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a b s t r a c t

This paper presents a novel emotion recognition model using the system identification approach.
A comprehensive data driven model using an extended Kohonen self-organizing map (KSOM) has been
developed whose input is a 26 dimensional facial geometric feature vector comprising eye, lip and
eyebrow feature points. The analytical face model using this 26 dimensional geometric feature vector has
been effectively used to describe the facial changes due to different expressions. This paper thus includes
an automated generation scheme of this geometric facial feature vector. The proposed non-heuristic
model has been developed using training data from MMI facial expression database. The emotion
recognition accuracy of the proposed scheme has been compared with radial basis function network,
multi-layered perceptron model and support vector machine based recognition schemes. The experi-
mental results show that the proposed model is very efficient in recognizing six basic emotions while
ensuring significant increase in average classification accuracy over radial basis function and multi-
layered perceptron. It also shows that the average recognition rate of the proposed method is
comparatively better than multi-class support vector machine.

& 2013 Elsevier Ltd. All rights reserved.

1. Introduction

In our day-to-day life, communication plays a very important
role. With the growing interest in human–computer interaction,
automation of emotion recognition became an increasingly crucial
area to work on. Facial expressions are a kind of nonverbal
communication. They are considered to be one of the most
powerful and immediate means of recognizing one's emotion,
intentions and opinion about each other. Mehrabian [16] found
that when people are communicating feelings and attitudes, 55%
of the message is conveyed through facial expression alone, vocal
cues provide 38% and the remaining 7% is via verbal cues. Ekman
and Friesen [3] did a rigorous study on facial expression and came
to conclusion that facial expressions are universal and innate. They
also stated that there are six basic expressions, these include
happiness, sadness, disgust, anger, surprise and fear. Much efforts
have gone towards the study of facial expression and emotion
recognition, initially by cognitive scientists and later by computer
vision researchers [27]. The Facial Action Coding System (FACS) [3]
is a human observer based system, developed to detect the
changes in facial features or facial muscles movements using 44

anatomically based action units. Determining FACS from images is
a very laborious work, and thus, during the last few decades a lot
of attention is given towards automating it. Automatic analysis of
facial features requires extraction of relevant facial features from
either static images or video sequences, which can either be
further classified into different action units (AUs) or can be applied
directly to the classifiers to give the respective emotion. Efficient
extraction of facial features from faces of different persons is a
crucial step towards accurate facial expression recognition.
Generally, two common types of features are used for facial
expression recognition: geometric features data and appearance
features data. Geometric features give clues about shape and
position of the feature, whereas appearance based features contain
information about the wrinkles, bulges, furrows, etc. Appearance
features contain micro-patterns which provide important infor-
mation about the facial expressions. But one major drawback with
appearance based methods is that it is difficult to generalize
appearance features across different persons. Although geometric
based features are sensitive to noise and the tracking of those
features is rather difficult, geometric features alone can provide
sufficient information to have accurate facial expression recogni-
tion [28]. We humans have a very extraordinary ability to
recognize expressions. Even if we are given a cartoon image
having only some contours, we can easily recognize the expression
[5]. In many cases, it is observed that features obtained from facial

Contents lists available at ScienceDirect

journal homepage: www.elsevier.com/locate/pr

Pattern Recognition

0031-3203/$ - see front matter & 2013 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.patcog.2013.10.010

n Corresponding author. Tel.: þ91 512 259 7854; fax: þ91 512 259 0063.
E-mail addresses: animam@iitk.ac.in (A. Majumder),

lbehera@iitk.ac.in (L. Behera), venkats@iitk.ac.in (V.K. Subramanian).

Please cite this article as: A. Majumder, et al., Emotion recognition from geometric facial features using self-organizing map, Pattern
Recognition (2013), http://dx.doi.org/10.1016/j.patcog.2013.10.010i

Pattern Recognition ∎ (∎∎∎∎) ∎∎∎–∎∎∎

www.sciencedirect.com/science/journal/00313203
www.elsevier.com/locate/pr
http://dx.doi.org/10.1016/j.patcog.2013.10.010
http://dx.doi.org/10.1016/j.patcog.2013.10.010
http://dx.doi.org/10.1016/j.patcog.2013.10.010
mailto:animam@iitk.ac.in
mailto:lbehera@iitk.ac.in
mailto:venkats@iitk.ac.in
http://dx.doi.org/10.1016/j.patcog.2013.10.010
http://dx.doi.org/10.1016/j.patcog.2013.10.010
http://dx.doi.org/10.1016/j.patcog.2013.10.010
http://dx.doi.org/10.1016/j.patcog.2013.10.010


contours alone can convey adequate information to recognize
various expressions on the face.

