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Abstract Neural networks in the visual system may
be performing sparse coding of learnt local features that
are qualitatively very similar to the receptive fields of
simple cells in the primary visual cortex, V1. In conven-
tional sparse coding, the data are described as a com-
bination of elementary features involving both additive
and subtractive components. However, the fact that fea-
tures can ‘cancel each other out’ using subtraction is
contrary to the intuitive notion of combining parts to
form a whole. Thus, it has recently been argued force-
fully for completely non-negative representations. This
paper presents Non-Negative Sparse Coding (NNSC)
applied to the learning of facial features for face recogni-
tion and a comparison is made with the other part-based
techniques, Non-negative Matrix Factorization (NMF)
and Local-Non-negative Matrix Factorization (LNMF).
The NNSC approach has been tested on the Aleix–Rob-
ert (AR), the Face Recognition Technology (FERET),
the Yale B, and the Cambridge ORL databases, respec-
tively. In doing so, we have compared and evaluated
the proposed NNSC face recognition technique under
varying expressions, varying illumination, occlusion with
sunglasses, occlusion with scarf, and varying pose. Tests
were performed with different distance metrics such as
the L1-metric, L2-metric, and Normalized Cross-Corre-
lation (NCC). All these experiments involved a large
range of basis dimensions. In general, NNSC was found
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to be the best approach of the three part-based methods,
although it must be observed that the best distance mea-
sure was not consistent for the different experiments.
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1 Introduction

1.1 Background and motivation

When humans see, light falls on the retinal sensors at
the back of the eye and is converted to electrical pulse
trains. After processing by various neural layers in the
retina, the signals pass out of the eye via the optic nerve
and to the lateral geniculate nucleus (LGN) from where
the data enter the visual cortex. At the back of the
brain is a structure called the striate cortex, which is
the primary visual cortex, V1. The latter encompasses
six layers of neurons on the surface of the brain, and
the input from the LGN enters at the fourth layer.
The neurons in V1 each take input from a number of
geniculate neurons, although any individual neuron can
only “see” a small portion of the image that the eyes
are viewing. This small region is called the receptive
field, which can be characterized as being localized, ori-
ented, and bandpass [1]. In general, neurons have both
excitatory and inhibitory inputs. Those in V1 directly
receiving data from LGN typically have what are called
center-surround geometrical configurations. There are
two types: ON-center and OFF-center receptive fields.
An ON-center receptive field is a neuron that is excited
by LGN inputs (“pixels”) to V1 near the center of its
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receptive field and inhibited by LGN inputs near the
periphery of its receptive field. An OFF-center recep-
tive field is the reverse. Thus, these neurons are sensitive
to either light or dark spots at the center of their recep-
tive fields, but in both cases their outputs are character-
ized by the firing rate of pulses of the same type. The
neurons in subsequent layers in V1 are more specific in
their behavior to the local visual input patterns.

Recent research [2] has indicated that neural net-
works in the visual system could be performing sparse
coding of learnt features that are qualitatively very sim-
ilar to the receptive fields of simple cells in V1. In con-
ventional sparse coding [3], the data are described as
a combination of elementary features involving both
additive and subtractive components. However, the fact
that features can ‘cancel each other out’ using subtrac-
tion is contrary to the intuitive notion of combining
parts to form a whole [4]. Thus, Lee and Seung have
recently argued forcefully for completely non-negative
representations. Other arguments for non-negative rep-
resentations come from biological modeling, where such
constraints are related to the non-negativity of the neu-
ral firing rates for both the ON- and OFF-receptive
fields [5].

This paper presents Non-Negative Sparse Coding
(NNSC) applied to learning facial features for face rec-
ognition. NNSC, first proposed by [5], is a data-adaptive
representation that is tailored to the statistics of the data
and has its roots in neural computation. This approach
provides a principled method for using training data to
determine the significant parts of an object such as a
face. It is well known that the factors affecting the per-
formance of face recognition systems are robustness to
scale, head pose, scene illumination, facial expression,
and various occlusions. By focusing on parts of a face
and not assuming the conventional holistic approach,
NNSC offers the possibility of improving the perfor-
mance of such systems.

Two other similar methods have been proposed
recently for spatially localized, part-based feature
extraction. Non-negative Matrix Factorization (NMF)
[4] imposes a non-negativity constraint on learning basis
images as part of a subspace approach. The pixel gray
levels of the resulting basis images, as well as coefficients
for reconstruction, are all non-negative. Thus NMF has
been considered as a procedure for learning part-based
representations [4].

Local Non-negative Matrix Factorization (LNMF)
[6], inspired by the original NMF, also aims for a part-
based representation. In addition to the non-negativity
constraint of [4], sparseness is imposed on the coordi-
nates h in the low-dimensional feature space and locality
of features is imposed on the basis components.

This paper demonstrates how NNSC is able to learn
parts of a face and can be used for face recognition.
A direct comparison is made with the earlier part-based
techniques, NMF and LNMF. The NNSC approach has
been tested on the Aleix–Robert (AR) database [7],
the Face Recognition Technology (FERET) database
[8], the Yale B database [9], and the Cambridge ORL
database [10]. We have compared and evaluated the
NNSC face recognition technique under varying expres-
sions, varying illumination, occlusion with sunglasses,
occlusion with scarf, and varying pose. In addition, tests
were performed with different distance metrics such
as the L1- metric, L2-metric, and Normalized Cross-
Correlation (NCC). All of these experiments involved a
large range of basis dimensions.

1.2 Overview

Following this introduction, the idea behind sparse cod-
ing is presented in Sect. 2, after which the non-negativity
constraints imposed on the sparse model are explained
in Sect. 3. The proposed face recognition system is out-
lined in Sect. 4. In Sect. 5, NNSC is applied to the AR,
FERET, Yale B, and Cambridge ORL databases, respec-
tively, to learn appropriate features for face recognition.
High recognition rates are obtained using only a small
set of basis components. This is in contrast to the other
part-based techniques [4,6] that have reported lower
rates on the same databases for the same number of
basis dimensions. Finally, Sect. 6 concludes the paper
and summarizes the results. We note that to date no
other literature sources have reported face recognition
results using NNSC.

