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ABSTRACT

We explore sparse regression for effective feature selection
and classification in face identity and expression recognition.
We argue that sparse regression in pixel space is inappro-
priate. We propose instead a method which combines the
virtues of sparse regression with projection methods such as
PCA and FDA. The method can learn a sparse set of discrim-
inative projections and increase recognition accuracy beyond
that achievable by FDA. We demonstrate this by performance
comparisons on three face data sets.

Index Terms— Face recognition, Feature extraction, Im-
age recognition, Pattern classification, Object detection.

1. INTRODUCTION

The important problems of face and face expression recog-
nition from images have received considerable attention, see
e.g. [1, 2, 3]. The problems are challenging for several rea-
sons. First, the dimension p = mn of the images is usually
much larger than the number of examples /N. So from few ex-
amples one must learn to discriminate in a high dimensional
space. Second, the example images exhibit variation both in
the dimension of interest, e.g. identity, and other nuisance
dimensions, e.g. lighting, pose, expression, background, etc.
Third, face images presumably lie on a low dimensional, non-
linear manifold X'. However, the detailed structure of this
manifold is unavailable. Hence face recognition must use rel-
atively few labelled points on an unknown manifold in high
dimensional space to discriminate face identity while being
robust to nuisance variations.

The above challenges lead naturally to consideration of
feature selection and dimensionality reduction to first iden-
tify, and then focus on, a relatively small set of informative
variables. Principle Component Analysis (PCA) [4, 5] and
Fisher Linear Discriminant Analysis (FDA) [6, 5], are com-
mon examples of this approach. PCA selects projections that
maximize the variance of the projected data. This is designed
to accurately approximate the data by capturing aspects of
greatest variation. However, accurate approximation need not
result in the selection of informative features. Indeed, a face
recognition study in [5] found that the first three PCA pro-
jections were mainly associated with lighting conditions and

discarding these usually improved recognition performance.
FDA, on the other hand, uses the label information to se-
lect projections that maximize class separability. Underlying
FDA is the assumption that each class has a Gaussian distribu-
tion with common covariance but distinct mean. Hence FDA
seeks to discriminate classes by projecting onto a direction
w that maximizes the distance between projected means (the
discriminating signal) while minimizing projected class vari-
ation (the noise). In practical face recognition problems, FDA
performs better than PCA [5]. Both PCA and FDA also have
various (robust, regularized, kernelized) extensions [7, 8, 2].

The key contribution of this paper is an alternative
means of selecting informative features prior to classifica-
tion. Specifically, we formulate the projection selection
problem as a sparse linear regression over a set of admissible
projections. The sparsity constraint promotes conservative
projection selection - each selected projection incurs a cost
that must be compensated by efficacy in classification. Sparse
regression also allows the aggregation of projections obtained
from various criteria, e.g. wavelet bases, PCA, local PCA and
FDA. This may compensate for the deficiencies of any par-
ticular projection scheme. However, inherent in any linear
regression scheme is an assumption, as in FDA, of linear sep-
arability. We show experimentally that the proposed scheme
outperforms nominal FDA in practical face and expression
recognition tasks. Moreover, our formulation appears more
effective in feature selection than previous regression meth-
ods for face recognition [9, 10].

We provide additional background to the problem in §2.
Then formulate the projection selection algorithm in §3 and
present experimental results using this algorithm in §4. We
summarize our conclusions in §5.

2. BACKGROUND

We assume that a m x n grey scale image is represented as
a point in z € RP with p = mn. We are given a set of NV
training examples {(x;,y;)}Y., with z; the ith face instance
andy; € {1,...k} its label. We assume the training instances
are centered (3 ; 2; = 0) and let X = [y, 3, ... ;on]T.
Our objective is to combine projections with sparse re-
gression to learn a classifier h: X — Y that classifies new
face images well. We first give some additional background



on PCA, FDA and regression classification. PCA finds the
ON eigenvectors w;, j = 1,...,N — 1, ordered by eigen-
value, largest to smallest, of the scatter matrix

N
XTX =3 apal € RP¥P
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Let Ppca = [wi,wa,...,wy—_1]. Projecting an instance z
onto the first d eigenvectors yields projected instance & € R¢.

