors obtained from the spatial image domain. At first
5 _RE'lNTERPRETlNG Ll_NEAR FlL_TE_RS _ glance learning an SVM with complex Fourier vectors may
Taking the results from Section and 4 it is possible 0 seem problematic and require SVM software specifically for
re-interpret the learning of an SVM with concatenated filtqearning in the Fourier domain as: (i) in general the innexdpr
responses; in the spatial domain as being equivalent t@ct between two complex vectors is itself a complex number,
learning the support weight vecter in the dual problem,  and (ii) most existing SVM packages (e.g., LibSVNF]) can
handle only real vectors during training.

l l l
1 T s ) . .
max > ai— =D 0> aiajyy%!S%; (13)  Fortunately, the first problem can be automatically circum-
0<a;<C ; 2 £ s ) : .

i=1 i=1 j=1 vented through Parseval’s relation which guarantees tiet t

l inner product in the Fourier domain is equivalent to the inne

subject to Zyio‘i =0 product in the spatial domain. Since the spatial imageslare a
i=1 real, then the inner product in the Fourier domain must also

wherex; is the 2D-DFT of the vectorized training image be real. The second problem can also be easily circumvented
ands is the diagonal weighting matrix of filters estimated inhrough the realization that for any two Fourier complex

Equation8. Equivalently, one can view the prime problem as/ectors x; and x; derived from spatial signals/images
I andx; respectively the following equivalence holds,

. I ra-1s AT o
min 3 S W+CZ[1_%W X+ (14) . Re{:} T Re{%;}
| o _ - XiX) = [Im{fq} } [Im{x-} ] (15)
where we can now view the SVM as attempting to maximize J
the weighted Euclidean distance margin, inversely progoat a proof of this equivalence can be found in the Appendix.
to wI'S~—'w, in a N dimensional Fourier space. This is inBased on this equivalence one can replacesnyimensional
contrast to the canonical viewpoint that attempts to mazémicomplex Fourier vector, equivalently, with2daV dimensional
the unweighted Euclidean distance margin for an SVM ireal vector where the real and imaginary components have
a NM dimensional spatial filter response space. A majdreen concatenated into a single vector. Since the inneupted
disadvantage to the latter viewpoint is that memory stoeagk will be identical, according to the dual of the SVM objective
computational cost are directly linked to the number of ffiltefunction, the estimated support weights should be idelntica
banks)M being employed. In our new viewpoint the matBx This equivalence greatly simplifies the learning of the dine
can be pre-computed before learning, making the equival&¥M as we can now leverage existing software packages for
learning process now independent f. It is interesting to learning SVMs in the Fourier domain that are only designed
note that in Equatiori4 we are only manipulating the marginto handle real vectors. A further problem still exists, heare
term, while the form of the hinge error term remains the samwith respect to the application of our approach to traddion
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Fig. 2. DET curves for different AUs. DET corresponding to raw pixles along side the DET for the number of Gabor filters that
gave the best performance. For different AUs, different numbers of Gabor filters gave small changes in performance. The variation
in performance for varying numbers of Gabor filters, however, was small compared to the difference in performance between using
and not using (i.e., raw) the filters. Empirical evidence of this effect can be seen in Figure 3.

SVM learning packages as they are traditionally maximizingThus at testing time we do not need to compute the Fourier
Euclidean distance margin, as described in Equatigmather transform of an incoming test image, and operate directly in
than our reinterpreted weighted Euclidean distance margdire image domain.

described in Equatiodi4. This problem can be remedied ing  Eya| UATION

practice by multiplying each Fourier exampig in the train . _ .

set by+/S before learning the support vector weightsn the Though the techniques presented in Seciean be applied to

an array of computer vision problems, we present an applica-
dual form. . X : e
tion of our technique to the task of expression recognition.
5.2 Testing without Filtering Specifically, we conducted experiments for detecting facia