The goal of this work is to introduce a completely automatic
method of facial expression recognition using geometric facial
features alone. The features extracted from the region of the eyes,
eyebrows, lips, etc. play a significant role in providing sufficient
information to recognize the presence of any of those six basic
expressions. To remove planar head motion effects and scaling
issues in subsequent image frames, all the feature parameters are
calculated as the ratio of current values to those of the reference
frame. This includes methodologies for detection of different facial
features, such as eyebrow contours, state of eyes, lip contour and
key points detection for each of the features. We also introduce
methodologies to make the features rotation and illumination
invariant. In order to come up with very accurate facial expression
recognition results, a good classifier is extremely desirable. We
propose a classification method using Kohonen Self-Organizing
Map (KSOM) [31,7] to classify the features data into six basic facial
expressions. KSOM has an extra-ordinary ability to arrange the
data in an order that maintains the topology of the input data. The
features data are first clustered using KSOM, then the cluster
centers are used to train the data for recognition of the basic
different emotions. To evaluate the performance of the proposed
classification method, we compare the proposed approach with
three widely used classifiers: radial basis function network (RBFN),
3 layered multilayer perceptron (MLP3) and support vector
machine (SVM).

The rest of the paper is organized as follows. Section 3 presents
segmentation and key features extraction techniques of the most
important geometric features. Section 4 describes the architecture
of SOM and the methodologies involved in applying 26 dimen-
sional data to the SOM network for clustering the features data
into basic six emotion zones. The section is followed by system
identification using self-organizing map that creates a model by
solving least square error of a supervised training system. Experi-
mental results are given in Section 5 and finally in Section 6,
conclusions are drawn.

2. Related works

Facial expression analysis approaches can be broadly classified
into three basic stages: face detection, facial features extraction,
facial expression classification. For decades, researchers are work-
ing on human facial expression analysis and features extraction.

Substantial efforts were made during this period [26,27,30,23].
Major challenge was the automatic detection of facial features.
Representation of visual information in order to reveal the subtle
movement of facial muscles due to changes in expression is one of
the vital issues. Several attempts were made to represent the
visual informations accurately. Some of them are: optical flow
analysis [14], local binary patterns (LBPs) [22], level set [23], active
appearance model (AAM) [14], geometric analysis of facial features
[32]. The major drawback with model based methods like AAMs
and ASM is that they need prior information about the shape
features. Generally, during the training phase of AAM and ASM,
the shape features are marked manually [11]. Moore et al. found
appearance based features by dividing the face image into sub-
blocks. They used LBPs and variations of LBPs as texture descrip-
tors [17]. Gu et al. [5] used contours of the face and its components
with a radial encoding strategy to recognize facial expansions.
They applied self-organizing map to check the homogeneity of the
encoded contours. Kobayashi and Hara [8] modeled local facial
features using geometric facial points. Zang et al. [32] used
geometric components of facial points along with multi-scale
and multi-orientation Gabor wavelet coefficients computed from
every pixel of facial images.

Many techniques have been proposed for classification of facial
expressions, such as multilayer perceptron (MLP) [33], radial basis
function network (RBFN) [21,13], support vector machine (SVM)
[1] and rule based classifiers [27].

3. Automatic facial features extraction techniques

The first and most crucial aspect of automatic facial expression
recognition is the accurate detection of the face and prominent
facial features, such as eyes, nose, eyebrows and lips. We present
an analytical model shown in Fig. 1, consisting of 23 facial points
which can describe all six basic facial expressions in frontal face
images. The details of the 23 facial points are given in Fig. 1. We
extract 26 dimensional geometric facial features using the concept
of the analytical face model. The 26 dimensional geometric
features are consisting of displacement of 8 eyebrow points, 4 lip
points along x- and y-direction and projection ratios of two eyes.
The displacement or movement of facial features is calculated
using the neutral expression as reference where nose tip also plays
the role in calculating the features displacement. Explanation of
this part is given in Section 3.6.

