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Abstract

We usea skin color model based on the Mahalanobis met-
ricand a shapeanalysisbased oninvariant momentsto auto-
matically detect and locate human facesin two-dimensional
natural scene images. First, color segmentation of an in-
put image is performed by thresholding in a perceptually
plausible hue-saturation color space where the effects of
the variability of human skin color and the dependency of
chrominance on changes in illumination are reduced. We
then group regions of the resulting binary image which have
been classified asface candidatesinto clusters of connected
pixels. Performing median filtering on the image and dis-
carding the smallest remaining clusters ensures that only a
small number of clusters will be used for further analysis.
Fully trandation-, scale- and in-plane rotation-invariant
moments are cal culated for each remaining cluster. Finally,
in order to distinguish faces from distractors, a multilayer
perceptron neural network is used with the invariant mo-
ments as the input vector. Supervised learning of the net-
work is implemented with the backpropagation algorithm,
at first for frontal views of faces. Preliminary results show
the efficiency of the combination of color segmentation and
of invariant momentsin detecting faceswith a large variety
of poses and against relatively complex backgrounds.

1. Introduction

Automatic detection and localisation of human facesin
two-dimensional natural, complex sceneimagesisadifficult
task that has been relatively unexplored until recently [5].
On the other hand, a large body of research has addressed
the problem of higher-level face recognition tasks such as
personal identification, sex/race determination and the un-
derstanding of facial expressions, by implicitly assuming
that aface has been previoudly segmented from an arbitrary

background [1]. The implementation of an efficient auto-
matic face recognition system implies that, at the lowest
level, the techniques used to detect and locate a face in a
scene are robust and amenable to a subsequent higher-level
analysis of facial features. Color isapowerful fundamental
cue that can be used as afirst step in the face detection pro-
cess because color image segmentation is computationally
fast while being relatively robust to changesinillumination,
in viewpoint, in scale, to shading and to complex (clut-
tered) backgrounds. Robustnessisachieved if acolor space
efficiently separating the chrominance from the luminance
in the original color image and a plausible model of the
human skin chrominance distribution are used for thresh-
olding. However, shape analysis of the segmented scene is
also necessary in order to discriminate face candidates from
the remaining distractors (such as false positives or other
body parts correctly classified as skin). The robustness of
face detection and localisation is increased if trandation-,
scale- and in-plane rotation-invariant quantities characteriz-
ing the shape of a face in the segmented scene are used in
the shape analysis.

We propose to combine skin-color based image segmen-
tation with a shape analysis using invariant moments as
an input vector to a multilayer perceptron neural network
(NN). In section 2, the chrominance distribution of human
skinin several different color spacesisanalyzed. The anal-
ysisis mainly based on an anthropometric chromatic scale
that assigns an equal statistical weight to each component
of the scale under the same illumination conditions. We
then define a color space with the perceptual attributes of
hue and saturation where the effects of the variability of
skin color and the dependency of chrominance on changes
in illumination are reduced. A skin chrominance model is
then proposed for that particular space. Finaly, we deter-
mine athreshold value for the Mahalanobis metric inherent
to the model. The main scope of section 3 isto present the
invariant moments that are used to characterize the clusters



of connected pixels resulting from a connected-component
analysis of the segmented images. The architecture of the
NN is also briefly described. Experimental results are pre-
sented in section 4, and in section 5 we discuss the limits of
the performance of the present face detection prototype and
summarize the main issues that we plan to addressin future
research.

2. Color segmentation

2.1. Selection of a color space

The efficiency of the color segmentation of a human face
dependson the color spacethat is sel ected, because the color
distribution of human skin depends on the color space. For
a first analysis, the distribution in a given space is based
on an unbiased chromatic scale that is representative of a
sufficiently large number of skin colors.

