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Abstract -a The optimization of a smart card face
verification system (SCFVS) design is a complex task. As
the parameters involved are not independent, the search
space is of exponential complexity. In our previous work the
optimization task was simplified by setting the parameters of
the pre-processing stage of the system to default values.
Optimization was performed over those parameters involved
in the remaining stages and the filtering stage was fixed. In
this paper the study is widened by investigating the effect of
image filtering and PCA dimension optimization on the
system performance. The study is performed using the
XM2VTS database. The results of the experiments show that
fixing the number of PCA components by the requirement to
retain 95% of the total energy does not result in the optimum
system performance. A design strategy where the number of
PCA components is optimized, after the careful choice of the
right Gaussian filtering parameters, can improve
performance. However, such an effort is computationally
costly and the results are protocol dependent. An alternative
solution that achieves high performance while avoiding such
a complexity can be obtained by removing the low-order
eigenvectors. This is realized by optimizing the binomial
filtering parameters while keeping the rest of the pre-
processing stage the same.

Index Terms - Face Verification, Smart Cards, System
Design, Pre-processing.

1. INTRODUCTION

The problem of designing a smart card face veirifcation
system (SCFVS) has been the focus of research for some
time now [11, 12]. In a typical system [13] a face image is
acquired and compared with a stored template that has been
constructed during enrollment. A conventional SCFVS raises
many privacy and security issues, which compromise user
acceptability. A preferred system set-up was proposed in
[11]. It combines face representation and decision making
into a single step and avoids the need to implement the
proprietary feature extraction computation on the host

(personal computer or a server).
Owing to the huge number of system parameters a full

system optimization of SCFVS is computationally not
feasible. In our previous work [11] the optimization task was
simplified by setting the parameters of the pre-processing
stage of the system to default values, and optimizing over
those involved in the remaining stages. The filtering stage
was fixed and the number of Principal Component Analysis
(PCA) bases used was determined by the requirement to
retain 95% of the total energy1 because it resulted in good
system performance. Experimental results proved that the
computational complexity of the system (number of
operations and memory) could be safely reduced without
incurring any increase in the verification error.

In this paper the study is widened to consider the effect of
optimizing also over the filtering parameters of the pre-
processing stage2 and the number of PCA components of
the feature extraction stage. The Binomial Filtering (BF)
used as a reference technique, is fast but the disadvantage
is that for a given kernel size (i.e. lxi1), binomial filter has a
fixed bandwidth. In contrast the bandwidth of a Gaussian
filter can be controlled. Thus, in this study Gaussian filtering
is employed and the optimum Gaussian filtering parameters
of this more general filter are determined.

Following the work of Moon and Phillips [5], Swets and
Weng [7] and Yambor et al. [9], after optimizing image
filtering in our system the optimum number m of PCA
components needed by the system to maximize its
performance is selected. This is realized across a range of
the bandwidth factor a of the Gaussian filtering function
g(x,y) = exp{-(xA2+yA2)/2aA2})} for the optimum kernel sizes

1: The total energy em of the system deploying m eigenvectors
can be defined as the ratio of the sum of the first m eigenvalues over
the sum of all N eigenvalues.

2: The pre-processing stage, involves face localization and
registration; image filtering (binomial/Gaussian) is applied to remove
the high-frequency noise; geometric normalization to adjust the face
templates in a standard position; photometric normalization
(histogram equalization and homomorphic filtering) to perform
illumination correction.
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identified in the filter optimization stage.
The experiments are performed on the XM2VTS face

database [3] and the system performance is measured in
terms of half-total error rate (HTER). The studies reveal that
the intrinsic dimensionality of the face space as well as
system performance depend upon pre-processing. By
optimizing the parameters of Gaussian filtering the
performance can be improved. Moreover, the PCA
dimension optimization ensures the preservation of the
necessary face features and frequency components and
renders the system robust as well as achieving further
performance gains.
The main disadvantage of the optimization strategy

proposed in this paper is the significant computational
complexity of the system design. The effort to optimize either
the filtering parameters or the PCA dimension is enormous.
The amount of time required for completing the system
design is of the order of several weeks. Interestingly, an
alternative solution can be found by removing a number of
low-order eigenvectors (depending on protocol) [6]. This
approach yields high performance but also limits significantly
the complexity of the optimization process.
The rest of the paper is organized as follows. In Section 2

the basic face verification process will be described and the
system evaluation process introduced. In Section 3, some
previous work will be overviewed. In Section 4 the image
filterng and PCA dimension optimization experiments will be
reported before some conclusions are made.

