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ABSTRACT

Most of the applications related to security and biometric rely on skin region detection such as
face detection, adult 3D objects filtering, and gesture recognition. In this paper, we propose a
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robust method for skin detection on 3D coloured point clouds. Then, we extend this method to

solve the problem of 3D face detection. To do so, we construct a weighted graph from initial
coloured 3D point clouds. Then, we present a linear programming algorithm using a
predictive model based on a data mining approach to classify and label graph vertices as
skin and non-skin regions. Moreover, we apply some refinement rules on skin regions to
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confirm the presence of a face. Furthermore, we demonstrate the robustness of our method
by showing and analysing some experimental results. Finally, we show that our method
deals with many data that can be represented by a weighted graph such as 2D images and

3D models.

Introduction

The main goal of this paper is to present an accurate
method for skin region and face detection on 3D
coloured point clouds using weighted graphs rep-
resentation. This model aims to extend skin models
proposed for 2D images to any data that can be rep-
resented by a graph and accordingly with different
types of visual data such as video and 3D objects.

Context and motivation

Nowadays, owing to the fast growing of digital field
and informational data, 3D object processing, including
skin and face detection, became an essential pre-pro-
cessing phase for many applications such as human-
machine interaction, gesture recognition, human
identification, and robotics.

In this work, we propose to extend the skin detec-
tion method from 2D images to 3D coloured point
clouds using weighted graphs representation. In
addition, defining operators on graphs leads to gener-
alize the face detection method to any data that can be
represented by a weighted graph. The first step in our
approach consists of modelling the 3D surface using a
weighted graph, and a predictive model based on a
data mining approach is constructed. This model
leads to define a statistical function that classifies
graph vertices into skin and non-skin vertices. Then,
the graph is segmented into regions using linear pro-
gramming algorithm where each region is defined as
a set of vertices of similar class. All skin regions are

considered as candidate face regions and the presence
of a face is confirmed by applying refinement steps
such as face size. Our method is illustrated in the fol-
lowing flowchart Figure 1.

Paper organization

The remainder of this paper is organized as follows. The
section ‘State of the art’ presents a review of the state-
of-the-art work. The section ‘Skin detection method’
provides a general definition and some algorithms for
skin detection on the weighted graph. The section
‘Face detection’ presents our new definition for the
human face and some algorithms. The section ‘Exper-
imental results’ presents the numerical experiments
that prove and strengthen our theoretical results. The
section ‘Comparison with the state of the art’ presents
a comparison with the state of the art. Finally, the
section ‘Conclusion’ is a general conclusion of the
results of this article.

State of the art

In this subsection, we discuss some available
approaches for skin region segmentation and face
detection.

Moudani et al. [1] presented a method based on
data mining techniques for 2D face detection. They
have demonstrated the robustness of the method by
showing some experimental results and comparing
them to other related works. In this work, they
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Figure 1. Flowchart of our method.

propose a generalized approach to deal with 3D
coloured point clouds.

Bin Ghazali et al. [2] proposed a method for 2D images
face detection under varying illumination conditions. This
method considers the colour image and the colour
balance model to convert the RGB colour space into
the YCgCr colour space. Then, they proposed to detect
faces by merging the Gaussian skin-colour model, tem-
plate-matching, and face verification technique.

Colombo et al. [3] proposed a method for 3D face
detection that identifies the subject’s eyes and the
nose, and then classifies the regions of the eyes and
noses. Nonetheless, the authors mentioned that this
technique is highly sensitive to noises and to the pres-
ence of holes surrounding the regions of the nose and
eyes.

Mian et al. [4] proposed to localize the 3D face by
detecting the nose tip, and then the segmentation
can be made by cropping the sphere centred by the
detected nose tip. They mentioned that their approach
is strongly limited to the dataset used, as every input
3D object is inferred to contain only one face. Further-
more, the radius of the cropping sphere has a fixed
value over the entire dataset and therefore the seg-
mentation cannot handle scale changes. Niese et al.
[5] proposed a method for 3D face detection based
on colour-driven clustering of the 3D points derived
from stereo. They used a variant of the Iterative
Closest Point algorithm to match the 3D mesh with

the post-processed face cluster. Then, they used the
correspondence to derive the face pose. Finally, pose
and model information are used for the synthesis of
the face normalization. Some methods [6,7] divided
the view sphere into a number of sectors and collected
templates for each view. Given a new candidate object,
the face detection is obtained using the template-
matching approach.

