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ABSTRACT

Machine learning is a state-of-the-art scheme in
solving many kinds of complicated problems. This paper
utilizes two types of machine learning algorithms to
detect skin and face/pose respectively. Initially a
hierarchical neural network is applied for skin
detection. Begin with a neural network to overcome the
diversity of light and follow by a second neural network
to get over colors near the skin color. After the skin
area is detected, an AdaBoost learning algorithm is
implemented for face/pose detection. Haar-like features
[11][12] are utilized as features of modified Adaboost
to determine whether there is a left, frontal, right, or
non-face in a 20 x 20 sliding window. Experimental
results show that the proposed method achieves a good
performance in skin color detection, capacity of coping
with the problems of scaling, rotation and multiple
faces, as well as a good detection rate.

1: INTRODUCTION

Face detection is a must preprocess to many
applications, such as the surveillance system, nursing
system, driver statement analysis, etc.. Because of the
variation of light, the difference of races, genders, ages,
and unconstraint of the background, face detection is
still a challenging problem with a long history [1]-[17].
There are a lot of methods for face detection, and some
of common approaches are briefly introduced below.

e Feature-based: determine a face according to
features like shape[9], edge[10], etc..

e Knowledge-based: utilize the face’s features like
eyes, nose, or mouth to find a face.[13]

e Template-based: use pre-defined face templates like
eyes, mouth, or ellipse template to measure the
similarity.

e Machine learning-based: machines learn the rules
from provided training samples and classify the test
sample accordingly [15][16][17]. Especially Viola
and Jones [11][12] proposed a rapid object
detection system which utilized Adaboost to train
an efficient classifier for face detection.

e Skin color extraction: locate skin area first and
determine if there is any faces. In this way, the
system can be more efficient and accurate since it
does not need to search the whole image.

In the proposed system, skin areas are detected first
by neural network and then face/pose detection is
implemented by Adaboost algorithm in the detected
skin areas. In Section 2, we will review related work on
skin color extraction as well as Adaboost algorithm.
Section 3 describes the frame work of the proposed
system. The experimental results and discussion are
given in Section 4. Finally conclusions and future work
are given in Section 5.

2: SKIN COLOR DETECTION AND
ADABOOST

Choose an appropriate color space is the first step
for correctly extracting skin areas [1]. In here, three
common color models RGB, YCbCr, and HSV are
discussed. Adaboost learning algorithm is also
introduced.

2.1: COLOR SPACE FOR SKIN COLOR

RGB is composed of Red, Green and Blue three
color components which is widely used in digital media.
The advantage of RGB color space is calculation
efficient, but it is sensitive to light and causes false
detection. There are quite a few research try to locate
skin area by defining thresholds on RGB models. For
example, [2]-[4] found skin pixels cluster in a small
region in RGB color space. We list one of these rules [3]
in Eq. (1) for skin pixels detection as a comparison later
to our work in Section 4.

Contrast to RGB, YCbCr color space separates
luminance Y from color and converts blue and red into
CDbCr values. According to the strength of Y(Y>128 or
Y =<128), [6] gives different skin color thresholds
respectively as in Eq. (2). HSV is also a color space that
separates luminance from color information. One of
these rules [18] for skin pixels detection is given in Eq.
(3) as a comparison later to our work.

R > 95, G > 40, B > 20,

Max(RGB) — min(RGB) >15

abs(R-G) > 15 @
R>G R>B
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if(Y >128)

0, =-2+(256-Y)/16,
0, =20—-(256 — )/ 16,
0,=6,0,=8

elseif (Y <= 128 )
0, =6.6,=12,

2
0,=2+Y/32
8,=-16+Y /16
C > -2(C, +24), C.>-2(C, +17),
C > —4(C, +32), C, <(220-C,)/6
C 22.5(C, +6,), C, <46, -C,)/3,
C >0.506,-C,), C,>8,
0.23=S5S=0.68, and 0=H=50 3)

2.2: ADABOOST ALGORITHM

A brief introduction of Adaboost algorithm [11][12]
is given in the Fig. 1. When the strong classifier H
composed of T features (weak classifiers) has been
trained by the provided training samples, it will evaluate
H(x) for every candidate x. If H(x) = 1 then x is
classified as a positive and a negative otherwise. The
confidence value for candidate x, Cy(x), is defined as in
Eqg. (4) which is the value evaluated in H(x) indicating
how similar the features in H with those in x.

The confidence value  Cp(x) = ZT _ahy (%) ()
t=

The proposed system is not only able to detect
whether there is a face, but also determine its pose (a
left, frontal, or right face). Adaboost algorithm is
modified to implement 3- dimension vector y; such that
(1,0, 0) (or (0, 1, 0), (0, 0, O)) for x; to be a left face (or
frontal-face, non-face), etc.. The details of training each
weak classifier h; for feature j is explained in the
following.

