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Efficient face recognition based on weighted matrix
distance metrics and 2DPCA algorithm

CHAHRAZED ROUABHIA and HICHAM TEBBIKH

In this paper, a new similarity measure is developed for hufaae recognition, namely,
weighted matrix distance. The key difference between thégrimand the standard distances
is the use of matrices and weights rather than the vectogs ©he two feature matrices are
obtained by two-dimensional principal component anal{3PCA). The weights are the in-
verse of the eigenvalues sorted in decreasing order of treience matrix of all training face
matrices. Experiments are performed under illuminaticth faial expression variations using
four face image databases: ORL, Yale, PFO1 and a subset dEFERe results demonstrate
the effectiveness of the proposed weighted matrix dissit@DPCA face recognition over
the standard matrix distance metrics: Yang, Frobenius asenabled matrix distance (AMD).

Key words: classification, similarity measure, two-dimensional P@aighted matrix dis-
tance, human face

1. Introduction

Face images classification involves comparing an image alitthe training face
images and assign it to the closest face (class) in term dfasitp measure. Several
classifiers were used in the face recognition domain sucheasahnetworks, Hid-
den Markov Models (HMM) and Support Vector Machines. Onehaf simplest and
most popular, from the first application (Turk et al. 1991)the most recent (Yang
et al., 2004) (Rouabhia et al., 2008) is the Nearest Neiglilgdl) classifier with the
Euclidean metric. However, the NN classifier depends clycim the metric used to
determine distances between the feature vectors that mecuthe recognition system
performances. In the classical face recognition systemeges of faces are represented
as high-dimensional pixel arrays that are time and memongwming. To overcome
this problem, Yang (Yang et al., 2004) has proposed two-dgiomal principal compo-
nent analysis (2DPCA) to provide feature extraction andegisionality reduction and
the matrix distance called the Yang distance. The key diffee between the standard
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distances and the Yang distance is that the first uses twaréea¢ctors while the sec-
ond uses two feature matrices. In (Zuo et al., 2005), assshthhtrix distance (AMD)

was proposed and tested for face and palmprint recognitiba.authors have demon-
strated that AMD outperforms the Yang and Frobenius digtahtspired by the ma-
trix distances, this paper proposes weighted distanceiasdtir face classification and
recognition. The inverse of the eigenvalues of the totattscanatrix are used as the
weights. Our objective is to evaluate and compare the dffigieof the proposed dis-
tance metric under varying illumination and facial expi@ssThe paper is organized
in six sections. The introduction followed by the secondisacexplains the 2DPCA.

Section 3 reviewed classification and some distance meticsnonly used in the face
recognition domain. We introduce also the principle of vistégl matrix distance met-
rics. Section 4 details all the image databases used foriexpatal tests. Simulations
results and comments are presented in the fifth sectionllfsim& conclude the paper.

2. Overview of two-dimensional principal component analyis (2DPCA)

Principal component analysis (PCA) is well-known lineaattee extraction and
dimensionality reduction method widely used in many agians involving high-
dimensional data such as face recognition. Recently, twiasional principal com-
ponent analysis (2DPCA) was developed for face representéitang et al., 2004). It
is straightforward image projection technique based onr2Bgie matrix rather than 1D
image vectors. 2DPCA is essentially PCA performed on thesrofall the face images
that maximizes the total scatter matrix. The key differenetveen 2DPCA and PCA is
that each principal component of 2DPCA is a vector whereagticipal component
of PCA is a scalar. 2DPCA outperforms PCA because:

i) it reduces a time to determine covariance matrix and spaoglexities,
i) it keeps 2D spatial information,

i) it uses a nearest neighbor classifier between two featoatrices (the Yang dis-
tance) rather than two vectors.

2DPCA arises in two steps; in the training stage, all trajriace images are projected to
obtain feature matrices. Whereas in the test stage, eaclfesevimage is projected via
the matrix projection determined in the training stage. Tdllewing steps summarize

the 2DPCA algorithm:

M
1. Compute the total meaX = & 5 X; whereM is the total number of images in

the training set.

l(Xj = X)"(X; —X).