Kheirkhah et al. [8] presented an approach using Ada-
boost-based face detection based on skin-colour infor-
mation. They proposed to extract the regions first,
which have more potential to be faces in the image
using image illumination correction, skin tone extraction,
skin region segmentation, and connected component
separation. Then they apply some rules to eliminate
non-face regions. Finally, they used the Adaboost-
based face detection system as an improved appear-
ance-based approach. Lin et al. [9] proposed a human
face detection method based on skin colour and neural
networks technique. First, they proposed to construct a
so-called skin map by searching for the candidates’
regions. Then, they applied some morphological oper-
ations to detect the locations of pair eyes in the candi-
dates’ regions. Finally, they affirm a presence of a face
using a 3-layer back-propagation neural network to
verify the face candidates’ regions. Wang et al. [10] pro-
posed a hierarchical face detection method using the
template-matching and 2DPCA algorithms. Their
method consists in using two different classifiers. The
first classifier filtrates the non-face regions using the tem-
plate-matching algorithm, then the second one uses the
2DPCA algorithm to detect faces.

Recently, Huang et al. [11] proposed to use an
support vector machine model with skin and non-
skin colours to detect skin points in 3D facial point
clouds. Then, they have used an approach based on
the k-nearest neighbour (k-NN) method to fill holes
on the obtained skin point clouds. Finally, they pro-
posed to use a threshold to determine whether a
point is on the face surface.

In this work, we define a set of possible faces from
candidates’ regions based on skin information, and
then we confirm the presence of the face by verifying
some proposed face rules. The experimental results
show that our method deals with faces of different
sizes, alignments, and directions.

Skin detection method

The first step in our approach consists in classifying the
graph vertices as skin and non-skin based on data
mining prediction rules. In this section, first we
present the process of the prediction rules generation.
Then we present a linear programme to segment the
graph into segments based on vertices classes. We
will extend then this method to solve the face detec-
tion problem in the next section.



Notations and definitions

As we mentioned above, our method deals with any
data that can be represented by a weighted graph
such as 2D images, 3D point clouds, and 3D meshes.
We begin this subsection by a summary of the data
mining rules generation that allow us to classify
graph vertices as skin and non-skin. Then, we present
a review of some basic definitions and operators
defined on weighted graphs.

To define a predictive rule to discriminate between
skin and non-skin regions effectively, we have built a
learning dataset of pixels and an extraction decision
rule. The proposed procedure consists of three steps:

e Dataset construction: we used the existing dataset
‘Helen dataset’ [12] that contains images with differ-
ent lighting conditions, races, and sexes. This work
led to a learning dataset consisting of 50,000 pixels
of different classes (skin and non-skin).

e Building learning file: we created a learning data file
(Table 1) to be used later on by some data mining
tools to generate prediction rules.

e Prediction rules generation: to find the appropriate
predictive model, we tried different data mining
techniques derived from inductive graphs J.48 and
JRip [13] rules using the statistical tool WEKA 3.6.0
[14]. The resulting prediction rules based on RGB
component of the learning data file lead to a defi-
nition of function called lambda A: [0... 255] x [0
... 255] x [0...255] — {0, 1} as follows:

1 1 if the vertexv (v, vg, vp)

has a skin color, (1)

AV, vy, Vo) = {
0 otherwise

where v,, vg4, v, are the red, green, and blue colour
components of a vertex v. This function takes as
input the colour components of a vertex and verifies
whether this vertex has a skin or non-skin colour
based on the generated prediction rules. The follow-
ing flowchart illustrates the prediction rules gener-
ation Figure 2.

Once the prediction rules are defined, we model the
surface to treat it. Consider the general situation where
a point cloud can be viewed as a weighted graph. An
undirected weighted graph G=(V, E, W) consists of a

Table 1. Information extraction from learning data file: the
rows in the table correspond to the representative pixels,
while the columns correspond to the representation axes of
the RGB space and the class (skin or no skin).

R G B Class
X X X7 X
X x; Xp X¢
X X X X
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Figure 2. Flowchart of prediction rules generation.

finite set of vertices v, a finite set of edgesE C V x V,
and a set of weight functions W.