2 The idea behind sparse coding

Olshausen and Field [2] published a paper describing
how a simple neural network performs sparse coding of
visual features that are qualitatively very similar to the
receptive fields of V1 simple cells. They showed how all
the basic spatial properties of simple cells could emerge
in an unsupervised manner from natural images. This
was the first study to investigate this idea. Subsequently,
the very closely related model of Independent Com-
ponent Analysis (ICA) [3] was shown to give similar
results. This framework explained the observed recep-
tive fields from an information-theoretic point of view,
which had been lacking in previous work and thereby
demonstrated how sensory coding was related to the
statistics of the environment [11].

The basic idea behind sparse coding is relatively sim-
ple. An observed multi-dimensional vector v is modeled
as a linear superposition of features (basis vectors) W.
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That is, let an n-dimensional input image v be represented
by

v =Wh =
r∑

a=1

Wiaha (1)

The r columns of W are the basis images and each of
these is an n-dimensional vector. Thus, W is an n × r
matrix. The hidden components that provide the spe-
cific contribution of each basis vector in the input vectors
are h1, . . . , hr. These latent variables are stochastic and
differ for each observed input v. They are represented
as an r-dimensional vector h. The crucial assumption
in the sparse coding framework is that the hidden vari-
ables exhibit sparseness [11]. The goal is to select a set
of basis components so that v can (by proper choice
of h1, . . . , hr) be represented accurately1 and sparsely.2

However, note that even though some of the elements in
a basis component are zero, they are actually all needed
because the particular set of active coefficients changes
from input to input.

Hoyer suggested that, when this sparse model is learnt
from image data, the learnt basis components have the
properties of the spatial receptive fields of simple cells in
V1. Thus the neural interpretation of the model is that
simple cells in V1 perform sparse coding on the visual
input they receive, with the receptive fields being closely
related to the sparse coding basis vectors and the neuron
firing rates representing the latent variables h1, . . . , hr.

3 Non-negativity constraints on sparse coding

One way in which the standard sparse coding image
model is unrealistic as a paradigm of V1 simple cell
behavior is the fact that each component h1, . . . , hr can,
in addition to being effectively silent (close to zero), be
either positively or negatively active [5,11]. This means
that each feature contributes to representing stimuli of
opposing polarity. This is in clear contrast to the behav-
ior of simple cells in V1 where the neurons produce
pulse-firing rates as outputs. They tend to have quite low
background firing rates and, as these cannot go negative,
can only represent one half of the output distribution of
a signed feature h1, . . . , hr.

Let us examine Eq. (1) in the context of NNSC and
extend it from representing a single image v to a collec-
tion of images V. Let a dataset of m training images be
given as an n × m matrix V with each column consist-

1 The right-hand side of (1) closely equals the left-hand side.
2 That is, it favors representations where only a few coefficients
h1, . . . , hr are significantly active (non-zero) for any given input v.

ing of the n non-negative pixel values of an image. This
matrix is approximately factorized into the basis matrix
W and an r×m matrix H. Each facial image can then be
represented as a linear combination of the basis images
using the approximate factorization:

V ≈ Ṽ =WH (2)

As stated earlier, a column of matrix W contains a basis
vector, while each column of H contains the weights
needed to approximate the corresponding columns in V
using the bases from W. The rank r of factorization is
generally chosen so that [4]:

r <
nm

n+m
(3)

Combining the goal of small reconstruction error with
that of sparseness, the following objective function to be
minimized can be arrived [5]

�NNSC(W, H) =
n∑

i=1

m∑

j=1

(
Vij −

r∑

l=1

WilHlj

)2

+λ

r∑

k=1

m∑

j=1

f
(
Hkj

)
(4)

subject to the constraints ∀i, j, k, l : Wil ≥ 0, Hlj ≥ 0, and
|wj| = 1, where wj denotes the jth column of W. The
sparseness parameter λ is a constant that controls the
tradeoff between accurate reconstruction and sparse-
ness.3 With λ equal to zero this objective function
reduces to the squared error version of NMF [4]. The
form of f defines how sparseness is measured and Hoyer
[5] suggests that a typical choice for f is f (Hkj) = |Hkj|.
We observe that the NNSC of a non-negative data matrix
V is given by the minimization of the objective function
�NNSC(WH) subject to the same constraints as that of
NMF [4].

The NNSC learning algorithm includes two parame-
ters, the sparseness factor λ ≥ 0 and the iterative step
size µ for the projected gradient descent. The objective
function is non-increasing under the following update
rules [5]:

Hkj ← Hkj

n∑

i=1

[
WTV

]
kj[

WTWH
]

kj + λ
(5)

W ←WT − µ
(

WTH − V
)

HT (6)

Wkl ← Wkl∑n
k=1 Wkl

(7)

3 Hoyer [11] discusses how to select the sparseness measure. In
our experiments, the best set of basis functions that provides a
truly part-based representation was for λ = 0.75 In this case, the
term V−WH converges the fastest and also to the lowest value.
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Fig. 1 Sparse and part-based basis components of dimensional-
ity 20, 50, and 100 obtained by the NNSC technique. It can be
observed that the basis components tend to become more local-
ized as the dimensionality is increased from 20 to 100. Also, histo-

gram plots of the basis images reveal that as their dimensionality
is increased, the basis components become more binary in nature
(either 0 (black) or 255 (white))

where []kj indicates that the noted divisions and
multiplications are computed element by element. This
projected gradient decent step is guaranteed to decrease
the objective function if the step size µ ≥ 0 is small
enough [5]. However, there is no guarantee of reaching
the global minimum, due to the non-convex constraints:

�NNSC

(
W(t+1), H(t+1)

)
� �NNSC

(
W(t), H(t)

)
; t � 0

(8)

A set of NNSC basis components (computed for the neu-
tral pose in the AR database—see Sect. 5.2) of dimen-
sionality 20, 50, and 100 is shown in Fig. 1.4 It can be
seen that the basis components are both sparse and part-
based. In the next section we discuss NNSC in the con-
text of face recognition.

4 The original facial images were 768×576 pixels. However, after
background removal and geometrical normalization (including
scaling down the image size by 4:1 while maintaining the original
aspect ratio), as explained in detail in Sect. 5, the basis components
are 181 × 121 pixels in size.