2. Compute the image covariance mati@: = ﬁ _

J

IMZ



www.czasopisma.pan.pl P N www.journals.pan.pl
S
<

EFFICIENT FACE RECOGNITION BASED ON WEIGHTED MATRIX DISTARE METRICS 209

3. Form a matrixR = [RiRx - - - Rg]. Columns are the eigenvectors@fin decreasing
order of eigenvalues.

4. Feature extractior¥; = XjRfor j =1,--- M.

The obtainedn x d) matrixYj which will be used for classification is called the feature
matrix or feature image of the image samjle

3. Similarity measures

3.1. Some usual vectors-based distances

In this section, we present the most usual distance measutesclassification filed.
DenoteX = [Xq, X2, ..., Xa] @ndY = [y1,Yz, ..., Yn] two vectors ind". Minkowski distances
betweenX andY are defined as:

dp (X,Y) = f/zllm —¥il’, peN. 1)

The Manhattan distance is obtained witk- 1:
n
di(X,Y) = > [Xi— il )
2

and the Euclidean distance is with= 2:

n

d (X,Y) = ;m-m? (3)

In the Eigenfaces (Turk et al., 1991), the most popular f@oegnition algorithm, is
based on the Euclidean distance and the eigenvalues ofthgarce matrix as follows:

n

BV =33 0w @

3.2. Matrices-based distances

Given two feature matrices obtained using 2DPGA- [y(li)y(zi)---yg)] andY; =

[y(lj)y(zj) ---yéj)]. The distance is measured between two feature mat¥caadY; so

if d(Y,Y))=mind(Y,Y;) andY; € C, thenY is assigned to the clas}.
j
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a. Yang distance

In 2004, Yang (Yang et al. 2004) has proposed the Yang distéorcface images
classification. Experimental tests showed the high perfoicas of matrix distance-
based 2DPCA over the classical Euclidean distance-basad&genfaces). The Yang
distance is defined as follows:

d(Y.Y)) = Z (i( i ')2>1/2. (5)

k_
b. Frobenius distance

The Frobenius distance is a metric derived from the Frolsematrix norm as
demonstrated in (Zuo et al. 2005). It was used in (Yang e2@02) and defined as:

d(%,Y) = z Z (yhk yhk) : (6)

=1h=1

c. AMD distancee

Zuo (Zuo et al. 2005) has proposed the ‘Assembled Matrixdbist metric: AMD’
and demonstrated that both the Yang and the Frobenius déstame a special cases of
AMD for p= 1 andp = 2 respectively. In (Zuo et al. 2005) paramepeis set equal to
0.125. AMD is defined as follows:

d n . SN 2 p/2 1P
dw.,vo(z(z(ysaym)) ) oo o

k=1 \h=1

3.3. The weighted matrix distance metrics

We propose in this paragraph a novel weighted matrix distametric based on fea-
ture matrices obtained by 2DPCA. Each column of the featuarixis multiplied by
the inverse of the eigenvalue corresponding to the eigémvet the covariance matrix
in decreasing order. The weighted matrix distance is defasddllows:

& (1 n _ s p/2 1/p
d<v.,vj>(kzl(Mhzl(yszyga)) ) @

We call, hereafter, weighted Yang distance o 1 and weighted Frobenius distance
for p= 2. Forp € |0, 1], the distances are called the weighted fractional matetadice
metrics. For weighted AMD metric, we spt= 0.125.
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4. Experiments and analysis

In this section, we experimentally test and evaluate thiopaance of the proposed
weighted matrix distance metrics using four well-knownefatatabases: ORL, YALE,
PFO1 and a subset of FERET that are publicly available.{i2ZDPCA is applied on
the face mages to feature extraction and dimension reduatid then classification step
is performed using a matrix distance metrics with the Neafesghbor (NN) classifier.
We have investigated the impact of the paramptgn. 8) and the impact of the number
of principal component vectors (eigenvectadsdn classification accuracy. For all plots
presented in the next sections, the x-axis denotes thesvafukand the y-axis denotes
the recognition rate accuracy.

4.1. Preprocessing

The preprocessing techniques applied for a subset of FEREDadse are resizing,
rotation correction, cropping and histogram equalizatidme eyes coordinates are man-
ually located and images rotated to make the line betweeiwbeyes parallel to the
horizontal axis.

Figure 1. Examples of cropped images.

Then images are resized using the bilinear method to fix ttes-otular distance
to 43 pixels. The final cropped face images are scale@@o« 79) pixels. Histogram
equalization is performed on the cropped FERET and PFO1X1111% pixels) images
before they are presented to subspace technique. Whee¥ALE face images are
cropped to(101x 106) pixels and used without histogram equalization. The oabin
ORL images are used without pre-processing.