The outcome of the SVM training step is the weight vegtor aCtion units (AUs). AUs are the smallest visibly discrintife.
(See Equatiorid) and a biash. The weight vectos can be changes in facial expression. Within the FACS (Facial Attio
computed from the dual form (See Equatib® as follows: ~ C€0ding System) 17, [1€], 44 distinctive AUs have been
defined. The experiments were conducted on the Cohn-Kanade
. ! . FACS-Coded Facial Expression Databa$é].[ This database
w=S Z QiYiXi (16) consists of approximately 500 sequences of 100 subjecth. Ea
=1 video frame is FACS coded indicating the presence or absence
Since the SVM is trained in the Fourier domain, we wouldf each of the AUs. The faces were first coarsely registered
need to compute the Fourier transform of a test image, if vgo that the eye coordinates align, the line joining the eges i
want to usew during testing. However, we can again exploiborizontal, and the distance between the eyes is nominal. Th
Parseval’s relation to now improve computational efficieimc  face area was cropped to giver@ x 100 image.
testing. By virtue of Parseval's relation we know, Typically, when an AU is annotated there may be a time
stamp noted for its onset (i.e., start), offset (stop) andéak
(maximum intensity). For the Cohn-Kanade database, time

wherew is the inverse Fourier transform of the weight vectosrt"’lcrplpi?n ;Veéesgr%\gﬂgg fgrnsgtsitmzngtapn?al; @grén;esr;lzezf to
w, and x represents the test image. We may thus use tﬁg Y q ' P

T

wix =wlx (17)

: . . : : € representative of a local AU 0 (i.e. neutral expression).

following decision rule directly on the input image We make use of AU 0 to achieve subject normalization in
true our experiments. In previous work ], [20], [2]] it has been

wix = b (18) demonstrated that some form of subject normalization is ben

false eficial in terms of recognition performance. The employment
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For different AUs different filter bank sizes gave varying
performance. The variation in performance for varying num-
bers of Gabor filters, however, was small compared to the
difference in performance between using and not using (i.e.
raw) the filters. This empirical result can be seen in Figiire
where there is virtually no change in average EER after the
application of4 x 4 banks of Gabor filters. This result is consis-

Raw & 86  1od6 3202 6464 126028 tent with our new view of Gabor filters as simply a weighting
Gabor filter bank size matrix S in the Fourier domain, which is independent of the
Fig. 3. Overall performance across all AUs tested. The plot numl_t)er of ﬁlt.ers being gmployed. Visualizations in the 2D
shows the average equal error rate as a function of Gabor filter ~Fourier domain of the diagonal elements ®fcan be seen
bank size. in Figure 4 for different filter bank sizes. It is interesting to
note that irrespective of the filter bank size the visuaidrat

of S in the Fourier domain remains similar, thus reinforcing
of delta features are a particularly useful method for subjecthe empirical results seen in Figuge

normalization. The delta features are obtained by suliact
the neutral time stamp of the same subject from the peak tii@ Experiments with Downsampling
stamp. and Normalization

In this paper we present AU detection results for 15 AUsVe now present in Figure 5 a comparison between our method
For every AU we learn a “one versus all” binary SVM claswith the approximation method advocated by Liu et @. [n
sifier on Gabor representations derived from the applinatiorder to circumvent the problem of high dimensionality, Liu
of a bank of Gabor filters of varying number of spatiafirst downsample the individual Gabor response by a factor
frequencies and orientations, using the formulation tetai of p. They then normalize the downsampled responses such
in Section 5. Specifically, we trained classifiers employinghat it has zero mean and unit variance. We should emphasize
Gabor filter banks ranging front x 4 to 128 x 128. A bank that all raw pixel cropped face images in our experiments
of 128 x 128 Gabor filters corresponds to an ensemble ¢fad zero mean and unit variance. We present a comparison
filters describingl28 individual spatial frequencies ant28 for 8 x 8 Gabor filters, and sep = 64 as done in T].
orientations, which for an image size o x 100, amounts to Without normalization, we get an average EER18f6% on
a feature dimensionality 28 x128x70x100 ~ 1.15x10%,if  donwnsampled Gabor responses. With normalization, we im-
one chooses to use conventional methods. To allow maximgmve our result to an average EERI1@35%. In contrast our
usage of the training data, we employed a leave-one-subjgakthod, without any normalization, usiggx 8 Gabor filters
out cross validation. As a baseline, we learnt classifiensan gives a substantially superior average EER9df6%. This
pixels as well. demonstrates that downsampling the Gabor responses indeed

