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Abstract
In the face recognition research domain, features-based ap-
proach have been widely used in many works during the recent
years. However, only few of these have used a validation step
to assess whether the detected facial components were those
appropriate for the recognition. In this paper, we present an ap-
proach of detecting and validating facial components from gray
scale images. We first binarize the image. Thereafter, the con-
nected components of the resulting image are detected and la-
belled. An iterative strategy is applied to remove the irrelevant
components. The iteration terminates when the remaining com-
ponents are the targeted components: eyes, nose and mouth.
Afterward, we compute the centroids of the detected compo-
nents. The convex hull of these centroids is computed and the
validity of the detected components are further assessed, by ap-
plying the k-means on the features extracted from the angles
at the two lowest points of the convex hull. Our approach has
the advantage that it is straightforward and fast, and there is no
manual interaction in choosing and extracting face components.
Experiments show that our approach provides promising results
as it performs automatically without any assumption about the
location of face components as well as in different orientations
of face. Furthermore, our work is a great contribution in the
features-based face recognition research domain as the earlier
detection of the wrong detected set of facial components could
increase the efficiency and the speed of the recognition consid-
erably.
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1. Introduction
Face recognition techniques are classified into three categories:
holistic, feature-based and hybrid techniques. Many works
have been done that show that feature-based approaches are
faster and more robust against variation in face orientation and
illumination than holistic techniques [1, 2, 3, 4]. However,
one of the main problems remains the automatic extraction
and validation of face components without human intervention
as well as any assumptions on the location of facial components.

In [5], a component based face detection system is pre-
sented. It uses two level Support Vector Machines (SVM) to
detect and validate facial components. Training face images
are automatically extracted from 3-D head models that provide
the expected positions of the components. These expected
positions are used to match the detected components to the
geometrical configuration of the face. Loulia and Veikko [6]
propose a method for detecting facial landmarks. In their
method, edge orientations are used to construct edge maps of

the image. The estimation of the orientation of local edges
is done by means of a kernel with maximum response. The
local oriented edges are extracted and grouped into regions
representing candidates for facial landmarks. The detected
candidates are further classified manually into noise or facial
landmark categories. In [7] and [8], facial components are
used to detect the face in an image. The components are either
assumed to be the holes in the detected facial regions, features
computed in given color spaces, or the darkest region of the
face. A geometrical technique is used by Zoltan and Tamas
[9] to detect and extract facial components. They compute
the facial symmetry axis and use it to deduce the nose region
based on the assumption that the region of the nose is the most
vertically detailed region on a face. Afterward, the positions of
the eyes and mouth are estimated from the chosen nose region.
A facial segmentation method based on dialation and erosion
operations is presented in [10]. Facial symmetry and relative
positions among the facial features, are used to locate the face
contour, mouth, nostrils and eyes. Tian and Bolle [11] present
a method of detecting a neutral face. In their approach, six
facial points are chosen as being the most reliable that could be
extracted from a face. Thereafter, the normalized distances be-
tween them are computed and used as discriminating features.
Two preprocessing operations named Skin Color Similarity
Map (SCSM) and Hair Color Similarity Map (HCSM) are
employed in [12] to compute the coordinates of face and head
regions. The SCSM is projected onto the x-axis to determine
the x-coordinate of the facial region. The y-coordinate of the
face and head regions are determined by projecting the SCSM
and HCSM on to the y-axis. Afterward, the positions and the
sizes of the facial features are estimated based on the computed
coordinates of the face. In [13], a method of detecting facial
features such as eyebrows, eyes, nose, mouth, and ears is
presented. Facial features are determined by searching for
minima in the grey value relief of the segmented facial region
based on the assumption that each facial feature generates a
minimum in the projection of the grey value relief or pixel grey
level and the expectation that eyebrows, eyes, nostrils, mouth,
and chin are ranked respectively as the first, second, third,
fourth, and fifth significant minimum on the horizontal relief.
Furthermore, as the number of minima is usually greater than
the number of features, a geometrical technique is employed
to get clues about the relative positions of facials features.
A method for automatically learning face components for
detection and recognition is presented by Heisele et al. [14].
Initially, an object window of fixed size is slid over the input
image. Afterward, 14 referenced points are manually selected
in the object window based on their 3D correspondences from a
morphable model. The learning algorithm then iteratively grew
small rectangles around the manually preselected reference
points. The detection of facial components is carried out
by searching for maximum output within the rectangular



