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Abstract:

A closed-loop algorithm to detect human face using color information and reinforcement learning

is presented in this paper. By using a skin-color selector, the regions with color “like” that of human skin are

selected as candidaies for human face. In the next siages the candidaies are matched with a face model and

given an evaluation of the maich degree by the maiching module. And if the evaluaiion of the match result is

too low, a reinforcement learning stage will start to search the best parameters of the skin-color selector. It has

been tested using many photos of various ethnic groups under various lighting conditions, such as different

light sources high light and shadow. And the experiment result proved that this algorithm is robust io the vary-

ing lighting conditions and personal conditions.
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INTRODUCTION ditions. However, ii still has some restrictions

In recent years, there is an increasing inter-
est in facial image understanding, and in these
applications> human face detection plays a very
important role. A good algorithm of face detec-
tion should have:

1. No restrictions on the personal conditionss
such as ethnic group, age and sex.

2. No restrictions on the face image, such as
the position, size direction and number of faces.

3. No restrictions on the background of the
image

4. No restrictions on the lighting conditions;
such as light source, illumination geometry and
the chromatic characteristics of illumination.

The related work can be divided into two
classes. The first class is based on a face-shape
model. The face can be detecied by template,
(Yuille et al., 1996, Huang, et al., 1992,
1994, 1999,
Sung et al., 1998) or by neural network ( Row-
ley et al., 1998), or by eigenface (Turk et al.
1996) . Tt has less restriction on the lighting con-

Yang et al., Miao Jun et al.>

on the face direction and size. Some works used
a pyramid of the input image to overcome the
face scale problem, but they were siill time-con-
suming due io the large data volume. These dis-
advantages limit the applications of these works
in some cases that need fast and robust detec-
tion.

The second class uses color information,
(Wu et al.» 1996, Saber et al., 1998, Lee et
al.,» 1996, Wu Haiyuan et al., 1999, Birch-
field 1998), the basic idea of which can be de-
picted with a two-siage diagram. In the first
stage> image regions with the color “like” hu-
man skin are selected as candidaies of human
face regions. The most commonly used skin-col-
or selector is a fixed range in the color feature
space. Then in the second stage, these candi-
dates are matched with a face model. It is obvi-
ous that the performance of these works mainly
depends on the skin-color selector. And experi-
ments proved that there arve two factors adversely
affecting the performance of the skin-color selec-
tor: the first problem is the skin color difference
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between different ethnic groups and the second is
the hue shift caused by different lighting condi-
tions. Some of these works tried to overcome
these two problems with the siatistics of a large
sample set. The implicit hypothesis is that the
sample set has enough samples to reflect the dis-
iribution of skin color features of variant ethnic
groups and variant lighting conditions. But it is
very difficult to build such a sample set in the
real life; and experiment proved that the perfor-
mance was adversely affected while the process-
ing photo was taken under different conditions
with the sample set. So some more adaptive
methods should be used to overcome these prob-
lems.

In order to obtain a fast processing speed,
the basic idea of the second class was used in
our algorithm but a closed-loop procedure was
iniroduced to overcome the problems mentioned
above. As shown in Fig. 1, The range parame-
ters of the skin-color-selector in our algorithm
was not fixed but decided by a neural network
with the input of color feature histogram. And
when the candidates were matched with the face
model in the second siage, they would gei an
evaluation represeniing the match success de-

gree.
reinforcement-learning module directed the neu-

Using the evaluation as the feedback, a

ral network to search online the best parameters
of the skin-color selector. Experiments showed
that compared to other algorithms, the proposed
algorithm was more robust to varying lighting
conditions.