4.2. Experiments on the ORL database

The web address http://www.uk.research.att.com/faabdae.html directs to ORL
(Olivetti Research Laboratory). It is used to evaluate dacécognition systems un-
der conditions where there are variations in illuminati@mditions, facial expressions
(smiling/no smiling, open/closed eyes), scale and oaotu@jlasses/no glasses). The 40
ORL's persons are shown in Fig. 2; each one has 10 differeagés. All images are
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greyscale and normalized to a resolution bf2x 92) pixels. ORL was partitioned into
two sets of 200 images each one; the first is used for traimdglze other for testing.

Figure 2. Face images of 40 persons from the ORL database.

We investigate, in this section, the effect of the paramptithe AMD metric (eqgn.
8) and compare the recognition accuracy of different disganmetric. We have, firstly,
applied 2DPCA on the original images to feature extractimhd@mension reduction and
then performed the classification step. For all experimewntshave varied the parameter
p: p=0.125,p=0.3,p=05p=1andp=2.

Figure 3 shows that the Yang and Frobenius distances arelégmndent of the
eigenvectors number compared with the others one. Howéeefractional distances
give higher recognition rate with less number of eigenvectd/e conclude as (Zuo et
al., 2005) that the recognition rate decreases as paramgtereases.

Figure 4 shows the evolution of the recognition rates obthinith weighted matrix
distance metric. It is very clear that the weighted Froberdistance is also the less
efficient but the weighted distance fpr= 0.125 is the best one.

Table 1 compares and summarizes the best recognition raievad for different
values ofp. The number of the eigenvectors used corresponding to ttedeognition
rate is given between parentheses.

Table 2 compares our result to those of (Bengherabi et al8)280d (Rouabhia
et al. 2011) using ORL database. In (Bengherabi et al. 20@®)n@parative study of
three methods 2DPCA, DiaPCA and Dia2DPCA in DCT (Discretsi@» Transform)
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ORL: 2DPCA-based matrix distance

Recognition Accuracy (%)

i
9 10 11 12 13 14 15 16 17 18 19 20
rincipal component vectors

Figure 3. Recognition accuracy of different 2DPCA-based matrix distance metrics on the ORL database.

Table 2. Comparison of the top recognition accuracy (%) of AMD vs weighted AMD.

p=0.125| p=0.3 p=0.5 p=1 p=2

AMD 95.00 94.50 93.50 93.00 91.50
(112 x4) | (112x4) | (112x5) | (112x7) | (112x 8)

Weighted 95.50 94.50 94.50 93.00 90.00
AMD (112 x4) | (112x4) | (112x4) | (112x4) | (112x 4)

domain was conducted for face recognition. The two-dimensional DCT transform has
been used as a feature extraction step, then 2DPCA, DiaPCA and DiaPCA+2DPCA are
applied to w x w upper left block of the global 2D DCT transform matrix of the original
images. In (Rouabhia et al. 2011), fusion of two feature matrices obtained using two-
dimensional PCA and two-dimensional LDA (2DLDA) was proposed and compared
with the classical 2DPCA and 2DLDA. It was demonstrated experimentally that the
fusion outperforms 2DPCA and 2DLDA using the AMD metric.

We have obtained 95.50% as (Bengherabi et al. 2008) and (Rouabhia et al. 2011) but
with less effort and time in the feature extraction step.
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ORL: 2DPCA-based weighted distances

Recognition Accuracy (%)
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Figure 4. Recognition accuracy of different 2DPCA-based weighted matrix distance metrics on the ORL
database.

Table 3. Comparison of the top recognition accuracy (%) of different methods.

Proposed

2DPCA | 2DLDA | DiaPCA+ | DiaPCA | Features Fusion | weighted
2DPCA AMD

94.50 94.50 95.50 95.50 95.50 95.50

4.3. Experiments on the YALE database

Under the web address http://cvc.yale.edu/projects/yalefaces/yalefaces.html), the
Yale Face database is available. The database is constructed at the Yale center of compu-
tational vision and control, and contains 165 grayscale images of 15 subjects in a variety
of conditions including with and without glasses, illumination variation and changes in
facial expression (normal, happy, sad, sleepy, surprise and wink). Figure 5 shows the
original YALE images used in our study. All of the left-light and right-light images were
excluded because they differed significantly from what we expect.

The YALE database has been extensively used by other researchers in the field using
the leave-one out strategy (Yang et al. 2004) (Belhumeur et al., 1997) (Gao et al., 2002).
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Figure 5. Example images of one person from the YALE database

So, we have adopted the same strategy in which one image lofpeason is removed
from the data set and all of the remaining face images arefasédining. Nine (9) fold-

cross validations were conducted and the final recogniitmneported is the average of
all.