By contrast, FDA seeks to maximize the ratio of between-
class to within-class scatter:
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where Sp, Sy € RP*P are the between-class and within-
class scatter matrices:
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N, is the number, and p. € R? the mean, of instances in class
c. When N < p, Sy is ill-conditioned and is replaced by the
regularized estimator Sy + pl, small p > 0. Problem (1) then
reduces to the eigenvalue problem (Sy + pI) 1 Spw = \w.
There are at most £ — 1 non-negative eigenvalues A\y > --- >
Ak—1 (Sp hasrank < k — 1) with eigenvectors wq, . .
Let Prpa = [wy,wa,...,w;_1]. By restricting attention to
the first d < k — 1 coordinates in any extension of Prp 4 to a
basis, we obtain a projection into R.

Both PCA and FDA project instances to points & € R%,
d < p. A simple nonlinear classifier can then be used in
R to label each projected instance, e.g. a nearest neighbor
classifier using the labelled projected training instances.

In regression based classification, the discrete label j is
encoded as the jth standard basis vector e; in R*. LetY =
(Y1, 92, .., yn]T € RN*F denote this encoding of the train-
ing labels. We then seek regression coefficients B € RP** to
minimize the squared loss:

Ly We—1.

min| XB - Y|}

where || - | denotes the Frobenius norm. The matrix BT
maps instances into R¥. A nearest neighbor classifier in R*
can then be used to label: h(x) = argmin;?:1 BTz — €jl|2.
Column j of B defines a binary classifier for class j against
the remaining k& — 1 classes.

Usually NV < p and the regression problem requires reg-
ularization. The most common approach, ridge regression,
considers

min | XB ~ Y[} + A Bll}

See e.g. [9]. In general, the corresponding solution
B=(X"X+X)'XTY

is not a sparse matrix. Hence it potentially uses all of the
pixels in a face image to project and then classify.

3. PROJECTION VIA SPARSE REGRESSION

An alternative means of regularizing the regression classifier
is to require that B be a sparse matrix. This encourages the
identification of features most important for classification and
has the potential for better generalization [11]. A computa-
tionally tractable means of achieving sparsity is by penalizing
the [; norm of the regression coefficients, e.g. LASSO [12].
This results in the convex optimization problem:

min [ XB - Y7 + A Bl

2%}
This decomposes into k£ subproblems, one for each class:
||Xb1 — y7||§;~ + )\HbL”h where Yi = }/C()lﬁi = 1, ey k.

This formulation determines a sparse set of informative pixels
for the classification problem. However, we do not expect
face identity to be robustly captured by a sparse set of pixels.

Instead, we propose to regress over a set of admissible
projections of pixel values. For example, these could be a sub-
set of PCA projections, FDA projections, or some the union
of these or other projections. Let the columns of ) € RP*™
be the set of admissible (linear) projections. Then we seek the
solution B = [by, ..., b] € R™*k of:

Irgin”Xij—yjH% st.bjli<r; j=1,....k (2
J

Notice that X () becomes the new data matrix, yielding m re-
gressors for b; to sparsely weight. The parameters r; > 0
control the sparsity of the b;. The nonzero coefficients of b;
combine a few projections in @ to obtain informative projec-
tions for classification of class j against the remaining classes.
We can infer the degree of importance of these projections by
the corresponding weights. Finally, setting () = I reduces the
problem to seeking a sparse set of informative pixels.

There are a variety of existing algorithms for solving (2).
In §4 we employ Least Angle Regression (LARS) [13] to ob-
tain an approximate solution.

4. EXPERIMENTS

We use three standard face databases, YALE, ORL and
FERET [14, 15], to experimentally compare the proposed
method with nominal implementations of PCA and FDA fol-
lowed by nearest neighbor classification. For clarity, we only
present results for the proposed method with Q) = Ppca €



RP*(N=1) (PCA-LARS ), Q = Ppps € RP*(~1) (FDA-
LARS), and @ = I (I-LARS).

The YALE images (15 subjects, 11 images per subject,
320 x 243 image size) were first centered, histogram normal-
ized and resized to 60 x 50 pixels. The ORL images (40 sub-
jects, 10 images per subject, 112 x 92 image size) were used
without preprocessing. A subset of FERET gray images (200
subjects, 7 images per subject, 384 x 256 image size) were
centered, histogram normalized and resized to 120 x 100 pix-
els. The 7 images are frontal, frontal with expression, frontal
with different illumination, +15° and +25° profiles. (corre-
sponding to the b series in FERET database documentation:
ba, bj, bk, be, bf, bd, bg.)