Face tcgionT Match evaluation

[ Face mode) malchH Reinforcernent learningi
T Rang, ‘

| Skin-color selector [+— MNeural network ]

Input image Histogram of input image

Fig.1 Block diagram of proposed method

ALGORITHM

1. Color features and skin color selector

The apparent color of an object under con-
stant illumination can be simplified as shown in

Eq.C1D. 1,, I,> I, are the illumination in red,
green and blue channels. And C,» C,, C, are
the reflection factors; which are decided by the
color features of the object. Considering that the
illumination in day life is almost a white light,
the ratio of red to green and the ratio of yellow to
blue can almost represeni the color character of
the object as shown in Eq.(2). The yellow seg-
ment can be estimaied using red and green seg-
ments as shown in Eq.(3). Because the skin
color clusters in a sector of the x-y plane, the
polar coordinates were chosen to conveniently
present the color features. For a pixel with color
features of (8, r), the output of the skin-color
selector is shown in Eq.(4). The regions with
the output 1 of the selector are candidates for
face model maiching. 7, T,, T3, T, are four
range thresholds of the skin-color selector.
Image edges ( Wang, et al. 2000) are then used

io obtain more accuraie segmeniation results.

Red = C. 1,
Green = C, 1, 1)
Blue = Cb[b
_ R@d . Cr
x_Green~Cg {ezarctan(x,y) (2
_Yell(MNQ’ r = x2+y2 ’
- Blue NCb
Yellow = v Red * Green » (3)
Selector( 9, r) =
1if T1$6$ T2 and T3$r$ T4
(4)
0 else

(1 means skin color range)

2. Face model matching

In this module; some physiological features
of human beings are used to tesi the candidates.
There are two stages of coarse-io-fine hypoihe-
size-and-test. In the first stage, an ellipse model
is used to match every candidate region as a
coarse template. This is based on the hypothesis
that if the region is a human face, the region’ s
shape should be close o an ellipse. And be-
cause the ratio of the major and minor axis of the
ellipse should be in a constani range when it is a
real human face region, the candidaies that can-
not satisfy this restriction would be deleted first.
Supposing that the candidate region is R and the
region within the respective ellipse is £, a score
S, is given by Eq. (5) to evaluate the success
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degree of the maiching with the ellipse. In the
second stage> eyes and mouth will be searched
in the candidate ellipses with the method sug-
gested by Zhong Jingtu (2000). Although some
researchers also used nose as a feature, it is
proved by experiments that the nose is not as ap-
parent as the eyes and mouths when there is
highlight on the face. In order to decrease com-
putaiion> only eyes and mouth were used as the
facial features in our algorithm. And a score S,
is given by Eq. (6) to evaluate the success
matching degree in this stage. Eq.(7) gives the
final score S of each candidate. The highesi
score would be delivered to the reinforcement-le-
arning module as the evaluation of the maich
success until the highest score was over a thresh-
old. And then the candidates with the highest
score were considered as face regions.

_n(ENR
'TalEURD
nCR) is the number of points in the region R.

0.5; no eyes or mouth found
S, = {1, find eyes or mouth> but not both
4, find both eyes and mouth

S (5

(6>
S:S]Sz (7)

3. Reinforcement learning

The reinforcemeni learning is an important
machine-learning paradigm. As defined by Peng
1998, it is a framework for learning how to make
a sequence of decisions in an environment. As
an unsupervised learning method; it learns di-
rectly from the feedback of environmeni, which
enable the system with reinforcement learning to
learn online and be adaptive to the varying envir-
onment .

In our algorithm, a neural network using the
histogram of the color features as its inpui was
iniroduced to obtain the four thresholds of the
skin-color selecior. And this neural network was
irained using the reinforcement-learning frame-
work. Alithough the reinforcement learning can
learn online, an offline learning stage was still
used o obtain the default weighis of the neural
network. At the very beginning of processing a
new image, these default weights were used to
obtain color range parameters of the skin-color
selector> and if the result was not satisfactory,
the online learning would start to modify the

weights of the neural network until the result was
satisfactory .