Let (u, v) be the edge that connects two vertices u
and v. The set of adjacent vertices N(u) of a vertex u
shown in (Figure 3) is constructed using the k-NN algor-
ithm and defined as N(u) ={v/d (u, v) <= k}, where d(u,
v) represents the three-dimensional Euclidean space
distance between two vertices (u, v) and defined as

dl,v) = — i + Uy — v + s — vl ()

The weight function w: V x V — [0, 1] that represents a
homogeneity measure between a vertex and its neigh-
bours is defined as

V(N(u))
w(U,V) m |f)\(u,, Ug, Ub)—OV)\(V,, Vg, Vb)—O,
1 fA U, Ug, up) =1 ANV, Vg, Vp) =1

3)

where V(S) represents the cardinality of a skin vertices
from a set S and defined as

V(S)=Card{u € Ssuchas A(uy, ug, up) =1} (4)

Skin region segmentation

Our method consists in classifying graph vertices into
skin regions (F(G)) and non-skin regions (B(G)) using
the generated predictive rules where

F(G)={v € Gsuchas Alv,, vg, vp) =1} (5)
B(G) ={v € Gsuchas A(v,, vg, vp) =0} (6)

Figure 4 presents the graph vertices classification:
images (a,c) show the original 3D point clouds,

@ Target vertex
Vertex belongs to the
@ neighbors

Vertex not belonging
® o the neighbors

Sphere of radius k

Figure 3. Vertices neighbours construction.
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Figure 4. Vertices classification. Please see the image notes section for further details.

images (b, d) present the detected skin regions where
the black regions represent non-skin vertices.

Vertices labelling once, we classify the graph vertices
as skin and non-skin, we define a set of regions by
adopting a linear programming model that groups
the set of vertices of the same class in regions by mini-
mizing a cost function. Let us start with the combina-
torial problem of labelling the graph vertices where
we search to assign the same label to adjacent vertices
belonging to the same class using the minimal number
of labels.

We propose to formulate the vertex-labelling process
as an integer linear problem (ILP). To do so, we consider
a set of vertices V={ v;..v,} and a set of n labels where
the initial state of the problem considers that each
vertex has its specific label.

We introduce two binary variables-
yx andxy, k=1..n. The first variable indicates
whether a label k is used (yx = 1) or not (yx =0),
and the second one indicates if a given vertex v; has
received the label k. The model with all variables is
established as follows:

Min 37 vy
Subject to:

(1) Yy Xxik =1Vi=1,...,n

(2) Xik — Yk <0 Vik=1..n

(3) Xik —xjxg <0 Vk=1,...,mV(v, v;)
€E, v, v; EFG) VvV BG),

4 xix €1{0,1% y, €1{0, 1}

The constraints (4) and (5) ensure that xj and yy are
binary variables. The constraints (1)-(3) guarantee (in
this order) that each vertex is labelled; vertex v;
receives the label k only if this label is used, and any
two adjacent vertices have different label if they
belong to different classes. The optimal solution of
such problem is a graph where each group of con-
nected vertices belonging to the same class receives
the same label.

We present a heuristic algorithm to solve the ILP
problem. The idea of such algorithm is to start from
an empty solution and construct a solution iteratively
using expansion criteria that allows one to take a
choice at each iteration subject to our problem con-
straints. The expansion criteria are controlled by the
score function Score ( v;, v;) defined as

0 ifv; € Cv)

Score(v;, V) = { 1 otherwise,

where C(v)) is a set of vertices that combines the colour
properties and the similarity measure between vertices
and defined as

Cv) ={vy ENWv) V; € FG)/w (v;, vj) <a}, (8)

where a € [0.5..1] based on experimental results
observations. We introduced this set of vertices to
handle the case where some vertices are interpreted
as non-skin regions due to lighting conditions and
the presence of small objects such as hair, beauty
marks, and moles as shown in Figure 5.

Algorithm 1 describes the label propagation algor-
ithm starting from v;. This algorithm is illustrated in
(Figure 6).

Algorithm 1: LabelConnectedSimilar
//This algorithm makes call to this procedure for each non
selected vertex.

Procedure Propagation

Figure 5. Influence of colour information and similarity
measure on vertices labelling process. Please see the image
notes section for further details.
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Figure 6. lllustration of labelling process. Please see the image notes section for further details.

Input Add start to TL1]
Vertex start End if
Integer K, NB_Label_Used /* NB_Label_Used = While (true)

NB of vertices as initial value*/ Begin

Output: If ([L1] is @) then

Connected vertices have the same Label L Quit Procedure

Let ‘[L1]" an empty list of vertices End if

Let ‘[L2]’ an empty list of vertices For each (Vertex v; in [L1])

If (notSelected (start)) then Begin
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Figure 7. Segmentation process. Please see the image notes section for further details.