4 Face recognition in the part-based subspace

4.1 Basic algorithm

The task of automatically recognizing human faces using
NNSC is depicted in Fig. 2. There is a training stage in
which the facial codes, hk1, . . . , hkm for the individual
database images (a total of m) are extracted and stored
for later use. This can be thought of as creating a model,
which is obviously necessary even for human beings; we
perform correlation between what is seen and what is
already known in order to actually achieve recognition
[12]. At run-time, a test input (a total of l images) is pre-
sented to the system, and its facial codes hq1, . . . , hq1 are
extracted. The closest match is found by performing a
search that computes distance measures and uses near-
est neighbor classification. These steps are explained in
more detail in Sects. 4.2 and 4.3.

The decision, f made by a machine can then be given
by

f =
{

1, if vq is an authorized face
0, if vq is an unauthorized face

(9)

where vq is a query face.
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Fig. 2 Steps involved in the proposed face recognition approach. The symbols used are explained in Sects. 4.2 and 4.3

4.2 Feature extraction

For a set of m facial training images, the average face v̄
is given by

v̄ = 1
m

m∑

i=1

vi (10)

Then each face vk differs from the average face by

ξk = vk − v̄; k = 1, . . . , m (11)

A face space is constructed by projecting each individual
face vk of the training set to the low dimensional feature
space to obtain an r-dimensional vector

hk =W+ξk (12)

where W+ = (WTW)−1WT . Each of these feature vec-
tors is then used as a prototype feature point. A query
face to be classified is represented by its projection into
the space as

hq =W+vq (13)

4.3 Nearest neighbor classification

The next step is to compute the distance d(hq, hk)
between the query and each prototype. The query is
classified as the class to which the closest prototype

belongs. For the experiments carried out in this paper,
recognition rates were obtained using three different
distance metrics: L1-metric, L2-metric, and NCC. These
are calculated as follows:

1. L1-metric: Also known as the sum norm. It sums the
absolute differences between the two vectors and is
given by

d
(
hq, hk

) = L1
(
hq, hk

) =
r∑

j=1

∣∣hq − hk
∣∣ (14)

2. L2-metric: This is also known as the Euclidean norm
or the Euclidean distance when its square root is cal-
culated. It sums up the squared differences between
two vectors and is given by

d
(
hq, hk

) = L2
(
hq, hk

) = ∥∥hq − hk
∥∥

=
√√√√

r∑

j=1

(
hq − hk

)2 (15)

3. NCC: The basic principle behind this distance met-
ric is to compare two vectors of the same size by
measuring their correlation. Correlation of any two
vectors can lie in the range [−1, +1], where ‘+1’ indi-
cates maximum correlation and ‘−1’ indicates that
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the vectors are totally uncorrelated (opposite). The
correlation is given by

d
(
hq, hk

) = corr
(
hq, hk

)

= r
∑r

j=1 hqihki −∑r
i=1 hqi

∑r
i=1 hki√[

r
∑r

i=1 h2
qi −

(∑r
i=1 hqi

)2
][

r
∑r

i=1 h2
ki −

(∑r
i=1 hki

)2
]

(16)

5 Experiments and results

This section begins with a brief overview of the facial
databases used for testing and highlights the differences
among them. Then we present and discuss the experi-
ments and results. In all cases, images were first normal-
ized geometrically5 as in [12] and for illumination, as
in [13].

5.1 Face databases

The four databases used are the AR database, the
FERET database, the Cambridge ORL database, and
the Yale B database. One of the main motivations for
the choice of the Cambridge ORL and AR databases
is that Li et al. [6] and Guillamet et al. [14] have used
them for their part-based experiments with NMF and
LNMF, respectively. We note that no results have yet
been reported in the literature using the NNSC
technique.

5.1.1 Aleix–Robert (AR) database

The AR database was collected at the Computer Vision
Center in Barcelona and contains images of 116 indi-
viduals (63 males and 53 females). The original images
are 768 × 576 pixels in size with a 24-bit color resolu-
tion. This database is interesting because subjects were
recorded twice at a 2-week interval in which each ses-
sion captured 13 conditions with varying facial expres-
sions, illumination, and occlusion. For example, some
individuals are captured wearing glasses during the first
session but not in the next. Due to the high dimension-
ality of the original images, each image was reduced to
181×121. The images were also cropped within an ellip-
tical region to remove any influence of the background,
hair, and ears. Furthermore, all the images were aligned

5 In-plane rotation normalization is achieved by first aligning the
left and right eyes so that they lie on a line parallel to the horizontal
axis. Next, each image is resized so that the distance between the
eyes is always 50 pixels. Finally, each image is cropped with an
elliptical mask so that only the face is visible and the hair, ears,
and background are all removed.

with the eye positions to remove any effect of the (slight)
in-plane rotations.

5.1.2 Face Recognition Technology (FERET) database

The well-known FERET facial database has become the
de facto standard for evaluating face recognition tech-
nologies. It consists of a total of 14,126 images of 1,199
individuals and 365 duplicate6 sets of images. The size of
each image is 512× 768 pixels with some images having
either a 24-bit or an 8-bit color resolution. Further, for
some subjects, more than 2 years have elapsed between
the first and most recent sittings, with some subjects
being photographed multiple times [8]. The database
displays diversity across gender, ethnicity, and age. Since
images are acquired during different photo sessions, the
illumination conditions, facial expression, and size of
the face may vary. This implies a relatively high level of
variation in appearance. For example, some individuals
are captured wearing glasses during the first session but
not in the next. Each image was reduced to 181 × 121
due to the high dimensionality of the original images. As
stated earlier, the images were also cropped to remove
any influence of the background, hair, and ears. Also,
all the images were aligned with the eye positions to
remove any effect of the (slight) in-plane rotations.

5.1.3 Yale B database

The Yale B database contains 5,760 single light source
images of ten subjects each seen under 576 viewing con-
ditions (9 poses× 64 illumination conditions). For every
subject in a particular pose, an image with ambient
(background) illumination was also captured. Hence,
the total number of images is 5,850 (5, 760 + 90). This
database has subjects of different ages and races, with
different hairstyles and facial hair. The illumination
direction contains the azimuth and elevation of the sin-
gle light source direction. The azimuth angle varies from
+130◦ to −130◦ while the elevation angle varies from
+19◦ to +40◦.