The performance of a detection system is usually charactediscards, unnecessarily, useful information for classifon.
ized by a Detection Error Tradeoff (DET) curve, which is &vith our technique, we are able to leverage on all the infor-
plot of the relation between the false acceptance rate and thation available in the Gabor responses, without incurttireg
false rejection rate. For a particular AU, the false acasg#a additional computational and memory costs associated with
rate represents the proportion of images for which an AU ise canonical approach.
absent in the ground truth, but the classifier still detectEhe
false rejection rate represents the rejection of true presef  DISCUSSION
an AU. Often, a detection system is gauged in terms of tlie results in FiguresS and 4 are of particular interest
Equal Error Rate (EER). The EER is determined by findinghen one is rationalizing the employment of filter banksg lik
the point on the DET curve at which the two errors, the falsgabor and others, as a pre-processing step before classifica
acceptance rate, and the false rejection rate, are equal. of visual phenomena using a linear SVM. Often, this type

] ) ] ) of work has been muddied by questions like: “How many

6.1 Experiments with Filter Bank Size filter banks should we choose?”, “How should the filters
In Figure2 we present for each AU the DET curve correspondbe distributed in the frequency spectrum?”, “What class of
ing to raw pixels along side the DET curve for the number diiter wavelets should we employ (e.g., Gabor, Log Gabor,
Gabor filters that gave the best performance (in terms of EERjarr, etc.)?”. Attempts to answer these questions haven ofte
For all AUs the use of Gabor features, as a pre-processineen based previously on heuristics or qualitative bialalgi
step, outperforms the performance on raw pixels. This tesmotivations. As we have discussed throughout this papest mo
is consistent with current leading literature in expressiocof these questions can be largely circumvented if one views
recognition B], [9]. Unlike these previous studies, however, nthe application of these filters as a manipulation of the marg
approximation to the full Gabor filtered representation &de.  through the weighting matri$, within a linear SVM. A more
Moreover, we are able to analyze finely resolved Gabor filteiateresting question should perhaps be now: “What is the
a hitherto untestable task. We present the overall perfocea bestS to use for my application?” and ignore the question
across all the action units by the average EER plot shownan filtering completely. This answer on how to select/le&mn
Figure 3. is a topic for future research.

181
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S Matrix: 4x4 Filter Bank S Matrix: 8x8 Filter Bank S Matrix: 16x16 Filter Bank

S Matrix: 32x32 Filter Bank S Matrix: 64x64 Filter Bank S Matrix: 128x128 Filter Bank

Fig. 4. Visualization of the matrix S in Equation 14 for different numbers of Gabor filters. For instance, the bottom right plot
shows the matrix S for 128 x 128 = 16384 filters corresponding to 128 spatial frequencies and 128 orientations. In the context of
maximizing SVM margin, however, the application of 16384 filters is mathematically equivalent to a single filter in Fourier space as
represented in the bottom right plot. It is interesting to note that, irrespective of the size of the filter banks the visualization of S
remains approximately the same.

We should also note, that in many circumstances in liteeatur
[7] the response from each filter has had a non-linear operation

applied which further improves performance. A good example u —
of this can be seen in the power normalization filter response 12
step of Liu et al. 7]. In our work we demonstrated that the 1o

ability to preserve the full resolution response outweitie
benefit obtained from Liu’s method for the task of expression
recognition. A topic of additional future work, howeverath

be on how to introduce such non-linear operations while
keeping the computational and memory advantages of our " ourmethaa_Gabordownsamping _ Gabor dowrsaming
proposed technique.