11. FACE VERIFICATION SYSTEM: SETUP AND
EVALUATION

The face verification method adopted for the implementation
on a smart card is the CSLDA technique, which combines
face representation and decision making into a single step,
requiring a template of the size of the input image. The
overall face verification system involves face detection,
photometric normalization and finally the verification test. All
but the last processing step are carried out in the host
system. The photometrically normalized image is then
transmitted to the smart card where the user biometric
template is stored and the verification score computed as
well as the final decision taken.
The original resolution of the image data in both is

720x576. The experiments were performed with a relatively
low resolution face images, namely 55x51. This resolution
was used initially as a reference for our study. After
detecting the face and localizing the eye centers, a simple
rotation and scaling of the eye positions onto two fixed points
is used for geometric transformation. The photometric
normalization is achieved by a homomorphic filter3 and
histogram equalization4.

For the feature extraction stage, a PCA model is built to
achieve a dimensionality reduction and then an LDA model

3: A technique acting on the frequency domain of the image. It
applies a filter with a transfer function that suppresses low frequency
components and enhances high frequency components that are
necessary for verification.

4: A non-linear image enhancement method aiming to highlight
image brightness in such a way that is particularly suited to human
visual analysis. It is very useful in face verification systems since it
improves the verification performance [2].

is produced to get the overall client i specific linear
discriminant transformation Mai , which defines the client
specific fisher face for testing the claimed identity. The
decision making stage produces a score, which defines how
close the probe of the claimed identity is to the class of
impostors. The thresholds in this stage have been
determined based on the EER criterion.
Our face verification system has been evaluated via a set

of experiments using the XM2VTS database [3] in two
different testing configurations, Configuration I and
Configuration 11 for the XM2VTS database. The performance
levels of the verification system were measured in terms of
half-total error rate (HTER) on the test set of each protocol
obtained using the EER threshold determined from the ROC
curve computed on an independent evaluation set. Both
ROC curves on the evaluation as well as on the test set
have been used to produce additional information about the
system behavior.

Ill. PREVIOUS WORK

In an earlier study on the same system, the evaluation
was performed on different datasets and configurations
hoping to achieve good and consistent results across all
testing configurations for the same parameter setting. It
transpired that each testing configuration required different
In an earlier study on the same system, the evaluation was
performed on different datasets and configurations hoping to
achieve good and consistent results across all testing
configurations for the same parameter setting. It transpired
that each testing configuration required different parameter
setting with the exception of gray level resolution (8bpp since
an 8 bit camera is used) and 10-bit fixed point number
representation. However, it was reported that the optimum
spatial resolution, JPEG compression quality factor as well
as JPEG operational scenario differed from one
experimental condition to another.
As reported in this earlier study, there are two interesting

results in the existing system architecture that question the
robustness of the system and call for some re-design tactics:

* In the experiments investigating the effect of spatial
resolution, the verification performance results were
expected to be worse at low-resolution than with high-
resolution images. Although this expectation was
supported in the case of BANCA database test, it was
not the case in the other configurations.

* In the experiments where JPEG was used, it was
proved that in order to optimize the smart card design, a
potential JPEG quality factor should be selected, which
is scenario and database dependent. Below this quality
threshold, the performance can degrade. Above that,
there is a surprisingly wide quality range where
compression does not seem adversely to affect
performance, and for the majority of the testing
configurations it may even improve system performance.
In particular, when JPEG compression is used in the
probe images, the system does not behave as expected
in terms of performance for large images and low JPEG
quality factor settings (i.e. highly compressed images).
Higher image resolutions should yield superior
performance and, as the compression ratio increases
(i.e. the quality factor in the JPEG compression
decreases), performance should drop too.
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These results indicate that the frequency and informational
content of the probe images should be further analyzed.
They suggest that somehow in the pre-processing stage of
the verification system, image filtering and dimensionality m
of the principal components are not properly optimized. Such
an optimization would prove its efficiency if the application of
JPEG on the probe images would have an expected
degradation effect on system performance when going from
low to high compression images.

In the method to be adopted the system designer should
have to make sure that most of the high frequency content of
templates and the unnecessary PCA components should be
filtered out in order to achieve both high performance and
high template compression ratios.