Fig. 1. Facial points of the frontal image.
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3.1. Face detection

Face detection is considered as one of the most complex and
challenging problems in the field of computer vision, because of
the large intra-class variations caused by the changes in facial
appearance, pose, lighting, and expression. The first and most
significant step of facial expression recognition is the automatic
and accurate detection of the face. We use Paul Viola and Michael
Jones' face detection algorithm [29] to extract the face region. The
face detection is 15 times quicker than any technique so far with
95% accuracy at around 17 fps. They use simple rectangular (Haar-
like) features which are equivalent to intensity difference readings
and are quite easy to compute.

3.2. Eye detection and eye features extraction

Accurate detection of eyes is desirable since eyes' centers play a
vital role in face alignment and location estimation of other facial
features [18], like lips, eyebrows, nose, etc. After the face is
detected, we first estimate the expected region of eyes using facial
geometry. In frontal face images the eyes are located in the upper
part of the face. Removing the top ð1=5Þth part of the face region
we take the first ð1=3Þrd vertical part as the expected region of
eyes. We use Haar-like cascaded features and the Viola–Jones'
object detection algorithm to detect the eyes.

The key challenge in eye state detection is due to the presence
of eyelashes, shadows between eyes and eyebrows, too little gap
between eyes and eyebrows. Moreover, the eye corners are
situated in the skin region and do not have any distinct gray scale
characteristics. To overcome these problems, we propose an
effective eye states' detection technique using horizontal and
vertical projections applied over the threshold image of eye's
non-skin region. It can be assumed that the extend of opening of
the eye is directly proportional to the maximum horizontal
projection. To threshold this transformed image, an adaptive
thresholding algorithm is proposed here, which is based on
Niblack's [19] thresholding method, generally used to segment
document images for optical character recognition. Niblack's

method gives the threshold value within a local window.
It calculates the threshold value for every pixel using local mean
and local standard deviation. It yields effective results for docu-
ment image segmentation but its performance is very poor in our
case. With slight modifications the algorithm in its present form
[15] gives good segmentation results. Niblack's adaptive thresh-
olding algorithm is given as

Tlocalðx; yÞ ¼ μlocalðx; yÞþk� slocalðx; yÞ ð1Þ

s2localðx; yÞ ¼
1
w2 ∑

yþw=2

j ¼ y�w=2
∑

xþw=2

i ¼ x�w=2
ððμlocalðx; yÞ� f ði; jÞÞ2

" #
ð2Þ

μlocalðx; yÞ ¼
1
w2 ∑

yþw=2

j ¼ y�w=2
∑

xþw=2

i ¼ x�w=2
f ði; jÞ

" #
ð3Þ

and the proposed algorithm is given as

Tlocalðx; yÞ ¼ μglobalðx; yÞþk� slocalðx; yÞ ð4Þ

μglobalðx; yÞ ¼
1

M � N
∑
N

j ¼ 0
∑
M

i ¼ 0
f ði; jÞ

" #
ð5Þ

where Tlocalðx;yÞ is the threshold value of the pixel located at (x,y)
coordinate computed within a window ðwÞ of size 7. slocalðx; yÞ is
the standard deviation and is obtained from local variance, μlocal is
the local mean and μglobal is the global mean. M � N is the size of
eye ROI image, k is taken as 5 and window w size is 7�7. The
projection ratio is taken, rather than individual projection values,
to remove scaling issues. According to Peer [10], one of the simpler
methods for skin classification is as shown in the steps given
below. It can be observed that the skin region is mainly dominated
by the red color component compared to green and blue color.
Red, green and blue components ðRðx; yÞ, Gðx; yÞ, Bðx; yÞÞ are
extracted from the eye region. Since the red color component
dominates the skin region, the normalized red component is
obtained as follows. Normalization is necessary to eliminate the
effect of brightness variation:

0.875

0.80

0.5714

0.3846

0.2857

Fig. 2. Examples of eye segmentation, key feature points detection and projection ratios.
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hrðx; yÞ ¼
255� Rðx; yÞ