Set v; as Selected
Assign k to v;

End if
For each (Vertex v in [L1])
Begin
For each (Vertex nin N (v;))
Begin
If (not Selected ( v;)) then
If (Score( v; v;) = 0) then
Add v; to TL2]
Remove duplicate ([L2]’)
NB_Label _Used = NB_Label_Used-1
End if
End if
End for
End for
Clear (‘[L1])
Replace ‘[L1] by ‘[L2]
Clear (‘[L2])
End While

End Procedure

Algorithm 1 results a graph where each set of ver-
tices with the same properties has the same label.
Finally, we traverse all graph vertices to assign a
colour for each label, and then we create a segment
from each set of vertices having the same label as
shown in Figure 7.

Figure 7 shows the set of segments produced by
applying our method on 3D point cloud. Image (a)
shows the original point cloud, image (b) presents
labelled graph in which each group of connected ver-
tices has a different colour, and image (c,d) shows
the segments

Face detection

Once the graph vertices are labelled and segmented
into skin and non-skin regions, we affirm whether a
skin region has the face properties based on the
most important characteristics of a human face such

as the eyes, nose, and mouth. We define these charac-
teristics as a set of non-skin vertices surrounded by a
set of skin vertices, as shown in Figure 8. To do so,
we refine the list of faces candidates using some pro-
posed refinement rules. These rules can be classified
into three categories: refinement based on the
number of non-skin regions contained in candidate
region, refinement based on the size and ratios,
and refinement based on the distance between face
parts.

Refinement based on the number of non-skin
regions

A skin region must contain a determined number of
non-skin regions to be considered as a face. Therefore,
candidate face regions are defined using the following
conditions:

e For each face region R, 3 at least three non-skin
regions B;, B, and B3 such as BiCR, B,CR, B3CR
and the maximum number of non-skin regions in
R should be less than or equal to [NBFormsMax].

Algorithm 2 presents the procedure of defining the
set of non-skin regions in a given candidate region.
Algorithm 2: GaplLocator

Procedure Check_Boundary

Input:

Figure 8. Skin regin-containing gaps. Please see the image
notes section for further details.



Non-Skin Region S,

Output:

Label of Skin region Container
Let ‘[L]” an empty list of vertices

Let TR a list of vertices={v} / v €S, and
V(N(v)) =0

While (Card (R,) # V (R,) or Card (R,) increased)

Begin

For each (Vertex x in ‘[R\I’)
If (x € B(G)) then
Add N(x) to LY

if ‘L]’ # @ replaces x with the vertices of ‘[L]’

End if
End for
End While
If (Card (R,) = V (R,)) Return Label of any element

Else return —1
End procedure

Refinement based on the size

The size of the human face has specific characteristics
in which there is a proportional relation between its
height and width. This proportional relation obeys
the golden ratio of human faces (Figure 9), which is
approximately 1.6 [15]. Meanwhile, the candidate
regions that are smaller than the minimum size are
eliminated. To determine the size of a given
candidate region, we define the minimum oriented
bounding box of candidate region vertices as shown
in Figure 10. Once, the box width, height, and
depth are determined, the following rules should be
verified:

HB
—th<— < GR+th,
2. HB >= hmin and WB >= Wmins

where HB is the height of bounding box, WB is the
width, and th is a parameter controlled by the user to
increase the range of the face ratio.

=
=

Figure 9. Minimum bounding box of candidate region. Please
see the image notes section for further details.
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Figure 10. Human face golden ratio. Please see the image
notes section for further details.

Refinement based on the distance between face
parts

For each face region R, 3 At least three non-skin regions
B;, B>, and B;s such as B;CR, B,CR, B3CR such as

e d(6(B1), 6(B2) — ( 0(B2), 6(B3) < &,
e d(6(B1), 6(B2) — q 0(B3) 5 &,
¢(B2) ¢(B3)
. Tl(w)‘ez]sum of ratios @ ' ol and #(R) € 0.05,

where ¢(R) is the area of the region R, 6(R) is the
gravity centre of the region R, and € is a distance
threshold. Figure 11 shows the selection of face charac-
teristic based on the distance between non-skin
regions. Note that the values of interval [0.05, 0.2]
are chosen based on the observations done in our
experiments.

Experimental results

In our experiments, we used a sample of 145 coloured
objects and 250 coloured images from existing data-
sets, such as ‘Helen’ dataset [12], ‘Faces in the Wild’
dataset [16], ‘Caltech’ dataset [17], and others. The
selected objects and images contain faces of different
skin colours, ages, expressions, and positions. To
evaluate our method, we show visual and statistical
results for both 3D point clouds, meshes, and 2D
images.