As shown in Fig.2a, the neural neiwork had
32 cells and each had one input vector x> x,-
-+, x, ]’ representing the histograms of the two
color features and one binary output representing
one bit of the color range thresholds ( every
threshold had 8 bits). The output of the neural
cells is determined by the function as shown in
Eq.(4) . The online training diagram was shown
in Fig.2b. The offline training is a little differ-
ent. After processing every image in the training
set, the training is focused only on the photos
with the lowest evaluation> which can avoid the
extreme training and accelerate the training
speed .

(@)

1. Get histograms of the color features of the mput image;
2. Get the four parameters via Eq.4;

3. Get the candidates;

4. Match the candidates and get the evaluations;

5. If the evaluation is satisfactory then stop.

6. Modify the weights via Egs 5;

7. Go to step 2

(b}

Fig.2 The reinforcement learning in proposed
algorithm
(a) the architecture of the neural network;
(b) diagram of learning

{O’ lf Yi <p

O =it yi=p

13

7
p was a predefined threshold, w, was the weight

of the neural network, and

Flxd=1/C1+ e )
Aw; (1) = a(SCe) =St —122C0,(e) —
0,Ct —12)x,C2) — bw; (¢t — 1)
9
SC)=aSCr =10+ (1 =208
OC)=y0Cs — 1D+ 1 - y)0Cp
100
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SC¢) is the score at time ¢.

EXPERIMENT RESULTS

We collected 500 photos taken under variant
lighting conditions and including different people
of variant personal conditions. Among them:
100 photos were used as the offline training sam-
ples.

1. Offline training of the skin-color selector

To accelerate the offline training, a simpli-
fied matching module was introduced. The real
face regions in the training photos were extracted
by hand as the respective correct results. If the
result of the skin-color selector was R and the
correct result was C, the evaluation v was de-
fined by Eq.(11), which represented the simi-
larity of R and C. The offline training had two
stages. In the first stage, the neural network
mentioned in Section2.3 processed every image
in the training set and the inputs and outputs of
the neural network and the evaluation
recorded. In the second stages the image with
the lowest evaluation value was selected to train
the neural network using Eq.(11) as described
in Section2.3. This loop was continued until the

were

average evaluation of the training set reached a
threshold, which was 0.9 in our experiment.

nCRMNC)

n(R) is the number of the pixels in the region

R.
2. Test of the algorithm

400 photos were chosen as test sample set in
this experiment. Some were downloaded from the
Internet while the others were taken in our lab.
The images were taken under fluorescent lamp
light, flashlight, tungsten light, sunlight and
mixtures of these lights. Although most of them
were of indoor scenes, 21 photos were of outdoor
scenes. The face size varied from 20 x 28 pixels
to 220 x 240 pixels. Among them, 120 photos
were of Asian faces, 130 photos were of African
faces and the others were of Caucasian faces.
This algorithm was tested on a PC with Pentium
[1233 CPU. And in this experiment, the worst
consuming time was within 500ms to process an

image with 512 x 256 pixels. And the average

consuming time was about 300 ms.

As shown in Fig. 3, the highlighting and
shadowing did not harm the performance of the
proposed method, because the reinforcement le-
arning method can find the best parameters of the
adaptively. The proposed
method 1is also valid when there are multiple fac-
es in the image as shown in Fig. 3, but these
faces should not be occluded too much because
the face model matching will fail if eyes and
mouths can not be found in the region. Table 1

skin-color-selector

shows the test result. And the four failures were
mainly caused by the worst lighting conditions.
One failure was caused by the blue light that
changed the face color into purple and the others
were caused by the dim light which made the
face color so dark that the color information was
lost.

(€} id)

Fig.3 Experiment results
Ca) a partially highlighted face and its result
(h) a face of an African and its result
(c) a face of a Japanese and its result
(d) two of Caucasian faces and the result

Table | Test results
Total test image number Suceess image number
400 396
CONCLUSIONS

In this paper; we present a new face detec-
tion algorithm based on color information. And a
reinforcement learning framework was introduced
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to improve the vobustness of the algorithm. The
experiments proved that this algorithm detected
the face fast and robust enough.
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