Assuming there are n features (weak classifiers), a
look up tables with n bins will be built such that each
feature bin has 3 classifiers, hj(vy, v,, V3), V1, Vo, V3 € {1,
0} representing left & non-left, frontal & non-frontal
and right & non-right face, j = 0, ..., n-1. To train a
classifier, for example, the frontal face classifier for
feature j, i.e., to determine the threshold of v,, we
evaluate fj(x) for every training sample x where f; is the
function for feature j. Instead of having only one hard
threshold as usually do in training weak classifiers of
Adaboost, we adopt the method in [19] to have a better
judgment. First, values of fj(x) for all x are normalized
and evenly divided into k intervals. For those values fj(x)
fall in the interval t, t =0, 1,..., k-1, find the average of
fi(x) from positive samples (i.e., x is a frontal face) and
negative samples (i.e., x is not a frontal face)
respectively. Next, take the midpoint of the two average

values as the threshold for the interval t of the frontal
face classifier of feature j. By this way, a look up table
can be set up, i.e. hj(vy, Vo, v3) is determined for every
feature j.

To determine whether a sample x is a frontal face
according to the feature j, referring to the threshold of
the interval containing f;(x) for frontal face classifier on
the bin h; of the look up table, an output of v, in h; will
be 1 if fj(x) is belonging to the same half with positive
training samples and 0 otherwise. Similarly for
determining whether a sample x is a left or right face
according to the feature j. Although the size of the look
up table is large, n x 3 x k, but it is set up during the
training stage, when determining the status of a test
sample it only needs to refer to the table which is very
time efficient.

e Given n training images( x;, y; ) wherei=1, ..., n,
and y;e{0,1} for negative and positive training
samples respectively.

e Initialize the weights a;; -1 or 1 fory; =
0,1 respectively, where m anar? are tﬁL. number of
negative and positive training samples.

e Fort=1...T:

- For each feature j, a weak classifier h; is
trained using @, ; . Next, calculate the error:

& :Zia)t,i‘hj(xi)_ Yi‘-
- let h()toh() iffor Vj=Kk, & <¢g;,
i.e. to choose the weak classifier hy(-) with the

lowest error). Let &, = &,.
gt

- Update o, ,,; = a)t,iﬂtLEi and /5, =1 .
t

where e; = 0, 1 for training sample x; being
correctly or incorrectly classified by hy(-).

+ Normalize @,,, so that it is a weight
distribution.

e The final strong classifier is:
T 1l
Hog={t  Zeaah®)25 2
0 otherwise

where ¢, =log L

Fig. 1. The AdaBoosi Algorithm

3: THE PROPOSED SYSTEM

The proposed system utilizes two types of machine
learning algorithms to detect skin and face with pose
respectively. Initially a hierarchical neural network is
applied for skin detection. Begin with a neural network
to overcome the diversity of light and follow by a
second neural network to make a distinct for colors near
the skin color. After skin areas are detected, some
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morphological operation and simple connected
component analysis are applied to eliminate possible
noises. Finally, every connected component of skin area
will be fed into the trained Adaboost algorithm for face
& pose detection.

3.1: THE DETECTION OF SKIN AREAS

In the propose system, only the detected skin area
will be further processed for face detection. Due to hard
thresholds of skin color as in Eq. (1), (2), (3), some skin
color pixels may be sacrificed and this causes
difficulties in later steps. A hierarchical neural network
is thus designed to achieve the best of both tasks, i.e.,
preserve the skin area and eliminate non-skin pixels.

The influence of light variation on colors is one of
the main reasons that makes skin color detection a
challenging task. To overcome this problem, the first
neural network is trained separately according to the
strength of luminance Y (Y>128 or Y=128). Due to
the nature of connectedness of skin pixels, the neural
network takes cross shape features on YCbCr color
space as shown in Fig. 2. For any pixel, together with 8
other pixels as indicated ( 2 on its top, bottom, left, and
right), each with Y, Ch, Cr 3 values, 27 values are the
input for the neural network.

YCbCr
YChbCr
YCbCr
YChbCr
YCbCr
Fig.2. The cross feature taken for first neural network

| ooer | veber veber | veoer |

Observing the candidate skin areas output from the
first neural network, although all skin pixels are
preserved, there are a few similar color non-skin pixels
are kept as well. Therefore, the output of the first neural
network will be processed again in the second neural
network. The goal of the second neural network is to
eliminate those non-skin pixels but have color similar to
skin color. It takes features R, G, B values on RGB color
space as input.