5.1.4 Cambridge ORL database

The Cambridge ORL face database contains ten differ-
ent images of 40 distinct subjects. The size of each image
is 112 × 92. The images are taken at different times,
with only slightly varying illumination, different facial
expressions (open/closed eyes, smiling/non-smiling), and
facial details (glasses/no-glasses). All the images are

6 A duplicate set is a second set of images of a person already in
the database and which were usually taken on a different day [8].
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taken against a dark homogeneous background. The
faces are in an upright position in frontal view, with slight
left–right out-of-plane rotation. This database includes
both males and females. Each image was linearly
stretched to the full range of pixel values [0, 255].

5.2 Experiments using the AR database

In this section, we apply sub-space learning algorithms
that are part-based in nature (NMF, LNMF, and NNSC)
to the problem of face recognition by first learning the
specific facial features of each individual. The meth-
ods are then compared for their ability to perform face
recognition. Also, the best distance metric (L1-metric,
L2-metric, and NCC) for nearest neighbor classification
for each of these methods is proposed. A total of four
experiments were performed: recognition across expres-
sion, illumination, occlusion with scarf, and occlusion
with sunglasses.

The results obtained are also compared with two
leading techniques, FaceIt and Bayesian, used in the
computer vision community. FaceIt is a commercial face
recognition system and is primarily based on the Local
Feature Analysis (LFA) [15]. The Bayesian technique
was developed by Moghaddam and Pentland [16] in
order to model large non-linear variations in facial
appearance due to self-occlusion and self-shading, and
uses a PCA approach [17] as a probability density esti-
mation tool. Gross et al. [18] present a detailed com-
parison of these two techniques on the AR database.
The methods were compared by considering a wide set
of situations: natural occlusions, changes in expressions,
changes in lighting conditions.

5.2.1 Learning basis components

Part-based (NMF, LNMF, NNSC) representations were
obtained for 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 150, and
200 basis components.7 This was done to determine how
the results are affected by the number of dimensions of
the feature space. Guillamet et al. [14] limit their dimen-
sionality experiments to only 50, 100, and 200.

7 As indicated in Sect. 3, the rank r of factorization is generally
chosen lower than the upper bound (n+m)r < nm where n is the
dimension of each image (number of pixels) and m is the number
of training images in a given dataset. Thus, for the AR datasets:
n = 121× 181, m = 116, giving r < 115. Similarly, for the Yale B
dataset: n = 181× 121, m = 10 (only the neutral pose is used for
training) giving r < 9. Hence, for experiments with the AR data-
set, a basis dimension up to 115 would have sufficed and similarly
for the Yale B dataset, a basis dimension up to 9 would have been
appropriate. However, to observe the effect on the recognition
rates for r > roptimum, we have extended the experiments to 200
for the AR database and 30 for the Yale B database.

Each approach (NMF, LNMF, NNSC) was analyzed
as a face classifier for all dimension sizes. The training
images consisted of two neutral poses of each individ-
ual that were captured on two separate days (AR 01).
A set of NNSC basis images of dimensionality 20, 50,
and 100, is shown in Fig. 1. It can be seen that the basis
components are both sparse and part-based.

5.2.2 Results

In order to determine how each technique deals with
expressions, illumination, occlusion with sunglasses, and
occlusion with scarf, four major experiments were per-
formed. For the expression experiment, images labeled
as AR 02, AR 03, and AR 04 were used for testing
because they contain smile, anger, and scream expres-
sions, respectively. Images labeled AR 05, AR 06, and
AR 07 were used as test images for the illumination
experiment as they have neutral expressions with vary-
ing illumination. For the occlusion experiments with
sunglasses, images labeled AR 08, AR 09, and AR10
were used, whereas the occlusion experiments with scarf
used AR 11, AR 12, and AR 13. The recognition accu-
racy, defined as the percentage of correctly recognized
faces, was taken as the performance measure.

5.2.3 Expression

The recognition accuracy obtained by the part-based
techniques as a function of basis dimension for different
distance metrics for smile, anger, and scream expression
are shown in Figs. 3, 4, and 5, respectively. For all these
experiments, the recognition rates for NNSC, NMF, and
LNMF, improve as the basis dimension increases, even-
tually saturating. However, for NNSC, the rates tend
to improve at a much faster rate giving much higher
recognition accuracies for relatively fewer basis dimen-
sions. This explanation for this phenomenon is detailed
in Sect. 5.2.7.

NCC seems to be the best distance measure for NMF.
This contradicts the results in Guillamet et al. [14] who
suggested that the L1-metric was the best choice. For
LNMF, the L1-metric is the best choice. NNSC gives the
best recognition rates (in some cases reaching 100%)
for both expressions. Accuracies of up to 98 and 87%
are obtained by NMF and LNMF, respectively, for the
smile and anger expressions. With FaceIt, 96 and 93%,
respectively, were obtained for these expressions while
the Bayesian approach performed poorly with rates of
72 and 67%. The PCA technique performed below aver-
age relative to the part-based methods with rates of 83
and 90%.
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Fig. 3 Smile expression results (AR 02). Comparison of the part-based representation techniques (NMF, LNMF, and NNSC) with
different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions
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Fig. 4 Anger expression results (AR 03). Comparison of the part-based representation techniques (NMF, LNMF, and NNSC) with
different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions
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Fig. 5 Scream expression results (AR 04). Comparison of the part-based representation techniques (NMF, LNMF, and NNSC) with
different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions

The results for the scream expression demonstrate
that it is a very difficult image to recognize. FaceIt gave
the best results in this case. NNSC, although not as high,
yielded 63% recognition accuracy, which is much higher
than Bayesian, PCA, and the other (NMF and LNMF)
part-based techniques. These results are summarized in
Table 1. Note that the rates given in Table 1 reflect
the “best” recognition rates obtained for the respec-
tive technique. They do not indicate which combination
of distance measure and number of basis dimensions

produced this rate. For example, with NNSC, the highest
accuracy (100%) is obtained for a basis dimension of 80
with the L1-metric. However for NMF, the highest accu-
racy (99%) is obtained with NCC as a distance measure
and a basis dimension of 200.