Avg. EER (%)

Fig. 5. Comparison between our approach and downsampling

8 CONCLUSIONS of Gabor responses [7]. The results show that discarding the

) ) ) information in Gabor responses by downsampling them results
In this paper we have presented a reinterpretation of thea performance loss (EER: 12.35%). Our method gives the
application of Gabor filters, as a pre-processing step, tolasvest EER (9.56%), as we are making use of all the available
linear SVM in terms of a manipulation of the margin that i§formation without additional computational burden
being maximized. A major advantage of this reinterpretatio
is that it circumvents the large memory and computational

requirements if one was to learn a linear SVM in the tra- o
ditional manner. Conventionally, a linear SVM is learnt by&ctors as a result of the application of the 2D-DFT. We

attempting to maximize the canonical Euclidean SVM margfigve additionally demonstrated improved performancetfer t
using Gabor preprocessed images. In our new formmaﬁmallenglng task of gctlon unit recognition. We have shown
we demonstrated the same linear SVM can be learnt Bt the downsampling of Gabor responses as done/jin [
maximizing a weighted Euclidean distance margin for tH&Sults in a performance loss, compared to our approach,
unfiltered images in the Fourier domain, eliminating theche@S it discards useful information. With our computatiopall
to compute Gabor preprocessed images. Additionally, ﬁglment gppr(_)a_lch we are able to make full use of the availabl
demonstrated that through this reinterpretation the caaapuinformation giving improved performance.
tional and memory requirements were invariant to the size of
the filter banks being employed, allowing for the explonatio
of hitherto unimaginable filter bank configurations. Moregv
we made use of Parsgval's relation to ci_rcumyent the n,eﬂqDPENDIX
for computmg the Fogrler transfo_rm of an !npl_Jt image du”n@)OMPLEX T0 REAL INNER PRODUCTS
evaluation, thus allowing for the direct application of timear
SVM to the raw pixels of a test image.

Our approach is able to use conventional SVM packages for this section we prove the result given in Equatibh.
learning the SVM even though it relies on complex traininGonsiderany two N dimensional complex vectors,
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Fourier vectorx that a real vector can be obtained that

ao + jbo co + jdo
ay + jb c1+ jdr
X; = . J X = .
an—1+ jbn_1 eN—1+jdN—1

is only N, rather than2N dimensional which can lead to
additional memory and computational savings. The form of
this indexing procedure, however, for the case of an 2D-DFT
is outside the scope of this paper.

we use the notatioR to denote a complex vector as opposelREFERENCES

to x which denotes the complex Fourier representation of[8
real signalx. The inner product betweeg; andX; can be

- [2]
written as,
co + jdo B3l
X Xe = lao—jbo---an—1— jbn_1]

CN—1 +de71 [4]

N-1 N-1

= Z (ancn + bndn) + J Z (andn - bncn)

n=0 n=0

[5]

So in general, we see that the inner product of two complex
vectors is in itself a complex number. Fortunately, howeveg;
complex Fourier vectors have additional symmetry and
structure that can be leveraged. For the case of a 1D DFT
of x where the dimensionalityv is odd we know, 7]

%(n) = conf{x(N —n)},n=1,...,(N —-1)/2 (19)

where x(0), referring to the DC component, is always reals]
Therefore obtaining the inner product betwesy two odd N
length 1D Fourier complex vectoss; andx; becomes,

(N-1)/2 (9]
X%, = ao+ D (an—jbn)(cn +jdn) (20)

n=1
(N-1)/2

[10]

+ Z (an + jbn)(cn — jdn)
n=1

(N—=1)/2 [11]

= ap—+ Z Q(Gncn—l—bndn) [12]
n=1

(21) [3

demonstrating, as Parseval’s relation implies, taak, will (4]

always be a real scalar. For the case whatds even this
equivalence still holds, buty/, is additionally added which
is also guaranteed of being real. Further, based on Equaion/15]
it is trivial to show that,

[16]

%] %p = Re{%;}TRe{xx} + Im{x;}TIm{x;}  (22)

where this equivalence can be shown to hold not only for7)
1D DFTs, but DFTs of 2D and higher by leveraging a similar
symmetry as in the 1D case. As a consequence of Equzﬁon[18
it is possible to employ learning packages that are desigmed
handle only real vectors and their inner products by exjmgss[19]
any N dimensional complex Fourier vectot as the 2N
dimensional real vector,

{ Re{x} }

[20]
Imi{x}

as the inner products will always be equivalent. Furtheis it
possible to show through intelligent indexing of the comple

[21]
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