3.2: THE DETECTION OF FACES AND
POSES

After skin areas being located, morphological
opening and closing are applied for eliminating noises.
Also a skin area will be discarded if the proportion of
width and height of the connected component of a skin
area is larger than 4 or smaller than 1/4, or any of height
or width is less than 20 pixels.

The training samples for AdaBoost are 20 x 20
images of left, frontal, right, and non-face taken from
websites and the CVL face database [20]. These training
images are manicured to cover only facial features as

much as possible. The method of bootstrap on training
samples is applied to promote the performance of the
AdaBoost. Testing images are downloaded from
websites as seen in Fig. 4, 5, 6 in Section 4. The
Haar-like features, as shown in Fig. 3, and the variances
of first three Haar-like features are adopted for features
in Adaboost.

To determine whether a skin area containing any
faces, a sliding window of 20 x 20 is applied on every
connected component of skin area, from left to right and
top to bottom. If the center portion (10 x 10) of a sliding
window contains less than 85 skin pixels, then this
sliding window will be skipped and go to next window.
These sliding windows are fed into the AdaBoost
algorithm one by one for determination. To detect all
sizes of faces, the process is repeated by a scale of 0.8
on the image until its height or width is less than 40.
Since every skin area will be examined repeatedly on
different scales, it is very possible that a face is detected
more than once. The confidence value in Eq. (4) will be
used as the criterion. When there are overlapping
windows with positive response of the same type (left,
frontal, or right face), reserve the window with largest
confidence value and eliminate the rest.

1 E=na,

Fig. 3. The Haar-like features
4: THE EXPERIMENTAL RESULTS

Some experimental results are shown and discussed
here. For skin detection, as shown in Fig. 4, the original
image (a) is affected by green color on the lower portion
and the light on the face is uneven too. Our method Fig.
4 (e), has the best result among all. As notice, the
method of YCbCr [6], Eg. (2), also performs well
compared with Fig. 4 (b), (c). In fact, [6] in general
shows satisfying results and it is referenced by other
research frequently when skin color detection problem
is discussed. Thus, in Fig. 5 & 6, only [6] will be
compared with our result. In Fig. 5, testing on different
races, observing (b) & (c), both methods can extract
most of skin areas. Our method preserves skin areas
more, for example, the forehead of the lady on the right,
with the price that some non-skin pixels are kept as well,
as the left shoulder of the lady on the right. Same
consequence is derived on Fig. 6. Due to the similarity
to skin color of colors on background and the lady’s hair,
our method, Fig. 6(b), preserves not only correct skin
area but hair and background too. As the [6]’s method,
Fig. 6(c), wrongly identifies blond hair as skin too but it
successfully eliminates the background with the price
that it also eliminates facial skin area. As a preprocess
of face detection, Fig. 6(c) has no face area kept at all
which consequently results in no face detected.
Therefore, our method is more suitable for later face
detection.
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Fig.4. Results of skin detection with

image, and by methods of (b) HSV [18<], (c) RGB [3],
(d) YCbCr [6], (e) ours.

® ©
Fig.5. Results of skin detection on different races
with (a) the original image, and by methods of (b)
ours, (c) YCbCr [6].

@ ®) ©

Fig.6. Results of skin detection with (a) the original
image, and by methods of (b) ours, (c)YCbCr [6].

As face/pose detection, Fig. 7 shows some of our
experimental results. The red, blue, green boxes are for
detected left, frontal, right faces respectively. These
images, except (c), are natural images with all kinds of
background setting. Our method in general shows
satisfying results. In (c) and (d), there are multiple
boxes with confidence values indicated, the one with
the largest value will be the representative box which
also is the correct face area.

5: CONCLUSION

In this paper, we use a hierarchical neural network
for skin detection. Begin with a neural network to
overcome the diversity of light and follow by a second
neural network to get over colors near the skin color.
After the skin area is detected, an AdaBoost learning
algorithm is implemented for face/pose detection.
Experimental results show that the proposed method
achieves a good performance in skin color detection and
face/pose detection, capacity of coping with the
problems of scaling, rotation and multiple faces.

a) the original

(d)

Fig.7. Results of face detection where red, blue, green
boxes are for left, frontal, right faces respectively.

The difficulty of skin detection and face/pose
detection lies on unconstrained background and
diversity of the target. By machine learning to find
subtle distinctions among positive and negative samples
is a promising resort and the success of machine
learning largely depends on training samples. Thus how
to choose enough and good training samples is an
interesting problem. In the future, we will focus on
finding better training samples and possibility of
integrating the system with other learning methods,
such as SVM and PCA.
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