Table 2 provides a summary of which distance metric
is best suited for which part-based techniques for the
expression considered. A measure of “1”, “2”, or “3” is
assigned to a technique for a given distance metric, with
“1” being the best and “3” the worst.
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Table 1 A summary of recognition rates with varying expressions
(smile, anger, scream). FaceIt, Bayesian, PCA, and the part-based
techniques are compared

Technique Recognition accuracy

Smile Anger Scream
(AR 02), % (AR 03), % (AR 04), %

FaceIt 96 93 78
Bayesian 72 67 41
PCA 83 90 29
NMF 98 99 30
LNMF 93 90 27
NNSC 100 100 63

Table 2 A summary of the ‘best’ distance measures (see text for
explanation) for the part-based techniques with 1 being the best
choice and 3 the worst

Technique Best distance metric (in the order 1, 2, 3)
for expressions

AR 02 AR 03 AR 04

L1 L2 NCC L1 L2 NCC L1 L2 NCC

NMF 2 3 1 2 3 1 3 2 1
LNMF 1 2 3 1 2 3 1 2 3
NNSC 1 2 3 1 2 3 1 2 3

5.2.4 Illumination

Illumination conditions are an important factor to take
into account in a face recognition framework. These con-
ditions include: illumination from an azimuth of +90◦
(right side), −90◦ (left side), and 0◦ (frontal lighting)
and are labeled as AR 05, AR 06, and AR 07.

Examination of the recognition rates obtained by
the part-based techniques as a function of basis dimen-
sion (for different distance metrics) leads to the con-
clusion that these rates are almost identical with the
rates obtained for the smile expression (AR 02) images
discussed in Sect. 5.2.3. Table 3 provides a summary of

Table 3 A summary of recognition rates with varying illumination

Technique Recognition accuracy

Left light Right light Both lights
(AR 05), % (AR 06), % (AR 07), %

FaceIt 95 93 86
Bayesian 77 74 72
PCA 86 87 71
NMF 99 99 98
LNMF 97 98 86
NNSC 99 99 96

FaceIt, Bayesian, PCA, and the part-based techniques are com-
pared

the recognition accuracies achieved by the part-based
techniques as well as by PCA, Bayesian, and FaceIt.8

Bayesian and PCA performed the worst. This implies
that they (Bayesian and PCA) cannot deal with illumi-
nation changes as well as the part-based techniques. The
rates obtained by FaceIt are good, but when compared
with the part-based techniques they are lower by about
2–10%. Rates obtained by NNSC and NMF are the best
in this category, with LNMF lower by 2% in the case of
AR05 and 10% for AR 07, but still comparable with and
better than FaceIt.

Again, we observe that NNSC performs better and
obtains very high recognition rates with a low number
of basis dimensions. This is not the case with NMF and
LNMF (or even PCA) where the recognition results
improve with an increase in basis dimension (eventually
saturating) but at a much lower rate. These observed
trends and the obtained recognition rates are consistent
with the experiments in Sect. 5.2.3. This issue will be
discussed in Sect. 5.2.7.

In addition, we note that the best distance measure for
NMF in the case of varying illumination is the
L1-metric and for LNMF the L2-metric, whereas for
NNSC it is NCC. These results are summarized in Table 4.

Table 4 A summary of the ‘best’ distance measures for the part-
based techniques with 1 being the best choice and 3 the worst

Technique Best distance metric (in the order 1, 2, 3)
for illumination

AR 05 AR 06 AR 07

L1 L2 NCC L1 L2 NCC L1 L2 NCC

NMF 2 1 3 1 2 3 2 1 3
LNMF 2 3 1 1 2 3 2 1 3
NNSC 2 3 1 3 2 1 2 3 1

5.2.5 Occlusion with sunglasses

In this section, we experiment with a set of faces sub-
ject to occlusion by sunglasses (AR 08). In this case, the
subjects are wearing sunglasses that occlude both eyes,
including a significant region around the eyes as well.
AR 09 and AR 10 are similar except with left and right
illumination, respectively.

The recognition rates obtained by the part-based tech-
niques as a function of basis dimension (for different dis-
tance metrics) are shown in Figs. 6, 7, and 8, respectively.

8 As the recognition rates for the Bayesian, FaceIT, and PCA
methods are reported in [14], but the method used for illumina-
tion compensation is not indicated.



B. J. Shastri, M. D. Levine

0 20 40 60 80 100 120 140 160 180 200
20

25

30

35

40

45

50

55

60

Basis dimension Basis dimension Basis dimension

R
ec

og
ni

tio
n 

ac
cu

ra
cy

 (
%

)

R
ec

og
ni

tio
n 

ac
cu

ra
cy

 (
%

)

R
ec

og
ni

tio
n 

ac
cu

ra
cy

 (
%

)

0 20 40 60 80 100 120 140 160 180 200
20

0 20 40 60 80 100 120 140 160 180 200
15

20

25

30

35

40

25

30

35

40

45 45

NNSC
NMF
LNMF

(a) (b) (c)

Fig. 6 Occlusion (sunglasses) results (AR 08). Comparison of the part-based representation techniques (NMF, LNMF, and NNSC)
with different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions
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Fig. 7 Occlusion (sunglasses) results (AR 09). Comparison of the part-based representation techniques (NMF, LNMF, and NNSC)
with different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions
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As observed in the graphs, the presence of sunglasses
significantly reduces the recognition rates, corroborat-
ing the importance of eyes for classifying faces.

As was the case with non-occluded experiments
(Sects. 5.2.3 and 5.2.4), the recognition accuracy for
NNSC, NMF, and LNMF, increases as the number of
basis dimensions increase, and eventually saturate (at
a relatively low accuracy when compared to the non-
occluded cases) However, NNSC achieves relatively
higher recognition rates for a smaller number of basis
dimensions . This issue will be discussed in Sect. 5.2.7.