region around the expected location of the component with
component classifiers of linear SVM. In the successful case,
the result of the approach yields the detection of both eyes
and the mouth. The technique employed in [14] is used in
[15] for face detection. Further, the coordinates of the position
of the maximum output of each component classifier was
recorded along with the value at that position. Then, each
detected component is represented by a triplet formed from x
and y coordinates as well as the value of the related position.
Thereafter, the set of triplets is used as input to the higher
level classifier for classification. The output of the upper-level
classifier is recorded in the final resulting image. The approach
is further applied to detect eyes. The Haar algorithm is applied
on frontal faces in [16]. Each facial image is divided into five
blocks that are further used as feature vectors to a one-class
SVM classification.

The above approaches either involve human intervention
in detecting and extracting facial components, employ geo-
metrical considerations and/or assumptions about the location
of faces components. Furthermore, most of these approaches
perform only with faces taken in the frontal view. We could
further remark that, in some cases, components are not detected
accurately (detected region larger than the component, detected
region includes two components e.g. the eye region includes
nose, the mouth region includes nose, etc.) or the detection
is limited to only certain components (both eyes and mouth
[14], eyes [15], etc.). Beside, the large number of techniques
employed in learning the location of facial components lead to
expensive computational time.
In this paper we propose an approach in which the pixels gray
level of each detected component are used to automatically
learn its location in the facial image. Furthermore, we applied
the k-means clustering classification to validate the set of
detected facial components.

The rest of the paper is organized as follows. Section 2
presents the techniques used to detect region of interest. The
determination of the location of each detected component
is described in section 3 and the validation is carried out as
well. The experimental results are discussed in section 4. A
conclusion is drawn and future works are presented in the last
section.

2. Materials and Methods
2.1. Description of the system

Our system consists of five main components: facial compo-
nents detection, coordinates computation, bounding box draw-
ing, convex hull extraction, and detected components classifica-
tion. Schematically, the structure of the system is given by the
flowchart in Fig. 1.

2.2. The Binarization Method

The binarization in our work is based on the standard deviation
and the mean of the input image [17]. These parameters are
used to compute a threshold that is used to split the image into
two parts: the foreground and the background.
An image Imn with m rows and n columns, is defined by
equation (1).
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Figure 1: Flow chart of the system

Imn =
n

(i, j , xij), xij ∈ {0, 1, 2, ..., 255}
0 ≤ i ≤ m− 1, 0 ≤ j ≤ n− 1,

where n, m ∈ N} (1)

The mean of the image is defined as follows:

µ =
1

mn

mX
i=1

nX
j=1

xij (2)

The standard deviation of the image is given by the formula:

σ =

vuut 1

mn

mX
i=1

nX
j=1

(xij − µ)2 (3)

Given σ and µ, the threshold is computed as follows:

τ = k1σ + k2µ (4)

In [17], it is specified that the values of k1 and k2 should
be chosen between 0 and 2, depending on the resolution quality



needed. In our work, we achieved a good binarization result
with k1 = k2 = 0.5.

Using τ , the obtained binary image can be defined as in
equation (5)

Bmn = {Bij , where , 0 ≤ i ≤ m− 1

and 0 ≤ j ≤ n− 1} (5)

is extracted from the image Imn and Bij is defined as follows:

Bij =

(
255 if xij > τ

0 otherwise
(6)

The face components then appear on the foreground of the bi-
nary image as shown in Fig 2. b). Thereafter, the algorithm
searches, detects and labels the connected components [18, 19]
of the binary image .