Rðx; yÞþGðx; yÞþBðx; yÞ ð6Þ

hðx; yÞ ¼ hrðx; yÞ�minx;y hrðx; yÞ
maxx;yhrðx; yÞ�minx;y hyðx; yÞ

ð7Þ

Pr ¼
max ∑N

j ¼ 1Iðxi; yjÞ
max ∑M

i ¼ 1Iðxi; yjÞ
ð8Þ

where hrðx; yÞ is the normalized red component. The eye region is
extracted from the skin region by using a transformation given by
hðx; yÞ. After segmenting the non-skin region of eyes, horizontal
and vertical projections method is used over the threshold image
to obtain maximum vertical projection and maximum horizontal
projection. Assuming Iðxi; yjÞ as a threshold value of a point with
ðxi; yjÞth coordinate in the eye region. The projection ratio is
calculated using Eq. (8), where ∑N

j ¼ 1Iðxi; yjÞ is the horizontal
projection, ∑M

i ¼ 1Iðxi; yjÞ is the vertical projection for the image of
size M�N and Pr is the projection ratio. Before applying the
method to find projection ratio, the largest connected region is
extracted from the threshold image. This is done to eliminate the
effect of noises. Fig. 2 shows a few examples of eye features
detection. The first column shows eye images starting from widely
open to nearly closed, the second column gives the threshold
result, the third column gives the largest contour detected, the
fourth column shows the detection results of key feature points
and last column demonstrates the corresponding projection ratios.
Fig. 3 depicts the plot of projection ratios for the sample images
given in Fig. 2. The plot demonstrates how the eye projection ratio
is modulated by changes in the state of the eye opening.

Algorithm 1. Steps for skin classification.

1: ðR;G;BÞ is classified as skin if R495;
2: and G445 and B420 and maxfR;G;Bg�minfR;G;Bg415;
3: and jR�Gj415 and R4G and R4B.

Algorithm 2. Eye feature points detection technique.

1: Using contour detection algorithm [24] gather all the
contours from the threshold image.

2: Retrieve the largest contour and save the contour's data into
an array.

3: Find the two extreme x-coordinate values of the largest
contour, i.e., largest and smallest x coordinate values. Get
the corresponding y-coordinates. The obtained points as left
and right extreme feature points.

4: To detect upper and lower mid points of eyes, get the
expected x-coordinate as x¼ ðx1þx2Þ=2, where x1, x2 are
two extreme points. Then, find the nearest x-coordinate
values to the expected x-coordinate value. Set a constraint
within the search region for both x-direction and y-direction
to keep the search within the ROI.

5: Among the two points, consider the lower mid point as the
point with larger y-coordinate value and upper mid point as
the point with smaller y-coordinate value.

3.3. Eyebrow features extraction

The steps involved in this section include: eyebrow location
estimation, pseudo-hue plane extraction, segmentation, contour
extraction and, finally, key points detection. The objective of this
process is to obtain a set of key points (a vector) which can
adequately describe the characteristics of the eyebrow and can be
further used to recognize facial expression.

Eyebrow location is estimated using basic facial geometry.
As we are using frontal or nearly frontal face images, the eyebrow
region will be found slightly above the eye region. Taking each eye
region as a reference, we estimate the expected eyebrow region
(which will take into account the possible movements of eyebrow
in successive frames). Height of the eyebrow ROI is estimated as
1.5 times the eye ROI height.

3.3.1. Eyebrow pseudo-hue plane extraction
We now introduce a new eyebrow segmentation method based

on color that we find to be a significant improvement over other
reported methods [2,12]. It is well known that eyebrow hair consists
of two types of pigments called eumelanin and pheomelanin.
Pheomelanin is found to be there in all human beings and comprises
red color information. We extract a pseudo-hue plane of the eyebrow
region, based on this fact which tells us to expect that the eyebrow
hairs has more of red color information than green. Fig. 4 shows an
example of pseudo-hue images obtained after applying the algo-
rithm. A clear distinction between eyebrow and non-eyebrow
regions can be observed in the pseudo-hue images obtained.

Algorithm 3. Method for extracting pseudo-hue plane of eyebrow
region.

1: Get the eyebrow ROI.
2: Split the RGB image of eyebrow ROI into HSI component

planes. Enhance the contrast of the region by applying
histogram equalization over the intensity plane. Marge back
all the planes.