IV. IMAGE FILTERING AND PCA DIMENSION
OPTIMISATION

To analyze the problem and identify a potential solution to
the previous work done in the first optimization framework, a
set of experiments is performed using a relatively low
resolution for the face image, namely 55x51. These
experiments are designed to:

1. Study the effect on performance when Gaussian
filtering is used rather than binomial. The pertinent
questions that need to be answered are: (a) can the
Gaussian smoothing parameters (mask size and
bandwidth factor a) be optimized in terms of
performance?. From the results obtained in the
previous question, (b) can it be conclude that the
choice of the filtering parameters is protocol
dependent or not?

2. Study the variation of the HTER on the validation
set vs. the optimum PCA dimension, when the
optimum Gaussian filtering parameters were
selected for both standard protocols of the XM2VTS
database (CI/CII protocols).

3. Study the possible performance improvement by
removing the low order eigenvectors from the
representation of the face images. This study was
done again when the optimum Gaussian filtering
parameters were selected for both protocols of the
XM2VTS database (CI/CII protocols).

A. Gaussian Filtering Parameters Optimization

The first step to analyze the problem and identify a
potential solution is by performing a set of experiments to
explore the efficiency of Gaussian filtering compared to
binomial in terms of performance. The pre-processing stage
of the SCFVS, involves localization, registration, image
filtering and finally geometric and photometric normalization
(histogram equalization and homomorphic filtering) of the
face part in the input image.

In the case of the filtering, a lxi1 binomial kemel was
used initially, achieving fairly good performance results.
However, the system is tested also by using a Gaussian
filter.

Two different configurations XM2VTS (Cl/CIl) are
considered. The search space is limited to four different
Gaussian kernel sizes 13, 17, 21 and 25. Moreover, the
range of the bandwidth is modified in nineteen different

steps, initially from 0.5 to 5.0 in increments of 0.25.
However, experimental results suggested that this should be
extended up to 7.0 only for the Gaussian filter (kernel 1x21)
that gives the best performance results in the case of
XM2VTS Cl. It transpires that applying Gaussian filtering is
preferable to binomial filtering and by optimizing its
parameters the performance can be maximized It appears
that optimized Gaussian smoothing ensures the preservation
of the necessary face features and frequency components,
whilst removing the noise. However, it should be noted that
the solution is protocol dependent.

Figure 1 shows the binomial and optimum Gaussian filters
(in terms of performance), identified in XM2VTS C1/C2
respectively.
The effect of using the above filters on two random

subjects of the XM2VTS database can be viewed in Figure
2. Note that when the bandwidth a becomes relatively small
(1.5) for a relatively large kernel size (lx 25), a small amount
of filtering is taking place and the images do not seem to
lose enough high frequency components to be visually
notable. However, even such a filter can potentially remove
those frequency components that seem adversely to affect
our system performance.
Table I shows that different optimum operating points

were identified for each dataset protocol suggesting that the
pre-processing stage of such a system should be tuned to
the respective training set. However, the overall optimum
performance results in terms of filter selection, mask size
and bandwidth factor are the Gaussian kernel 1X25 and
bandwidth cr=6.25/1.5 in XM2VTS CI/CII protocols
respectively. For example, only by optimizing the filtering
parameters in XM2VTS Cl we can achieve an increase of
performance by 21.37%.

B. Selecting Eigenvectors

1) Principal Component Analysis in Face Recognition

One of the difficulties of designing a reliable SCFVS is the
very high dimensionality of images and one needs a
powerful dimensionality reduction technique. For face
images, principal component analysis (PCA), or eigenfaces,
constitutes a good low-dimensional representation of the
face. This representation can be used for modeling facial
images for the purpose of recognition [8]. After applying PCA
to face images, the face space lies in a linear subspace of
the high-dimensional image space. The basis functions in
PCA are obtained by solving the algebraic eigenvalue
problem A=UTU , where E is the covariance matrix of
the data, U is the eigenvector matrix of I, and a is the
corresponding diagonal matrix of eigenvalues. The unitary
matrix U defines the transform which de-correlates the data.
PCA identifies the eigenvectors with the largest (principal)
eigenvalues.