Figure 2: step by step results of the approach. a) Original face
images, b) Binary images, c) Connected components of binary
images, d) Detected Region Of Interest, e) Detected Region Of
Interest with rectangular boundaries, f) Original images with
the detected Regions of Interest

2.3. Connected Components Finding

Once an image has been binarized, both the components on
the foreground and the background could be viewed as a set
of classes of connected and similar pixels. Using this idea,
we applied the 4-connectivity technique to find the connected
components of the binary image Bmn into classes of related
pixels. The pixels of each class are assigned a unique label to
differentiate the class from other classes. It entails partionning
the binary image Bmn into classes c0, c1, c2, ..., ck−1, where k
is the number of connected components. Let’s call the resulting
image Cmn. Cmn is defined as :

Cmn =

k−1[
i=0

ci (7)

where

ci = {(l, k, ylk), where ylk = i,

0 ≤ l ≤ m− 1, 0 ≤ k ≤ n− 1} (8)

Fig 2. c) shows some examples of connected components of
binary images. An iterative strategy is used to remove the irrel-
evant components. Our algorithm firstly searches and removes
all the components with pixels touching the outer border of the
image. Then, the remaining components situated in the inner
face space are the most probable face components. Thereafter,
the size of each remaining component is computed as its to-
tal number of pixels. Base on the fact that, in the interior face
space, the biggest components are probable the eyes, the nose
and the mouth, the number of remaining components is tested.
If this number is greater than the number of targeted compo-
nents (which is four in our work), we successively select the
smallest components and set the pixels corresponding to their
labels to the background until reaching the threshold of four re-
maining components. In the successful case, the iteration stops
when these remaining components are the two eyes, the nose,
and the mouth.

2.4. Description of our Algorithm

Our algorithm could be briefly described as follows :
Given the connected components of the binarized image of the
face.

1) Search through the image, detect each connected compo-
nent with pixels region touching the outer border of the
image. Then, set the pixels corresponding to the label of
such components to the background.

2) Localize, compute and save the size of each remaining
components along with its label.

3) If the number of remaining components is greater than
four (the number of targeted components), successively
choose the smallest size and set the pixels of their
corresponding components through the image to the
background until reaching four remaining components.
After this step, the remaining components include the
targeted face components.

In the successful cases, the four remaining compo-
nents are the two eyes, the nose and the mouth.
Fig 2. d) are examples of images with only the detected
face components.



5) Compute the centroid of each detected components.

6) Apply the convex hull algorithm to the set of centroids to
represent the convex hull polygon of the detected facial
components.

7) Determine the triplet constituted by the angles at the
sides of the two centroids with the lower y-coordinates
and the absolute value of the difference of these angles.

8) Classify the triplet

2.5. Representation of the Regions of Interest

Instead of using a geometrical estimation or an assumption
about the location of face components, our approach exploits
the pixel coordinates of each detected component to determine
its location in the face. In other words, our algorithm searches
for the maximum x and y coordinates and the minimum x and
y coordinates belonging to the component, in the two dimen-
sional space spanned by the image. Fig 3. shows a geometri-
cal representation of the targeted coordinates around a detected
component.

Figure 3: Coordinates of a detected Region Of Interest in the
face image

In this figure, the coordinates Xmin, Xmax, Ymin, and
Ymax are found and used to deduce the coordinates of the four
points at the corners of the rectangular boundary containing the
component. Afterward, these coordinates are used to draw the
rectangular boundary of the region containing the detected com-
ponent as shown in Fig. 2. e). The coordinates are later shifted
to accurately represent the detected regions of interest in the
original image (See Fig. 2. f)), for the purpose of future ex-
traction. By exploiting the coordinates of pixels in the detected
components to determine their location in the face, we make no
assumption nor any geometrical estimation of the location of
components. Then, as shown in Fig 4., our approach is able to
detect perfectly, face components in different orientations.

After the facial components have been detected, it is not
guarantee that they are the correct ones. In the next section we
present a validation model of the detected region of interest.

