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Abstract

This study presents a learning approach for the face de-
tection problem. The problem can be stated as follows:
given an arbitrary black and white, still image, find the lo-
cation and size of every human face it contains. Numer-
ous applications of automatic face detection have attracted
considerable interest in this problem [8, 7, 1, 5, 3, 4], but
no present face detection system is completely satisfactory
from the point of view of detection rate, false alarm rate and
detection time. We describe an inductive learning-based de-
tection method that produces a maximally specific hypothe-
sis consistent with the training data. Three different sets of
features were considered for defining the concept of a hu-
man face. The performance achieved is as follows:85%
detection rate, a false alarm rate of0:04% of the num-
ber of windows analyzed and 1 minute detection time for
a 320� 240 image on a Sun Ultrasparc 1.

1. Introduction

This paper explores new ways of learning and retriev-
ing the appearance of human faces in black and white im-
ages. The retrieval problem, known as face detection, can
be defined as follows: given an arbitrary black and white,
still image, find the location and size of every human face
it contains. There are many applications in which human
face detection plays a very important role: it represents the
first step in a fully automatic face recognition system, it can
be used in image database indexing/searching by content, in
surveillance systems and in human-computer interfaces.

There have been several attempts to automatically detect
human faces [8, 7, 1, 5, 4, 3]. Some of them rely on locating
facial features [3] or additional cues like color or motion [5].
While these approaches tend to work well in a specified, re-
stricted environment, their ability to handle noisy, complex
background images where faces can appear at multiple un-
known scales is rather poor. There are few truly general face

detection systems and all of them are based on some kind
of learning [8, 7, 4, 1]. The general structure of a learning-
based face detection system is depicted in Figure 1. Several
windows are placed at different positions and scales in the
test image and a set of raw features are computed from each
window and fed into a classifier. Typically, the features used
to describe a face are the “normalized” gray-level values in
the window. This may generate a large number of features
(of the order of a couple of hundred), whose classification
is time consuming and requires a large number of training
samples to overcome the “curse of dimensionality”. The
main difference among these systems is the classification
method; both parametric (Markovian models - [4, 1]), non-
parametric (neural networks - [7]) and a mixture of the two
(Gaussian clusters in a feature space reduced by PCA - [8])
have been used.

2. Defining the human face concept

In order to have a well defined concept to learn, one
should first specify the instance (raw feature) space from
which the concept examples are drawn. One of the goals
of this study was to test feature sets used for discriminating
textured or slightly textured objects. At the same time, em-
phasis was put on having a small dimensional feature space.
The first feature set we tested is designed as follows: a hy-
pothesis window (whose aspect ratio is 4/3 - see Fig. 1) is
histogram equalized to 32 gray levels and then sub-sampled
to an8 � 6 window. The resulting instance space of 5-bit
8� 6 images has3248 elements of which a very small frac-
tion actually represent faces.

The second and third set of features came from texture
analysis. According to Gagalowicz [2], grey-tone textures
are well modeled by the histogram of the image together
with a set of second-order spatial averages(c�) for j�j �
9� of solid angle, where (see Fig. 1 (b)):

c� =
1

K

KX

i=1

(Xi � �Xi)� (Xi+� � �Xi+�)

var(Xi)� var(Xi+�)
(1)
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Figure 1. The structure of a learning-based face detector.

� i is a single subscript indicating the location(ix; iy) of a
pixel in the image plane,
�Xi andXi+� are the gray-levels at pixelsi andi+�,
�� is a translation(�x;�y) of the plane,
� K is the number of point pairs(i; i+�) in the image.

Since a test image may contain many different textures,
we compute the texture features only locally, that is, inside a
windowW that hopefully contains only one texture. In case
of human faces, such a window can be located between the
forehead and the mouth (see Fig. 1 (a)). If the histogram
of the hypothesis window is equalized, it cannot be used for
classification, so we replaced it by the set of 8 gray-level
histograms of the 12 equal sized square regions.

To compute the correlation coefficientsc�, we consid-
ered 40 translations with norms up to 18 pixels (instead of
norms of less than 12 pixels which correspond to9� of solid
angle) in order to obtain a better discrimination power.