In a PCA-based face recognition algorithm, the input is a
training set of N facial images {xi, X2, ..., xN}, taking values in
a n-dimensional space. Each image belongs to one of k
classes {Xi,X2, ...,Xk}. A linear transformation can be
considered mapping the original n-dimensional image space
into a m-dimensional face space, where m < n. The new
feature vectors yc a Rm are defined as:
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Fig. 2: Effect on two different subjects of (a) Binomial filter, 11xi1,
(b) Optimum Gaussian Filter for XM2VTS Cl, 21x21 ,=5.0 and (c)
Optimum Gaussian Filter for XM2VTS C2, 25x25,o=1.5. Note that
the images are enlarged for visual purposes.
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Fig. 1: (a) Binomial filter of size 1 lxii1. (b) Optimum Gaussian Filter

(21x2l, 0=5.0) for XM2VTS Ci and (c) Optimum Gaussian Filter

(25x25, 0r=1.5) for XM2VTS C2.

:y, ,,c .12, A

where vectors U Rmxn is a matrix with orthonormal
vectors.

The total scatter matrix ST is defined as:

N

Z(Xc - .)- .X - J)
c=1

where x hat is the sample mean of the xi's. By applying the
linear transformation U , the scatter of the transformed
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PCA chooses the projection U0opt that maximizes the scatter
of all projected samples. In practice,

7 .. ur1ar Utax Tt, t =[U 11t2I Un

where Ui, i = 1, 2, ..., m are the n-dimensional eigenvectors
of ST that correspond to the m largest eigenvalues.
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2) Review on Determining the Dimensionality of the Principal
Subspace

When using a face database images may vary because of
differences in illumination, viewpoint, facial expression etc.
However, these variations are not relevant to the task of face
identification/verification. The problem can be approached by
selecting those eigenvectors that correspond to useful
information and rejecting those which are simply
meaningless variation. Traditionally one selects the
eigenvectors with the largest eigenvalues and therefore
those dimensions along which the gallery images vary the
most. The last eigenvectors find the smallest amounts of
variance and often it is assumed that noise is associated
with them.

If the dimensionality of an original signal x is N, this can be
reduced to m by using PCA. The choice of the
dimensionality m of the PCA is not easy. There are three
basic alternative ways to decide how many of the last
eigenvectors to eliminate. One of these variations is based
on empirical results suggesting the removal of the last 40%
of the total number of eigenvectors when dealing with large
databases [5].

In another approach [9], the selection of m depends upon
the stretching dimension. The stretch si for the ith
eigenvector is defined as the ratio of the corresponding
eigenvalue over the largest eigenvalue Ai - si = Ai / Ai.
Practically, one retains all eigenvectors with si > t, where a
typical value for t is 0.01.

In the third variation, an energy criterion is employed [7],
where m is selected such that the retained eigenvalues
contain 90% of the total energy. The energy em of the mth
eigenvector can be defined as the ratio of the sum of the first
m eigenvalues over the sum of all N eigenvalues:

Ej=l j

This variation but with em = 95% is adopted in this work.

Other variances on the selection of m have been reported.
In [10], authors retained the eigenvectors that correspond to
the top 300 eigenvalues. Such a selection is based on the
observation that higher order eigenvectors do not look like a
face. They also noticed that a wrong choice of the number of
eigenvectors used can result in performance degradation. In
[4], a Bayesian model selection is used to pick the correct
dimensionality. Finally, in [6] the authors reported that the
selection of the right number of the largest eigenvalues
should be followed by the removal of the low-order PCA
eigenvectors in order to achieve a performance
improvement.

In general, it has to be noted that in a practical application
m should be chosen so as to minimize the classification error
rate on a data set. Whatever the technique used in order to
determine m, the intrinsic dimensionality of the face space
depends on the pre-processing of the images.

3) Results on the PCA dimension Optimization

After optimizing the Gaussian filtering parameters, a set of
experiments is performed to identify whether the number of
PCA components that correspond to 95% of the total energy
results in the optimum system performance. The pre-
processing stage of the SCFVS involves the same steps as
indicated in Section 3. In the case of the filtering parameter
selection and in order to limit down the search space, the
Gaussian filter is selected with kernels 1x21 and 1x25 as the
optimum ones in terms of performance for the Cl/CIl
protocols respectively. Moreover, the range of the bandwidth
was modified in nineteen different steps, initially from 0.5 to
5.0 in increments of 0.25 (this was extended up to 7.0 only
for the Cl protocol). In the client specific face verification
approach, the classification was performed in the linear
discriminant subspace which is only one dimensional
subspace of the original face space. As far as the training
set is concerned, in the CSLDA approach each client
specific fisher face is obtained after the data has been
projected into the PCA subspace. This subspace was
obtained using the 600 (800) training images of the XM2VTS
database in Configuration I (Configuration 1/0. Its dimen-
sionality is therefore at most 599 (799).