To our knowledge, the earliest quantitative classification of
skin color was attempted in the field of physical anthropol-
ogy : von Luschan’'s chromatic scale [8] can be used to
match 36 different skin colors, from an unsaturated light
color to a saturated dark brown color, as shown in figurel?!
. Although this scale is crude, it can be used as a reference
because it assigns an equal statistical weight (in number of
pixelsin the distribution analysis) to each component of the
scale. All the components in Figure 1 are recorded under
the same illumination conditions. They are mapped in dif-
ferent color spaces. Figure 2 showsthe color distribution in
normalized r-g space (r=R/(R+G+B) and g=G/(R+G+B)) at
first separately for light colors matching white Caucasians,
for intermediate colors matching Asians, and for dark colors
matching dark-skinned people of African descent and Indo-
caucasians, and suntanned skins. While the distributions of
the first two classes are concentrated near the equal-energy
point (r=g=1/3), the distribution of the class representative
of dark skin covers a significantly larger surface area, with
larger values of r and lower values of g. Figure 2d) shows
the cumulative distribution of all the components on a log-
arithmic scale. The distribution consists essentially of two
clusters, a white Caucasian/Asian complex with a continu-
oustransition to the cluster characteristic of dark skins. Be-
cause the dark-skin cluster is more diffuse, it is concealed
if alogarithmic scale is not used. Figure 3 shows the same
cumulativedistribution on alogarithmic scalein the normal-
ized CIE-xy space (withx=X/(X+Y+Z) and y=Y/(X+Y +Z))
andin chrominance (Hue H and Saturation S) in HSV space.

1A color image of von Luschan’s chromatic scale can be found at
http:/ww.unifi.it/unifi/msn/antrop/route/stru_eng.htm .

Figure 1. An image of von Luschan’s chromatic
scale for the classification of skin color.

Figure 2. False-color top view of the 2-D his-
tograms in normalized r-g space of the compo-
nents of von Luschan’s chromatic scale : a) for
colors matching white Caucasians, b) for col-
ors matching Asians, and c) for colors match-
ing dark-skinned people of African descent and
Indo-caucasians; d) cumulative histogram of all
the components on a logarithmic scale.

In both spaces, the overall distribution is similar to that
observed in r-g space. However, while the distribution is
confined in both r-g and CIE-xy spaces, it covers aimost all
the possible range of saturation Sfor alimited rangein hue
H in H-S space. Therefore, normalization of RGB values
by R+G+B or of CIE-XYZ values by X+Y+Z yields color
spaces that are more efficient for skin color segmentation
than HSV space where the normalization is not performed,
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Figure 3. Cumulative histograms in normalized
CIE-xy space and in H-S space of all the com-
ponents of von Luschan’s chromatic scale (log-
arithmic scale).

because the sensitivity to the variation of skin color is re-
duced. This conclusion also applies to the more genera
case where illumination conditions vary widely and where
different camera systems are used, since the normalization
theoretically renders the chrominance independent of any
identical changesin R, Gand B or X, Y and Z values. In
practice such normalized spaces are shown to be relatively
robust to changes in measured intensity.

The normalization of RGB values by R+G+B can be
followed by a further transformation into a perceptually
plausible hue-saturation chrominance space. We selected
amodified color space where saturation S, tint T and value
V are calculated by use of the following transformations :

S =[9/5(r"% + g'*)]*/? 1)
T = [arctan(r' /¢")] /7 + 1/2 (2)
V=(R+G+B)/3 (3)

where r'=(r-1/3) and g'=(g-1/3). Thevaluesof S, T and
V are normalized in therange [O. ; 1.0].
As a first step, only the white Caucasian/Asian complex
was considered for color segmentation. Images of 11 asian
and 19 white caucasian subjects were recorded under slowly
varying illumination conditions with a single video camera
mounted on an SGI computer. 110 skin sampleimageswere
manually selected to analyze the color distribution in T-S
space and to calibrate the camera for color segmentation.
The cumulative digtribution of al the samples, shown in

Figure 4, covers asmall surface area. Thisisalso observed
with von Luschan’s scale, in which case the range of Sis
greatly reduced.

Figure 4. Cumulative histogram in S-T space
of 110 skin sample images of 11 asian and 19
white caucasian subjects used for the calibra-
tion of the SGI camera.