Table 5 presents a summary of the recognition rates
obtained by each technique. An immediate conclusion
can be drawn about PCA and the part-based techniques
by considering the rates. The part-based techniques have
a much higher recognition rate than PCA. This behavior
is expected and is consistent with the theory that PCA
is based on a global transformation of the original space
and the part-based techniques are local in nature. Thus,
it turns out that when considering local effects, such as
occlusion, changes in expression or even changes in illu-
mination, PCA is not able to represent them as well
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Table 5 A summary of recognition rates with occlusion
(sunglasses) and varying light direction

Technique Recognition accuracy

Sunglasses Sunglasses/ Sunglasses/
(AR 08), % left light right light

(AR 09), % (AR10), %

FaceIt 8 10 6
Bayesian 35 34 28
PCA 16 26 24
NMF 42 36 54
LNMF 50 48 30
NNSC 55 51 50

FaceIt, Bayesian, PCA, and the part-based techniques are com-
pared

as part-based methods. Part-based methods also yield
higher recognition rates than FaceIt and Bayesian tech-
niques, while NNSC outperforms both NMF and LNMF.
Clearly, as one would expect, part-based features are
superior to holistic ones.

Finally, it is noted that for occlusions of this type, the
L1-metric is best suited for NNSC and LNMF, whereas
for NMF the L2-metric is the most suitable. These find-
ings are summarized in Table 6.

5.2.6 Occlusion with scarf

In this set of experiments, faces are occluded by a scarf
(AR 11) that covers the mouth region. AR 12 and AR 13
consider the same situation but including left and right
illumination.

The recognition rates by the part-based techniques
for this case as a function of basis dimension (for differ-
ent distance metrics) indicate that the recognition rates
are much lower than when no occlusion exists. Further-
more, the behavior of the rates obtained by NNSC as
a function of basis dimension is consistent with partial
occlusion due to sunglasses (Sect. 5.2.5).

The rates obtained by FaceIt are the best in this set of
experiments, whereas Bayesian gives the lowest rates. It

Table 6 A summary of the ‘best’ distance measures for the part-
based techniques with 1 being the best choice and 3 the worst

Technique Best distance metric (in the order 1, 2, 3)
for sunglass occlusion

AR 08 AR 09 AR 10

L1 L2 NCC L1 L2 NCC L1 L2 NCC

NMF 2 1 3 2 1 3 2 1 3
LNMF 1 2 3 1 2 3 1 2 3
NNSC 1 3 2 1 3 2 1 3 2

is interesting to note here that as the number of basis
dimensions increases, the rates obtained by LNMF and
NNSC stay more or less constant over the whole range.
However, the recognition accuracy for NMF increases
with basis dimension. When the lighting in the scene is
not extreme (AR 11), NMF can have a high recogni-
tion rate even compared to FaceIt, but when it is severe
(AR 12 and AR 13), these recognition rates decrease.
This implies that part-based methods cannot deal with
more global changes in scene illumination as well as
FaceIt. Table 7 shows a summary of the recognition rates
obtained by each technique. These results are summa-
rized in Table 8.

5.2.7 Summary of results using the AR database

In this section, we have applied sub-space learning algo-
rithms that are part-based in nature (NMF, LNMF, and
NNSC) to the problem of face recognition using the AR
facial database. Experiments were also performed with
respect to the distance metric [L1-metric, L2-metric,
and Normalized Cross-Correlation (NCC)] for nearest
neighbor classification and the best method was found
in each case. The results obtained were compared with
PCA as well as to two leading techniques used by the
computer vision community: FaceIt and Bayesian.
A total of four experiments were performed: recognition

Table 7 A summary of recognition rates with occlusion (with
scarf) and varying light direction

Technique Recognition accuracy

Scarf Scarf/left light Scarf/right light
(AR11), % (AR 12), % (AR13), %

FaceIt 81 73 71
Bayesian 46 43 40
PCA 62 47 48
NMF 78 76 59
LNMF 69 51 51
NNSC 75 52 55

FaceIt, Bayesian, PCA, and the part-based techniques are com-
pared

Table 8 A summary of the ‘best’ distance measures for the part-
based techniques with 1 being the best choice and 3 the worst

Technique Best distance metric (in the order 1, 2, 3)
for scarf occlusion

AR 11 AR 12 AR 13

L1 L2 NCC L1 L2 NCC L1 L2 NCC

NMF 1 2 3 1 2 3 1 2 3
LNMF 1 2 3 1 3 2 1 2 3
NNSC 2 1 3 1 2 3 1 2 3
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across expression, illumination, occlusion with sunglas-
ses, and occlusion with scarf.

It was found that part-based techniques perform
much better for smiling and angry faces (with NNSC
being the best) than FaceIt, Bayesian, and PCA. How-
ever, for images that portray a scream, FaceIt obtained
the best results, with NNSC being the second best. The
best distance measure for NMF is NCC, whereas for
LNMF and NNSC it is the L1-metric. Also, we note here
that the high recognition accuracies obtained by NNSC
are with a relatively small number of basis dimensions
(less than 80). This is not the case with NMF and LNMF
(or even PCA) where the recognition results improve
with an increase in the number of basis dimensions9 but
at a much slower rate.

To explain why a relatively small number of basis
components yield high recognition rates for NNSC, that

is, why rNNSC
optimum <<

{
rNMF

optimum, rLNMF
optimum

}
, where roptimum

is given by Eq. 3, consider the objective function,
�NNSC(W, H), in Eq. 4. In this equation, the param-
eter λ controls the tradeoff between accurate recon-
struction and sparseness. With λ → 0, Eq. 4 reduces
to the same objective function used for NMF. Hence,
it should be noted that for NNSC, after the optimiza-
tion, �NNSC(W, H) is not close to zero, even if V may
be equal to the product of WH. That is, �NNSC(W, H) >

{�NMF(W, H)�LNMF(W, H)} which is not the case for
NMF and LNMF, where V ≈WH after the optimization
process. Also, it is to be noted that this “extra” additive
term in Eq. 4 has an outer summation “controlled” by
the value of r. It follows that the upper bound of r for
the case of NNSC can then be given by making a small
modification to Eq. 3 such that

r < ϕ
nm

n+m
; 0 < ϕ � 1 (17)

where φ1 is an unknown scalar. The upper bound
obtained by Lee and Seung (Eq. 3) occurs when
V−WH ≈ 0, but because for NNSC, V−WH > 0, the
scalar φ comes into play. This is also consistent with the
definition of sparseness in footnote 3 which states that
“... it favors representations where only a few coeffi-
cients h1, . . . , hr are significantly active (non-zero) for
any given input v”. The interested reader is referred to
Fig. 7.2 of [11] for more details on sparseness.