In the experiments performed, the dimensionality m of the
PCA subspace is manually chosen from 1 and up to 5501600
number of PCA components m in increments of 10, for the
Cl/CIlI protocol respectively. The system is evaluated in
terms of HTER and for each bandwidth factor a several
cases of local minimum HTER were identified. Therefore, in
order to obtain a potential global minimum and to keep the
search space to reasonable limits, another 20 experiments
have been performed for each a and for each protocol, by
selecting m in increments of 1. This has been done for m
only on those ranges that covered the whole search space
between the three local minimum HTER results i.e. if one
local minimum HTER is obtained for m=50, then all cases of
nrl[40, 60] are being searched one by one. Such a
suboptimal strategy has the advantage of performing 09
times less experiments (from 32,752 down to 3,700).

In Table 11 the initial and optimum cases for each protocol
in terms of performance and number of PCA components
are presented when different filtering methods are used in
the pre-processing stage of the system.

n Figure 3 below, the first row presents the selection of
the PCA components across different values of the
bandwidth factor a when both configurations (Cl/CIlI) of the
XM2VTS database are employed.

Three cases are presented:

(i) Horizontal line, that represents the initial number of
PCA components when the binomial filter with mask
size 1x1I is used.

(ii) Exponential curve, representing the number of PCA
components that is fixed, corresponding to 95% of
the total energy when the optimum Gaussian filtering
parameters are used for each protocol.

(iii) Optimized curve, representing the manually
identified optimum number of PCA components
again when the optimum Gaussian filtering
parameters are used. The second row presents the
performance results in terms of HTER, that
correspond to the above three cases. The results of
each protocol are systematically analyzed below.
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Fig.3: Top two: Bandwidth vs. no of PCA components in XM2VTS
database, protocols CIICII respectively. Bottom two: The effect on
performance when using different number of PCA components on
XM2VTS database. The initial and optimum cases for each protocol
are presented. Auto: the number of PCA components are fixed and
correspond to 95% of the total energy. Opt: the optimum number of
PCA components that is manually identified.

B.3. 1) Discussion on Results using XM2VTS CI protocol

Cl is a more controlled protocol based on the
training/evaluation sets and the system behaves better when
over-smoothed. From the results obtained (top left graph in
Figure 1) it is clear that the retained infbrmation is
superfluous (more PCA components than necessary) and
that is why the performance is better for all possible masks
and particularly as the bandwidth a increases. After reaching
a=5 there is still a performance improvement so the point
where valuable information is lost by over-smoothing has yet
not been reached.

Three regions of operation can be identified:
1. ac 2.25: 1/3 of the PCA components are required

to give an optimum solution. So, the selection of
95% variance is unacceptable and redundant
information degrades the system performance.

2. 2.25 aa a 5.0: 95% variance suggests the same
number of PCA components. The exponential and
optimized curves (representing the fixed and
optimum number of PCA components) converge,
proving that 95% variance cut off delivers good
results in this region.

3. a n 5.0: 95% variance is not sufficient to achieve
the optimum operating point. All eigenvectors that
correspond to all non zero eigenvalues are used to
achieve optimum performance. By increasing a
further than 7.0, in experiments not reported here,
the number of PCA components (m=106) and
performance (HTER= 0.0312) remain the same.

B.3.2) Discussion on Results using XM2VTS CIl protocol

Cll has a bigger training set and is far more representative of
a real system. Two sessions are used for training, one for
evaluation and one for testing. In this case (top right graph in
Figure 1) the performance-versus-smoothing slope decrea-
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ses immediately for small values of the smoothing parameter
a; however, as a increases, the performance again seems to
drop up to a point where it starts increasing again. This
means that, while some smoothing is required, over-
smoothing results in a loss of important system information.

Again in CIl protocol, there are three regions of operation:
1. cra -IF: About 1/2 of the PCA components are

required to give an optimum solution.
2. 1.0 * ora 2.0: 95% variance suggests the same

number of PCA components. The exponential and
optimized curves (representing the fixed and
optimum number of PCA components) converge at
G=1.5.