2.2. Chrominance model for human skin

For the color space that we have selected and as Fig-
ure 4 shows , the skin color distribution for white Cau-
casians and Asians can be modeled by an elliptical Gaus-
sian chrominance probability density function (pdf). If the
vector X(i,5) = [T(i,7)S(i,5)]T represents the random
measured values of tint T and of saturation S of apixel with
coordinates (i, j) in animage, the pdf is given by

pIX (i, §) /W] = (2r) H|Cy| /2 exp{—[As(i,j)]Z/ZE )
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where W, is the class describing skin, Cg is the covari-
ance matrix for skin color :

2
C — g Ts O-T53:| 5
3 |:0-TSS 0'253 ( )

and where X, (4, 7) isthe Mahalanobis distance from the
vector X (i, j) to the mean vector mg = [mrsmgs]T ob-

tained for skin color, defined as

s (i, )17 = [X(, §) — m,]" C,7HX (G, §) — my] (6)

Eqg. (6) defines elliptical surfacesin chrominance space
of scale \,(%, ), centered about m, and whose principal
axes are determined by C;. The value of A,(i,j) for a
pixel with coordinates (4, j) determines the probability that
the pixel belongs to the class W representing human skin,
as seen from Eq. (4). The larger A\ (4, j), the lower the
probability that the pixel (i, j) belongsto W.



2.3. Thresholding of color test images

Both mg and Cs are estimated by use of the 110 skin sam-
pleimages recorded with the SGI camera. [\, (i, 7)]? isthen
calculated for every pixel over all the skin samplesand over
five large image regions not containing skin and is com-
pared to a parameter ’\.E,t > O for thresholding. A "standard"
threshold value A2, is obtained when the proportion of true
positives TP over the ensemble of regions of skin becomes
equal to the proportion of true negatives TN over the ensem-
ble of regions not containing skin [6], or equivalently, when
the proportion of false negatives FN equals the proportion
of false positives FP (since TP+FN=1 and TN+FP=1). This
initial skin color calibration must be performed for any color
camera before color image segmentation. However, under
slowly varying illumination conditions the use of a single
camera does not require the further application of an adap-
tivethreshold asin [6]. Color segmentation is performed on
test images by calculating [, (i, 5)]2 for every pixel in the
test images and comparing its value to the standard thresh-
old AZ,;. A valueof 1isassigned to pixel (i, j) if As < Ay
andavaueof 0if A; > A, ;. Theresult of thresholdingisa
binary image that is subjected to further (shape) analysisin
order to isolate face candidatesin a scene.

3. Shape analysis

A local median filter with awindow of 3x3 or 5x5 pixels
is applied to the threshol ded binary image in order to obtain
clusters of connected pixels (connected component analy-
sis). The clusters of area less than 0.5% of the area of the
imagein number of pixelsare discarded so that only asmall
number of main clusters are used for further analysis.

3.1. Calculation of Invariant moments

In order to characterize the shape of each cluster, we
use the method of invariant moments that were first devel-
oped by Hu [2] and recently generalized by Li [3]. Hu's
moments are fully translation, scale and in-plane rotation
invariant. Although they have been used extensively in
low-level pattern-recognition problems [3], to our knowl-
edge they have not until now been used in combination with
color segmentation for the detection of human faces. Hu's
generalized momentsarise asaparticular case of thecircular
Fourier and radial Méellin transform (FMT) [7], defined in
polar coordinates (r, §) as

e [ [

where f(r,6) is the object to be anayzed, the Méellin
transform order sisin general complex and where the circu-

f(r,0) exp(—im@)rdrdd  (7)

lar harmonic expansionorder m=0, +1, +2,.... Whensis
purely imaginary, the FM T isreduced to atwo-dimensional
Fourier transform in log-polar coordinates. It has been pro-
posed that such alog-polar transform describes the mapping
of information from theretinato the visual cortex [7]. When
sisaninteger,s=0, 1,2, ...,the FMT becomesdirectly re-
lated to HU'smoments. First, in order to achievetrandation,
scale and rotation invariance, the centroid of the object is
substracted in Eq. (7) (without loss of generality, the origin
of the polar coordinate systemislocated at the centroid), Eq.