Having explained why only a small number of basis
components is required to achieve high recognition rates
for NNSC, we now consider why the recognition accu-

9 This behavior of the recognition rates versus the number of
basis dimensions in the case of NNSC is also consistent with the
experiments performed on the FERET, Cambridge ORL, and
YaleB face databases.

racies saturate for a larger number of basis components
(r > roptimum).

Rewriting Eq. 4 as �NNSC(W, H) = A+ λ ·B, we can
plot the terms A (reconstruction component) and λ· B
(sparseness component) as a function of the number of
basis dimensions obtained after optimization (learning
the basis components) using the update rules given in
Eqs. 5, 6, and 7. These plots are depicted in Fig. 9. It
can be observed that as the number of basis dimensions
increases, the terms A and λ· B attain their steady state
values for just a small number of basis dimensions. More-
over, there is no further improvement with an increas-
ing number of basis dimensions. The consequence of
this is shown is Fig. 9c, where the objective function
has negligible improvement for r > roptimum, that is
�NNSC(W, H)|r ≈ �NNSC(W, H)|roptimum Therefore, the
resulting basis components learnt by optimization for
r > roptimum, will show no more improvement, giving
W|r ≈ W|roptimum . Hence, we can conclude that the rec-
ognition accuracies tend to saturate for r > roptimum.

The recognition rates obtained by varying illumina-
tion with FaceIt, Bayesian, and PCA, indicate more or
less the same trends as those obtained for the expression
experiments. Bayesian and PCA cannot deal with illumi-
nation variations as well as the part-based techniques or
FaceIt, which may explain why they (Bayesian and PCA)
provide the poorest rates. The rates obtained by FaceIt
are good, but when compared with the part-based tech-
niques, they are slightly lower by about 2–10%. Rates
obtained by NNSC and NMF are the best.

In the case of partial occlusion, the part-based tech-
niques have much higher recognition rates than PCA.
This behavior is expected and is consistent with the the-
ory that the PCA technique is based on a global transfor-
mation of the original space and the NMF, LNMF, and
NNSC are part-based and local in nature. As expected,
using non-uniform illumination degrades the results for
the latter.

We note that, as expected, the recognition rates for
occluded faces are lower than those obtained for non-
occluded ones. An important point in this regard is that
training for all experiments discussed in this paper was
done under strict conditions; that is, only one image per
person in neutral pose and expression, and under ambi-
ent lighting. Therefore, when considering the occluded
case, the faces used for testing the recognition perfor-
mance lacked certain facial features.

When considering occlusion with sunglasses, the rec-
ognition rates obtained are low but again, those achieved
by NNSC are relatively better. In this experiment, the
L2-metric was the most suited for NMF whereas for
LNMF and NNSC, the L1-metric was best. For occlu-
sions as a result of a scarf, FaceIt obtained the best
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Fig. 9 9 Plots of the a A (reconstruction component) and b λ. B (sparseness component) of Eq. 4 as a function of the number of basis
dimensions; c is the optimized objective function of Eq. 4 (that is, the sum of a and b)

rates and Bayesian the lowest. Comparable results were
obtained by the part-based techniques with NNSC being
the closest. Here, the L1-metric was the best-suited dis-
tance measure for the part-based methods.

5.3 Experiments on the FERET database

As earlier mentioned, the FERET database is used as a
de facto standard for evaluating face recognition tech-
nologies. For the purposes of experimentation, the data
used for the experiments described here consists of 1,010
subjects in the frontal pose. Each subject appears in the
database as a pair (“fa” and “fb”), and can appear more
than once (“duplicate”). There is a total of 1,762 images
in the “fa” pose and 1,518 images in the “fb” pose which
were partitioned into training and testing sets. The train-
ing set contained only one image per subject in the “fa”
(neutral) pose while the rest of the images correspond-
ing to the subject were used in the testing phase.

Part-based representations with 10, 20, 30, 40, 50, 60,
70, 80, 90, 100, 150, and 200 basis components were
computed using the training set. Figure 10 shows the
recognition rates obtained by each of the NMF, LNMF,
and NNSC part-based learning techniques with different

metrics as a similarity measure for a varying number of
basis dimensions.

From the plots it can be observed that the recognition
rate obtained by the NNSC technique is as high as 97%,
whereas NMF and LNMF yield maximum recognition
rates of 94.48 and 96.32%, respectively. As was observed
with the experiments on the AR database, the NNSC
technique gives a relatively high recognition rate for a
fewer number of basis components. The L1-metric was
found to be the most suitable for part-based techniques.

5.4 Experiments on the Yale B database

The Yale B database contains images of 10 individuals in
nine poses. The experiment was performed under con-
stant ambient illumination conditions, neutral expres-
sion, and no occlusion. Poses 1, 2, 3, 4, and 5 are about
12◦ off the optical axis (i.e., from Pose 0), while poses 6,
7, and 8 are about 24◦. The images were preprocessed
to remove the background, hair, and ears. Other poses
were also generated by taking mirror images of poses 2,
3, 4, 6, 7, and 8 to obtain poses 2’, 3’, 4’, 6’, 7’, and 8’.
The frontal view (pose 0) was selected for training only,
while the rest of the poses were used for testing.
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Fig. 10 Face recognition results on the FERET database. Comparison of the part-based representation techniques (NMF, LNMF, and
NNSC) with different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions
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Fig. 11 Face recognition results on the Yale B database. Comparison of the part-based representation techniques (NMF, LNMF, and
NNSC) with different distance metrics (L1-metric, L2-metric, and NCC) over a varying number of basis dimensions

Figure 11 shows the recognition rates obtained by
each of the three part-based learning techniques using
different similarity metrics and over varying number of
basis dimensions. We observe that NNSC outperformed
NMF and LNMF and obtained recognition rates as high
as 94.81%, whereas NMF and LNMF yielded 89.63 and
93.33%, respectively.