Figure 4: Facial components detected in different orientations

3. Facial Components Validation
The input to our validation model are the centroids of the de-
tected facial components. Lets consider the finite set of points,
Sn

Sn = {Pi, i = 1, .., n} (9)

where n is the number of detected components, and Pi the cen-
troid of the ith detected component. The convex hull of Sn is
defined as the smallest 2D polygon Ω that contains Sn [20].
After testing our algorithm on the training set we found that, in
the successful components extraction, the output convex hull is
a triangle with the vertices placed at the centroids of the two
eyes and the mouth. It was also noticed that the angle at the two
eyes are most likely between 500 and 950 (See Fig 8). Once
the convex hull have been computed, we determine the triplet
formed by the angles on the sides of the two first centroids with
the lowest y-coordinates and the absolute value of their differ-
ence (Fig 9.). In the successful cases, the two centroids with the
lowest y-coordinates (Fig 3) are the two eyes. The set of triplets
is further used as input to the k-means (with k = 2) clustering
algorithm and the centroids of each class is extracted, one rep-
resenting the class of the set of successful detections, and the
other the set of incorrect detections. Finally, we applied the 1-
nearest neighbor algorithm to validate new detected facial com-
ponents. For a components-based face recognition system, this
classification step is important as the earlier detection of wrong
detected set of facial components could increase the efficiency
and speedup the recognition considerably.

4. Experimental Results
In our study, we assume that the image quality and the reso-
lution is sufficient enough, the illumination is uniform and the
input images are grey scale images. However, we made no re-
strictions on wearing glasses, make-up, hairstyle, beard, etc.



Figure 5: Histograms of detection rate of face components in
frontal, left, and right view

Figure 6: Histogram of detection rate of the system in different
orientations

Our system was implemented with Java and tested with
images from the Yale database. This database contains 575
face images with 92x112 pixels in size, taken in different
orientations. We carried out our test with 40 images. Fig. 5.
shows the histograms of detection rate of face components
in frontal, left, and right view. In frontal view, the ratio of
detection of the nose and the right eye is nearly 100%, the left
eye 80%, and the mouth over 86%. In left view, the ratio of
detection of the nose, the mouth, and the right eye is over 92%
and the left eye over 57%. The right view presents a ratio of
detection of 70% for the left eye, 90% for the right eye, 80%

Figure 7: Examples of challenging face images with hair cover-
ing a portion of the eye and with beard

Figure 8: Examples of face images with Convex Hull of de-
tected facial components

for the mouth, and nearly 100% for the nose.
The histogram of detection rate in various orientations is shown
in Fig. 6. It appears that the ratio of detection is nearly 92% in
frontal view, 85% in right view and over 83% in left view.

Facial images with hair covering a portion of the eye, or
with a beard are still slightly inaccurately detected by our
system. The detection problems come from the fact that, these
categories of face images merge more than one connected
component by establishing a link between them as shown in
Fig. 7.

5. Conclusion
We have presented a simple and fast approach of detecting
and validating facial components, that overcomes most of



the drawbacks of the previous works as it is straightforward
and fast as well as it performs automatically in different
orientations without any human intervention . No geometrical
consideration nor any assumption is employed to locate a
component. Thus, our approach yields accurate detection
of facial components. Experimentally, our system performs
on faces taken in different orientations and achieves a good
detection rate. In terms of application, our approach is suitable
for biometric identification in passports, driving licenses, and
identity books, where the detection needs to be as accurate as
possible for better recognition. However, there remain some
challenging cases to be solved: for instance, facial images
partly covered by the hair and some bearded faces. These
particular cases will be thoroughly examined in our future
works.

Figure 9: Examples of face images with the angles (θ0, θ1) at
the side of the two centroids with lowest y-coordinates (as de-
scribe in Fig 3). The absolute value of the difference of these
angles is ∆θ =| θ0 − θ1 | and the triplet is defined as:
(θ0, θ1, ∆θ); (a) face with successful detected components; (b)
face with an undetected component
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