(7) is normalized by the quantity M’5°5°*Y, where M{ , is
the zero-order geometric moment of the object and the ob-
ject isrotated such that § — 6 + «, where o isan arbitrary
angle. Then, after a transformation from polar coordinates
(r,0) to cartesian coordinates (z, y), Eq. (7) becomes

_ezp(ima 2
Iim M:(S/2+1)/ / 22 + y?)s=m)/

x (z —iy)" f(z,y) dz dy (8)

where i = v/—1. Hu's invariant moments can be gen-
erated from Eqg. (8) by appropriate combinations of the
I, ., that cancel the phasor exp(ima). Since the geometric
moments of order p,g=0,1,2, ..., are defined as

-/ ‘: / Z 2y f(e,y)dady  (9)

and that trandlation and scale-invariant moments are ob-
tained from Eq. (9) by use of the equation

1 oo oo
Kp,q = [(ptq)/2+1] / / (x — 20)? (y — ¥0)?
Mlo70 —0o0 —0o0

x f(z,y) d dy (10)

where (zo,y0) = (M o/ Mg ,Mg 1/ Mg ) is the centroid,
Hu's moments can be calculated from Egs (8) and (10),
provided that p+g=sand that s= [m|+2, |m|+4, ... . The 11
lowest-order invariant moments, that include the second to
the fourth-order geometric moments, are

Hi = p20+ po2 = I20
Hy = (20 — pr02)* + 45 1 = |22/
Hs = (12,0 — po,2)[(pa,0 + 11,2)* — (12,1 + p0,3)?]
+ 4p1a(ps0 + p12) (2,1 + pos) = [Iaal?
Hy = (uz,0 + p1,2)? + (2,1 + p1o,3)? = |I31|?
Hs = (p30 — 3p1,.2)° + (3uz,1 — po3)?
= Re{I33(I5,1)%}
He = (3,0 + pa,2) (13,0 — 3p11,2)
x [(u3,0 + p1,2)* = 3(p2,1 + 110,3)%]
+ (p2,1 + po,3) (3p2,1 — po,3)
X [3(p30 + p1,2)? — (2,1 + p0,3)%]
= Re{Izyz(Izy_l)z}



H7 = (3,0 + p1,2)(Bp2,1 — po,3)
x (a0 + p1,2)? — 3(p21 + po3)?]
— (p2,1 + p0,3) (13,0 — 3p1,2)
X [3(p3,0 + p1,2)? — (p2,1 + po,3)%]
= R6{1373(_[3,_1)3}
Hg = pao + 2u22 + poa = Iao
Hg = (pa,0 — po,a)? + 4pza + pa3)* = [ Ia 2|?
Hig = (pao— 6u2,2 + po,a)* + 16(ps 1 — p11,3)% = |1a,4)?
Hyy = (pa,0 — 6p22 + po,a)
X [(pa0 — po,4)? — Hus1 + p11,3)?]
+ 16(pa,0 — po,4) (3,1 + pa,3) (3,1 — f41,3)
= Re{lIsa(Is—2)*} (11)
The computation of the discrete moments for binary im-
ages yields theoretically an error-free estimate of the con-
tinuous moments as opposed to the computation performed
for grey-level images [4], and the moments are then aso
independent of illumination. Higher orders s (or p and q)
amplify the contributions of the peripheral partsof an object
to the moments. The contours of segmented face candidates
congtitute a correlated noise because they are variable, so
that only a small number of the lowest invariant moments
should be used in the shape analysis.