®e,

Figure 11. Distance between face parts. Please see the image
notes section for further details.
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Figure 12. Skin detection on 3D coloured point clouds. Please see the image notes section for further details.

3D point clouds and 3D meshes

In this section, we show the efficiency and robustness
of our proposed method by applying it on many
coloured 3D point clouds models and 3D meshes. We
will show and discuss the influence of different par-
ameters on our approach, such as minimal face size
(Pmine Wmin), presented in section 4.2, k-NN threshold
k, the parameter NBFormsMax existing in section'Re-
finement based on the number of non-skin regions’,
the parameter th defined in section ‘Refinement
based on the size’, and the distance threshold ¢ pre-
sented in section ‘Refinement based on the distance
between face parts’.

Figure 12 presents the results of our skin detection
model with a coloured point cloud with the following
parameter values (k=0.01363, hpin=5  Wmin=8,
NBFormsMax =6, th=0.5, € = 0.6). Images (a,c,and e)
show the original 3D point clouds and images (b,d,f)
show the detected skin regions where the black
regions are not skin.

Figure 13. Influence of vertices neighbours on labelling
process. Please see the image notes section for further details.

Figure 13 presents the influence of the neighbour-
ing distance k (k-NN threshold) on 3D point clouds.
Image (a) shows the original 3D point clouds. Image
(b) shows skin regions containing gaps using the
same parameters presented in (Figure 12). Image (c)
presents the influence of k with the value 1. One can
see that the number of gaps decreases when we
increase the neighboring distance due to neighbours’
information.

Figure 14 presents the results of our face detection
method applied on a coloured 3D point cloud. Images
(a,c,e,9,m) show the original 3D point cloud, images (b,
dfh,l. n) show the detected faces using our method
with the following parameters (k=0.01363, h.,;,=5,
Wmin=8, NBFormsMax = 6, th=0.5, ¢ = 0.6). The fuchsia
areas on the 3D point clouds object represent the
detected faces. We can visually confirm the face detec-
tion. The image (n) presents an additional face detected,
which is a failure case. This failure case is due to the
characteristics of human face that are verified in this
skin region.

Figure 15 presents the result of our face detection
method applied on a 3D coloured point clouds with
multifaces and expressions. We can visually confirm
the detection of all faces in these point clouds.

Figure 16 presents the result of our face detection
method applied on a noisy 3D coloured point clouds.
One can see that our method produces good results
with noisy surfaces.

After presenting a sample of visual results of our
proposed method on 3D meshes and 3D point
clouds, Table 2 shows some statistical results of our
experiments in terms of detection accuracy.

The accuracy of our proposed method is measured
as follows:

Accuracy = 100 — (FPR + FNR), 9)

where false-positive rate (FPR) and false-negative rate
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Figure 14. Detected faces on noisy 3D point clouds. Please see the image notes section for further details.

(FNR) can be computed as follows:

number of false alarms
FPR = 100, 10
number of dected faces % (10)

and

ENR — number of missed faces < 100. (a1
number of all faces

In our experiments, we noted that the variation in
the parameters NBFormsMax and th can affect the
accuracy of our system. The following charts show
the influence of these parameters on detection
accuracy observed on 50 objects of our dataset
Figure 17.

Furthermore, when the value of parameters (hin,
Wmin) increases, the number of missed faces relatively

increases. In contrast, when the value of parameter
e increases, the number of false alarms relatively
increases.

2D images

As mentioned above, our method can deal with any
type of data that can be represented by a weighted
graph, such as 2D coloured images and 3D coloured
point clouds. The figures show the result of applying
our method on 2D coloured images. Note that a rec-
tangle is drawn around the detected face region, as
shown in (Figure 18).

Figure 18 presents the results of our face detection
method applied on 2D images with the following par-
ameter values (k=1, hy,in=5 Wmin=8 NBFormsMax =6,
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Figure 14. Continued.

th=0.5, ¢ = 0.6). Images a;—e; show the original 2D
images, images a,—e, present the detected skin
regions, and images as—e; present the detected faces
by our method. Image (bs) presents a face detection in
an image with a complicated background, but Image
(d3) shows a failure case where an additional face is
detected due to the colour of this region that is inter-
preted as skin colour and all face rules are verified.

Figure 19 presents the results of our face detection
method on an image containing many faces of a
person with different expressions. Image (a) shows
the original image and Image (b) shows the accuracy
of our method where all faces are detected.