Yale. 2DPCA Comparison of the top recognition accuracy
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Figure 6. Comparison of the top recognition rates of difféstandard and weighted matrix distance metrics
on the Yale database.

As shown in Fig. 6, standard distance metrics (Yang, Fralseand AMD) were
compared with the weighted matrix distances. For all thesahe highest recognition
rate is 94.81% obtained with the weighted matrix distanoeg = 1 andp = 0.125, for
the standard Yang distance is 92.59% and standard Frobdistaace is 93.33%.
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4.4. Experiments on the PF0O1 database

The asian face image database PFO1 (http://nova.postdai.eontains 107 of per-
sons (56 males and 51 females) with 17 variations: faciatesgions, illumination and
pose variations. In (Visani et al., 2005) only a subset dnintg 75 persons not wearing
eyeglasses under neutral illumination conditions were& .useour study, we have ex-
pected all the 107 persons under neutral illumination. f@gushows the original facial
expressions images (normal, smile, surprised, unpleasahtlosed eye) used.

Figure 7. Examples of facial expressions from the PFOldatb

Experiments tests were conducted using a neutral expressidraining and two
sets data for testing. The first one contains the smile egjoresnly and the second con-
tains all the facial expressions. Recognition accuracyudems of the classical AMD
and weighted AMD are presented in Fig. 8 foe= 0.125.

For smile expression, the best recognition rates obtaisedyclassical AMD and
weighted AMD are, respectively, 83.17% and 85.04% for 16 ponent vectors. For all
facial expressions, the best recognition rates obtainied atassical AMD and weighted
AMD are, respectively, 75.93% and 76.40% for 16 componeantors. Classical Yang,
Frobenius and AMD metrics were also compared with the wedji®MD metric. As
shown in Fig. 9 the weighted AMD metric outperforms all othdistance metrics.

4.5. Experiments on the FERET database

We have randomly selected a subset of 200 persons from FEREbake
(http://www.itl.nist.gov/iad/humanid/feret/), eachwhom has two frontal view images:
fa was used for training and fb for testing. The face imagesl @e very diversified;
there are faces with different race, gender, age, expresBionination, occlusion, scale,
etc., which greatly increases the difficulty of the recognitask.

Figures 11 and 12 compare the recognition accuracy evalofithe standard Yang
and Frobenius distances with the weighted matrix distafideshighest recognition rate
is 85.00% for the weighted Yang distance and 84.50% for weajRrobenius distance.
For the standard matrix distances, the highest recognititsis 84.50% for Yang dis-
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PFO1. 2DPCA-based matnix distance {p=0.125)
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Figure 8. Recognition rate comparison between AMD and weighted AMD metrics using smile and all facial

expressions.

PFO1. 2DPCA-based matrix distances
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Figure 9. Comparison of the top recognition rates of different matrix distance and the weighted AMD

metrics using smile and all facial expressions.
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Figure 10. Examples of some cropped face images from FERET database.

tance and 82.50 for Frobenius distance. For AMD metric and weighted AMD metric, we
have obtained the same recognition rate 84.00%.

FERET. 2DPCA-based Frobenius distance (p=
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Figure 11. Recognition rate comparison between standard Frobenius and weighted Frobenius distances.

Table 3 compares our results with the state of the art using a subset of FERET
database. In (Zhang et al.,2005), two-directional two-dimensional PCA ((2DYPCA)was
compared with 2DPCA and alternative 2DPCA using a partial FERET face database
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Figure 12. Recognition rate comparison between standard yang and weighted Yang distances.
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Table 4. Comparison of top recognition accuracy (%) obtained by different methods.

Proposed weighted matrix
2DPCA | Alternative | (2D)’DPCA distances
2DPCA weighted weighted
Frobenius Yang
84.5 84.5 85.0 84.50 85.0
(13x 60) | (14 x60) (13x 14) (6x79) (6x79)

that comprises 400 gray-level frontal view face images from 200 persons (71 females

and 129 males), each of which is cropped with the size of 60 x 60.

5. Conclusion

We have proposed a new similarity measure for classification and face recognition:
weighted matrix distance metric. This distance is calculated between two 2DPCA fea-
ture matrices. The weights are the inverse of eigenvalues of the covariance matrix of all
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training face matrices. To test and evaluate the performafiche proposed distance,
a series of experiments were carried out under illuminagiot facial expression varia-
tions using ORL, Yale, PFO1 and FERET databases. Also, cosgmaof the proposed
matrix distances with three popular distances is perforrié results show that the
weighted matrix distances are effective for 2DPCA face gedon.
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