3.2. Neural network applied to invariant
moments

Hu's 11 lowest-order moments are the input units of a
feed-forward multilayer perceptron, with one hidden layer
containing 6 nodes and with one output unit. All the units
take on continuous bipolar-sigmoid activation valuesin the
range [-1.0 ; 1.0]. For training, the backpropagation algo-
rithm is applied to perform gradient descent on a quadratic
error function (or total error) using batch processing A mo-
mentum term is included in the learning rule in order to
increase the learning rate of the network. When a face is
detected by the network, it is marked by an ellipse using
the already computed first and second-order geometric mo-
ments of the cluster representing the face, according to the
equations[7] :

vo+ o2 £ \/(Vz,o —v0,2)? + 4”%,1] 1/2

@t = |

1/0’0/2
(12)
1 21/]_ 1 )
f = - actan| ———— 13
2 (Vz,o — V2 (13)

where v, , = Mool ®0/2T1 ), aand b are respec-
tively the semi-major and semi-minor axes of the ellipse,
and where 6 definesits orientation.

4. Experimental results

The face detection system is implemented on an SGI
Indigo 2 Impact 10000 computer. The Mahalanobis thresh-

old distance is found to be A2, = 1.62 for TP=TN=83.3%
(hence FN=FP=16.7%). After the color segmentation and
the connected-component analysis, N=220 elements (clus-
ters) with an approximate ratio of 1:1 between elements
describing faces and those representing objects other than
faces were used to train the neural network. The efficiency
of the network was investigated using a test file of 100
elements, with again a 1:1 ratio between faces and other
objects. Preliminary results for the test images used indi-
cate that 85% of faces were correctly detected while 82% of
clusters not representing faces were correctly rejected. Fig-
ure 5 illustrates the procedure used to detect facesin a scene
. two faces are successfully detected by the NN while an-
other object that was classified as skin is correctly rejected.
In Figure 6, other examples show that faces of asian and
white caucasian subjects (including also an indo-caucasian
subject) areequally well detected against relatively complex
backgrounds, and demonstrate the invariant detection capa-
bilities of the NN as well as the capability of the network
to discriminate between faces and other body parts. The
timerequired for face detection, without optimization of the
algorithms, is 0.2 second for images of dimensions 320 x
243 pixels which are typically used on the SGI computer.

Figure 5. Details of the automatic detection of
human faces in a scene. From left to right and
from top to bottom are the original color image
containing two faces, the thresholded image,
the results of the connected-component anal-
ysis and the successfully detected faces, each
marked by an ellipse.

5. Discussion

While preliminary results are very encouraging, four
main types of errors limit the performance of the system,



Figure 6. Examples of the detection of faces
with different poses and different skin colors.

as the examples of Figure 7 show.

First, other body parts (such as the neck) connected to or
in contact with a face may lead to face localization errors.
In this particular case, the NN still detects the face because
the entire cluster of connected pixels retainsa similar shape
to that of aface (with holesat the location of the eyes and of
the mouth). This type of error can also occur when partial
occlusions, by dark glasses or by facial hair for example,
erode the face cluster or divide it into two distinct clusters.
Second, false positives may occur due to other body parts
correctly classified as skin. While significantly increasing
the range of face poses that can be detected, the invariant
moments also tend to increase the frequency of detection
of other regions of skin as faces precisely because of their
higher tolerance. Third, false positives due to other objects
in the scene result from the sensitivity of the color segmen-
tation to the value of the threshold A; ; and to the limited
color discrimination of the camera system. Finaly, false
negatives may be caused by strong shadows and/or strong
illumination that eliminate the chromatic information in re-
gions of aface and thus reduce the efficiency of the color
segmentation, or by partial occlusions that divide the face
cluster into two or more distinct clusters, or by other objects
inthe scenethat are connected to the face cluster and modify
its shape significantly.

Based on the above discussion, three main issues are the
focus of future research : first, the efficiency of the color
segmentation is to be improved by including an adaptive
thresholding algorithm that would increase both the robust-
ness to larger variations of illumination and the portability
between different camera systems. Also, a color model for
dark skinsisto be combined with the present model. Second,

Figure 7. Examples of problems encountered
with the present face detection prototype.

the luminance information (value V) is to complement the
color segmentation by an analysis of regions of skin where
the chrominance information is eliminated and in order to
separate faces from other connected body parts or objects.
Finally, we plan to train the NN to detect also side views of
faces, and to increase its generalization capability by use of
alarger set of both training and test images.
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