Finally, a numerical summary of our experiments is
shown in Table 3.

Comparison with the state of the art

In this section, we compare our method with some
related works. First, note that our method deals with

3D coloured point clouds, 3D meshes, and 2D images
based on skin colour. In contrast, most of the
methods described in the state of the art section deal
with 2D images or 3D meshes that lie on geometry
features.

As another evaluation of our work, we compare the
accuracy of our method to those of some methods
described in the literature. Figure 20 shows the numeri-
cal data:

In addition to the statistical evaluation, we
choose some visual examples of failure case pre-
sented by some related works and we apply our
method on the same images. Figure 21 presents a
comparison of the skin detection with [18]. One
can see that the result of our method is better
than that of the method proposed in [18] as
shown in Figure 21. As shown in image (a), a non-
skin colour is interpreted as skin colour. In contrast,
it is detected correctly by our method, as shown in
image (b).



THE IMAGING SCIENCE JOURNAL e 33

Figure 15. Detected faces with different expressions. Please see the image notes section for further details.

Figure 16. Detected face on a noisy 3D coloured point cloud. Please see the image notes section for further details.

Table 2. Results obtained from 3D point clouds and 3D
meshes.

Objects count 145
Number of all faces 385
Number of truly detected faces 341

FPR 8.8%
FNR 3.63%
Accuracy 87.57%
Conclusion

In this paper, we have presented a new approach for
skin and face detection for 3D coloured point clouds

using the weighted graph representation. To illustrate
the robustness of our approach, we showed that our
proposed method could be used to solve two signal-
processing problems. The first one is related to the ver-
tices classification based on the skin information. The
second one is the face detection problem. We
showed also that our method can deal with any data
that can be represented by weighted graphs, such as
2D images, 3D surfaces, and 3D point clouds. We pre-
sented then a comparison with some other related
face detection works to prove the efficiency of our
method.
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Figure 17. Influence of parameters NBFormsMax and th on accuracy.

Figure 18. Detected faces on coloured 2D images. Please see the image notes section for further details.
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Figure 19. Detected faces from an image with different expressions. Please see the image notes section for further details.

Table 3. Results obtained from 2D images.

Objects count 250

Number of all faces 304

Number of truly detected faces 278

FPR 7.01%

FNR 1.97%

Accuracy 91.02%

Accuracy
7 a1.02
a0.38
50
88
85.95
85
# 8
82
82
B0
78
® Our method Method of [3] Method of [4] Method of [10] Method of [11]
m Accurscy 102 50.38 82 83 85.96

Figure 20. Accuracy comparison with other methods. Please see the image notes section for further details.

Figure 21. Result obtained by Yang et al. [18] (a) and our method (b). Please see the image notes section for further details.
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Images Notes

Figures 4, 8, 12 and 14. 3D Objects, which can be obtained
from https://sketchfab.com/models
https://www.artec3d.com/3d-models

Figure 15. 3D meshes created from 2D images using specific
tools. Original images are obtained from the following
repositories:
https://www.ronitbaras.com/family-matters/parenting-
family/three-is-a-crowd/
http://www.bytedigital.co.uk/who-we-are/our-company/

Figure 18:

Image (b1) Used from dataset in Reference [1] (Moudani W,
Sayed AR, 2011)

Image (c1) abtained from:

http://www.aiai.ed.ac.uk/project/plan/peapod/2002-05-13.
html

Image (d1) Used from dataset in Reference [1] (Moudani W,
Sayed AR, 2011)

Image (e1) Used from dataset in Reference [14]

Figure 19 Image obtained from:
https://www.google.com.lb/imgres?imgurl=http%3A%2F%?2
Ftopfonpack.ru%2Fuploads%2Fimages%2Fk%2Fa%2Fr%2Fk
artinki_s_emotsijami_1.jpg&imgrefurl=http%3A%2F%2Ftop
fonpack.ru%2Fwallpaper%2Fopredelenie-emotsij-chelove
ka&docid=znHp-lwDo3TZ_M&tbnid=rwOgkoyCLeuv-M%3A&
vet=10ahUKEwjXyJjVgvzVAhVQkRQKHZfUBKQQMwgIKAAw
AA.i&w=1610&h=1200&itg=1&hl=en-LB&safe=strict&bih=
602&biw=1242&qg=facial%20expression%20children&ved=
0ahUKEw;jXyJjVgvzVAhVQKRQKHZfUBKQQMwgIKAAWAA
&iact=mrc&uact=8
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