3. Learning algorithm

Sung and Poggio [8] proposed the hypothesis according
to which the face domain can be approximated by the union
of a small number of ellipsoids in the instance space. In
order to verify this hypothesis, we decided to cluster the ex-
amples in the training set and compute the centroid of each
cluster and the Mahalanobis distance from each member of
the cluster to the centroid. If the clusters are ellipsoidal
and the training examples are representatives of the target
concept, then the (Mahalanobis) distance from a new face
instance to one of the cluster centroids should be smaller
than a fraction of the maximum distance from the points of
that cluster to its centroid. Analogously, the distance from
a non-face instance to each cluster centroid should be larger
than most of the distances from the face points of the cluster
to the centroid. This strategy is equivalent in a continuous
instance space to the Find-S ([6]) learning algorithm, and

produces a maximally specific hypothesis consistent with
the (positive) training examples. Like Find-S, it doesn’t use
any negative examples and its bias is a restricted hypothe-
sis space: only unions of ellipsoids are considered as valid
hypotheses. A high-level description of our face detection
algorithm is given below:

Learning Phase
Given: A setF = (Fi)1�i�n of face feature vectors

computed as described in Section 2.

1. PartitionF into a set of m clusters(Cj)1�j�m.

2. For each clusterCj , compute its centroidMj , inverse of
the covariance matrix�j , and the histogram of the (Maha-
lanobis) distances between the elements ofCj and its cen-
troid Mj . DefineDj as the “radius” of the smallest ellip-
soid centered atMj that contains a given percentagep of
the population in clusterCj .

Detection Phase
Given:

1. A set(Mj ;�j ; Dj)1�j�m of cluster centroids, inverses
of the covariance matrices and radii.

2. A test image with A rows and B columns.

ForSc =MinSc; Sc �MaxSc; Sc = Sc+ Step

For i = 1; i � A; i = i+ tStep

For j = 1; j � B; j = j + tStep do steps (i)-(iv):

(i). Extract a windowW of width = Sc and height=

4 � Sc=3 centered at pixel(i; j) if this window

is contained in the image.

(ii). Extract a feature vectorF from this window.

(iii). Find the centroidMc closest (using Mahala-

nobis distance) toF .

(iv). If the distance between F andMc is less thanDc

then classify W as a face, otherwise classify W as

a non-face.



(a) (b)

Figure 2. Face clusters. (a) Cluster described as left semi-profile with frontal lighting. (b) Cluster
described as frontal views of people wearing glasses.

Figure 3. Results of the face detection procedure on images from Carnegie Mellon face database.

4. Experimental method

The training set consisted of 1200 images from the MIT,
Weizmann and MSU face databases. The central part of
each face (see Fig. 1) was manually extracted and the three
feature sets described in Section 2 were computed. A hierar-
chical clustering of the training patterns in each feature set
was performed using Ward’s method. Ward’s hierarchical
clustering algorithm seems to be superior to the K-means
algorithm (used by Sung and Poggio [8]) which produces
clusters that are too dependent on the positions of the ini-
tial cluster centers. An interesting point to make here is that
if the dendrogram is cut at a level around 25, the resulting
clusters can be easily described semantically as a function
of the head position and illumination (the facial expression
is not important here since only a portion of the face has
been considered). Further cluster unifications are done ac-
cording to these criteria, and at a level of 5, mostly the il-
lumination information and not the head position is domi-
nant. A couple of typical examples of clusters at level 15
are shown in Fig. 2.

For each feature set, a minimum Mahalanobis distance
classification assigns the test pattern to the nearest face clus-
ter. If this distance is smaller than95% of the maximum
distance for that cluster computed using the training sam-
ples, then that pattern is classified as being a face according
to the given feature set.

5. Results

None of the three classifiers was able to produce by it-
self a satisfactory detection/false alarm rate. For a detection

rate of about90% of the faces present in the test set, the
false alarm rate was up to5% of the number of windows
analyzed. On the other hand, if we combine the outputs of
the three classifiers such that a window is classified as face
only if it is accepted by all the three classifiers, then the false
alarm rate drops to0:04% for a detection rate of about85%.
The detection time is about 1 minute on a Sun Ultrasparc 1
for a320� 240 image. The results on several images from
the Carnegie Mellon face testing set are presented in Fig. 3.
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