We repeated each experiment 20 times with random se-
lection of the training set (per person: 2 and 6 for YALE, 5
for ORL, 4 for FERET). We tested on the remaining data and
averaged the test error of the 20 runs. For each method we
use a Euclidean nearest-neighbor classifier. The table below
summarizes the key features of the data sets.

DataSet | mxmn N k. mn/(N/k)
YALE 60 x50 300r90 15 1500 or 500
ORL 112 x 92 200 40 2060
FERET | 120 x 100 800 200 3000

We first tested the different algorithms on YALE using 2
and 6 (out of 11) training images per person. See Fig. 1(m)
& 1(n). Not surprisingly, PCA-LARS outperformed PCA in
both cases. Indeed the performance of PCA-LARS compared
well with that of FDA. This was particularly evident at small
projection dimensions and for fewer examples per person.
Perhaps more surprising was that FDA-LARS consistently
outperformed FDA. This was significant for 2 examples per
person, less so for 6 examples per person. For four of the
classes, an example image and the first two LARS-selected
PCA eigenfaces are shown in Fig. 1(a)-1(1). These are the
PCA projections, as determined by sparse regression, that
best discriminate the class from the remaining k — 1 classes.
As predicted, selecting a sparse set of informative pixels
(I-LARS) did not perform well.

Next, we studied the effect of the number of classes k.
To do so we created subsets of FERET with k£ = 10, 20, 40,
corresponding to the first 10, 20 and 40 subjects respectively.
In this experiment we first used full PCA to reduce the di-
mension of the data to N — 1. Then we applied the various
algorithms. Fig. 2 reports the resultant classification error.
FDA-LARS always performed better that FDA but its advan-
tage over FDA shrinks as k, and hence the difficulty of the
task, increases.

In the third experiment we tested the algorithm’s ability
to recognize facial expressions and to detect eyeglasses. The
eyeglass database is a subset of ORL. There are 30 examples
for each class (eyeglasses, no eyelasses), from which 20 ex-
amples were randomly selected for training. Fig. 3(m) shows
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Fig. 1. Exp. 1: Results on YALE.

plots of the averaged detection accuracy over 20 runs. As
expected, PCA-LARS outperformed PCA due to its ability
to select informative eigenfaces. Indeed, the first 4 selected
eigenfaces S1 to S4 (Fig. 3(c)-3(f)) subjectively appear to be
discriminative, while the principal eigenfaces P1 and P2 (Fig.
3(a)-3(b)) do not. FDA had similar performance to PCA and
FDA-LARS performance was the best.

Finally, we tested the algorithms on the happy and sad
faces from YALE. For each subject, YALE has one example
each of a happy and sad face, for a total of 30 instances. We
randomly selected 10 training images for each expression (20
labelled instances) then tested on the remaining 10. The re-
sults are shown in Fig. 3(n). Images S1 to S4 (Fig. 3(1)-3(1))
are the eigenimages selected by PCA-LARS. Although a sub-
jective evaluation, these images appear to exhibit expression
information.

For the eyeglasses and expression experiments, running
the sparse regression with Q = I, i.e., seeking a sparse set
of informative pixels, performed reasonably well (better that
PCA and FDA - results not shown). Reflecting that in these
images eyeglasses and facial expressions are spatially local-
ized in a small subset of informative pixels.

5. CONCLUSION

The sparse regression method empirically improved the
recognition accuracy of both PCA and FDA projection clas-
sification. Since PCA does not use label information in pro-
jection selection, the improvement for PCA-LARS was to be
expected. More surprising was that it consistently improved
the recognition accuracy of FDA. Using sparse regression
to select d of the k — 1 FDA projections yielded better per-
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Fig. 2. Exp. 2: Results on FERET.

formance that simply selecting the first d FDA projections.
The method performed particularly well in face expression
classification and in eyeglasses recognition - far better that
FDA. Since the method does not preselect a small set of pro-
jections (as in nominal PCA and FDA) it has the potential to
discover discriminating projections that might be otherwise
overlooked.
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