3. a 2.0: 95% variance is definitely not sufficient to
achieve the optimum operating point. Note that, at
o=4.0, =3 times the number of the PCA
components are required to give an optimum
solution. After that, any further smoothing becomes
counterproductive, degrading even more the
system performance.

C. Removing Low-Order Eigenvectors

The low-order eigenvectors encode differences among the
images in the training set. It is known that often low order
eigenvectors encode lighting information. However, as the
XM2VTS data has been recorded under controlled
illumination and they are photometrically normalized, it is
more likely that they often capture low frequency variations
due to e.g. pose changes. In such a case performance
improvement may be achieved by removing the low order
eigenvectors from the representation.
This question is dealt with by removing the 1 st, the first two

(1,2), the first three (1,2,3) and the first four (1,2,3,4)
eigenvectors from the representation is investigated. In the
experiments performed, the performance results of the
system are compared when these eigenvectors are removed
in the cases of the following parameter sets:

1. The initial (reference) binomial filtering parameter set
(mask size lxii), while the number of PCA
components retained is automatically selected
containing the 95% of the total energy.

*- The optimum binomial filtering parameter set (mask
size 1x21 and 1x25 for both Cl and ClI protocols),
while the number of PCA components retained is
automatically selected containing the 95% of the total
energy. * -

The performance results from these variations are presented
in Table 111. For each protocol, these results are compared
with the performance results identified when optimizing the
Gaussian filtering parameters and the number of PCA
components.

V. CONCLUSIONS

rn this paper, the relationship between the dimensionality of
the PCA subspace and the face verification system
performance was investigated. Even though this has been
done in such a way that the search space was simplified, the
a a . .... ... w

Filter Length SIGMA PtA itPCAR AvHTER-Cl
BINOMN REF I1 1 1.5811 211 No 0.04588 |
BBINOM 11 1.5811 258 i -(1,2,3) ] 0.04521

[ BINOM [ 21 2.236 172 X No 1 0.04180
BINOM [ 21 2.236 206 J -(1,2) 0.04327
BINOM j 25 1 2.449 176 No 0.04182
BINOM [ 25 2.449 r194 T-( F) 0.04226

[ Gauss Opt 1 21 T 6.25 196 A j No 1 0.03286
Gatuss Opt [ 21 6.75 106M X No 00.03114

Filter [ Length [ SIGMA PCA nPCAR AvHTER-CZ
BINOM Ref [ 11 15811 No J 0.02644

r BINOM [ 11 J 1.5811 1277 J -1 0.0236
BINOM [ 21 1 2.236 1 197 No 0.02497
EOm 1 2.236 224 -1 0.02349
BINOM 25 2.4494 184 No 0.02401
BINOM 25 2.4494 221 -(1.2) 0.02343

Gatuss Opt 25 1.5 279 A No 0.01809
Gauss Opt 25 2.25 330M No 0.01757

overall optimization effort in terms of computational cost was
considerable.

From the experiments performed, it is clear that if the
investigation was carried out on a different database,
different optimum parameters for filtering and PCA based
dimensionality reduction would be required.

It transpired that the use of the right Gaussian filterng
parameters (kernel size and bandwidth factor a) in
combination with the optimum PCA dimensionality
maximizes system performance. A performance
improvement exceeding 28% was achieved on the XM2VTS
database as a result of filter stage optimization. Furthermore,
by subsequently optimizing the number of PCA components,
the overall performance was improved by further 2%,
yielding more than 30% gain in total.
The experimental results suggest that the retention of 95%

PCA variance should be replaced by more extreme
optimization of PCA dimensionality to ensure the
preservation of the necessary informational content, keeping
those face features and frequency components that optimize
system performance. However, it should be noted that the
PCA optimization is computationally expensive.
An alternative computationally less costly solution was

obtained by removing the low-order eigenvectors. This was
done by optimizing the binomial filtering parameters and
keeping the rest of the normalization stage the same. In this
case, the system performance was improved by up to 11.4%
by removing the first two PCA components.

Interestingly, acceptable performance results (from 1.5%
up to 10.75% depending on the experimental protocol used)
can be found by keeping the reference filtering parameter
set and optimizing only over the low order eigenvectors.
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