5.5 Experiments on Cambridge ORL database

The Cambridge ORL database is relatively simple in
the sense that it contains images of individuals with not
much variation in head pose, expression, and the images
are taken under the same (ambient) lighting conditions.
However, these experiments were performed to validate
our results and for comparative analysis. The only form
of preprocessing done on this database was geometric
normalization and illumination compensation. Li et al.
[6] used the Cambridge ORL database for their exper-
iments with the LNMF technique and compared it to
NMF. We have performed the same experiments and a
comparison was also made with the NNSC technique.

As mentioned earlier, the database contains ten
images for each of the 40 subjects. The set of ten images
for each person was randomly partitioned into a train-
ing subset of five images and a test set with the other
five. The training set was then used to learn the basis
components, whilst the test set was used for evaluation.

Part-based representations with 25, 36, 49, 64, 81, 100,
121 basis components were computed using the training
sets. Li et al. chose this same set of basis dimensions for
their face recognition experiments using LNMF. How-
ever, they do not explain why these specifically were
selected. Nevertheless, for comparison purposes, we
have used the same set for our experiments. The recogni-
tion rate, defined as a percentage of correctly recognized
faces, was used as the performance measure.

Li et al. obtained recognition rates of around 95 and
91% using the LNMF and NMF technique, respectively,
on this same database. These rates were more or less con-
stant over all basis dimensions. From the experiments
we have conducted, NNSC produced recognition rates
of 96.7% for fewer basis components. However, as the
number of basis components was increased, the rates
tended to saturate for a higher number of basis compo-
nents. This trend is also consistent with the experiments
performed on the AR, FERET, and Yale B databases.
We also found that the L1-metric is the most suitable for
part-based techniques when tested on the Cambridge
ORL database.

6 Conclusions

The problem for automatic machine recognition of
human faces has been addressed in this paper. We have
designed and implemented a system that is based on
learning facial features that provide a part-based
description. A subspace approach was employed since
it helps reveal the low dimensional structures of the pat-
terns observed in a high dimensional space. We have
shown that this dimensionality reduction is achieved by
projecting a face that is essentially in a high dimensional
space to a low dimensional feature space by using a lin-
ear type of mapping. Furthermore, reconstruction from
the lower dimensional space can still be achieved by
using a set of basis components. We note that no other
literature source has so far reported face recognition
results using the NNSC technique.

The research objective reported in this paper was
to demonstrate how the NNSC technique is able to
learn parts of a face and how it can be used for face
recognition. We have tested the part-based techniques:
Non-negative Matrix Factorization (NMF), Local
Non-negative Matrix Factorization (LNMF), and
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Non-negative Sparse Coding (NNSC) on various
databases such as the AR, the FERET, the Yale B, and
the Cambridge ORL database. We have compared and
evaluated each of the part-based techniques under vary-
ing illumination, expression, occlusion, and pose factors.
In addition, the part-based representation techniques
were tested with different distance metrics such as the
L1-metric, L2-metric, and Normalized Cross-Correla-
tion (NCC). All the experiments were performed over
a large range of basis dimensions. The experiments can
be grouped into five main categories: recognition across
varying expression, varying illumination, occlusion with
sunglasses, occlusion with scarf, and varying pose.

The AR database was used for the first four experi-
ments (varying expression, illumination, and occlusions),
and the results obtained were compared to the well-
known principal component analysis (PCA) holistic
approach. The results were also compared with two lead-
ing techniques used by the computer vision community:
FaceIt and Bayesian. The Yale B database was utilized
for the experiments with varying pose. The Cambridge
ORL database was used to validate and compare our
results obtained with NNSC with those in the literature
addressing the NMF and LNMF techniques. The same
sets of experiments were performed but the objective
here is to make a direct comparison.

For the experiments with varying expression (anger,
smile, scream), it was found that part-based techniques
performed much better (with NNSC being the best), giv-
ing rates of up to 100%. The FaceIt, Bayesian, and the
PCA approaches did not perform as well, with rates in
the 80% range. We note that the best distance measure
for NMF is NCC, whereas for LNMF and NNSC, it is
the L1-metric.

The recognition accuracies obtained by varying illu-
mination show that Bayesian and PCA cannot deal with
illumination changes as well as the part-based tech-
niques or FaceIt. Again, the part-based techniques pro-
duced rates of up to 100%, with NNSC being the best.
FaceIt yielded rates in the 90% range, while Bayesian
and PCA were in the 70% range. The best distance mea-
sure for NMF was the L2-metric, whereas for LNMF and
NNSC it was NCC.

Part-based techniques gave much higher recognition
rates than PCA when considering partial occlusion and
are consistent with the theory of part-based and holis-
tic methods. The L2-metric was best suited for NMF
whereas for LNMF and NNSC, it was the L1-metric.

The FERET database was also used to test the part-
based techniques. The experiments were performed on
frontal poses and the recognition rates were obtained
for a varying number of basis dimensions, using different
distance metrics as the similarity measure. The L1-metric

was observed to be the best distance metric for the
part-based techniques. The recognition rates were 97%
for the NNSC technique, whereas the NMF and the
LNMF techniques gave accuracies of 95 and 96%, respec-
tively. This relatively high recognition rate was obtained
by NNSC using only a small number of basis components.

For the experiments with varying pose using the Yale
B database, it was found that the L2-metric provided
the best distance measure for all part-based approaches.
These yielded high recognition rates, with NNSC being
the best with 95%, whereas NMF and LNMF gave accu-
racies of 90 and 93%, respectively.

Similar results were obtained for the experiment on
the Cambridge ORL database. NNSC obtained recog-
nition rates of 97%, whereas NMF and LNMF gave 95
and 91%, respectively. The best distance measure in this
case was the L1-metric for all the part-based techniques.

With regard to recognition rates as a function of
basis dimension, two comments may be made. Firstly,
as the number of basis dimensions was increased, the
recognition accuracy improved and asymptotically con-
verged to a fixed value for NNSC, NMF, and LNMF, for
r > roptimum. Secondly, NNSC obtained higher recogni-
tion accuracies with a relatively smaller number of basis

dimensions, that is rNNSC
optimum <<

{
rNMF

optimumrLNMF
optimum

}
.

The final issue to be addressed is, which method pro-
duced the best performance? NNSC was in general the
superior approach, although it must be observed that the
best distance measure was not consistent with respect to
the different experiments. Further experimentation will
be required to settle this issue.
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