3: Extract the red, green and blue components of the image
obtained from the above step.

4: Obtain the pseudo-hue plane of eyebrow as h¼ r=ðgþbÞ for
all the pixels. where r, g and b are red, green and blue
components of each pixel.
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Fig. 3. The plot shows the projection ratios for the sequence of progressively
closing eye images given above. The x-axis shows the image number, and the y-axis
computes the corresponding projection ratio.

Fig. 4. Eyebrow features' detection steps: top row left image shows the pseudo-hue image obtained from a still image, top right image shows the thresholded image of the
plane, bottom left image gives the largest eyebrow contour, and bottom right shows four key points extracted.
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5: For an image of size M � N
6: for i¼0 to M�1 do
7: for j¼0 to N�1 do
8: The pseudo-hue is normalized as follows:

hnormði; jÞ ¼ ðhði; jÞ�minðhÞÞ=ðmaxðhÞ�minðhÞÞ where hnorm is
the normalized (0 - 1) pseudo-hue, min(h) and max(h) are
the minimum and maximum of the pseudo-hue value
obtained over ROI in step 3. The pseudo-hue plane is scaled
to an 8 bit image representation by multiplying hnorm with
255.

9: end for
10: end for

3.3.2. Eyebrow segmentation, contour extraction and key-points
detection

The pseudo-hue plane extracted in Section 3.3.1 shows a clear
distinction between eyebrow and skin regions. The plane is
normalized to eliminate the effect of intensity variation. The
normalization method is explained in Algorithm 3. The adaptive
thresholding algorithm described in Section 3.3 is now applied to
the pseudo-hue plane. A window of size 7�7 is taken to calculate
the threshold iteratively. The thresholding method uses summa-
tion of global mean and constant k times local standard deviation
to calculate the threshold. k is chosen as 0.5.

Morphological operations, erosion followed by dilation are
applied on the thresholded image for 2–3 iterations to remove
classification-induced near the eye region and boundary region
(due to the presence of hair and eye lids near the boundary
region). A contour detection method is used on the thresholded
image to extract all the contours within the eyebrow region. The
eyebrow feature points are detected by a process similar to the one
described in Section 3.2. Fig. 4 shows an example of the eyebrow
pseudo-hue plane, threshold image of the plane, contour extracted

from the threshold image and four key points extracted from the
largest contour.

3.4. Nose features detection

For a frontal face image, the nose lies below the eyes. Fig. 5
shows a pictorial description of its approximate nose position.
Using this information of facial geometry, we estimate the nose
position.

It is observed, generally the nostrils are relatively darker than
the surrounding nose regions even under a wide range of lighting
conditions. We apply a simple thresholding method on the gray
image of nose ROI followed by conventional morphological opera-
tions that remove noises and thus, have a clear distinction
between two nostrils. The contour detection method [24] is
applied to locate two nostrils contours. The centers of these two
contours are considered as the two nostrils.

3.5. Lip features extraction

Algorithm 4 lists the steps of lip region extraction technique.
Next step is to detect the lip contour from the estimated lip region.
A color based transformation method is used to extract lip from
the expected region. The method was originally proposed by
Hulbert and Poggio [4] and it can be given as follows:

hðx; yÞ ¼ Rðx; yÞ
Gðx; yÞþRðx; yÞ ð9Þ

where hðx; yÞ is the pseudo-hue plane obtained after transforma-
tion. The lip segmentation result obtained after applying the
above equation gives a clear distinction between red and green
components within lip region and non-lip region. The obtained
transformed plane is normalized to make it robust to change in

Fig. 5. Estimated location for nose and lip.
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intensity. The normalization method is given as

kðx; yÞ ¼ hðx; yÞ�minðhÞ
maxðhÞ�minðhÞ ð10Þ

where k is the normalized (0–1) pseudo-hue, min(h) and max(h)
are the minimum and maximum of the obtained pseudo-hue
respectively. The pseudo-hue plane is scaled to 8 bit image
representation by multiplying k with 255. An adaptive threshold-
ing method is applied over the normalized pseudo-hue plane to
segment the lip region.

Algorithm 4. Steps to estimate lip region.

1: Get the eye centers ðx1; y1Þ and ðx2; y2Þ after detecting face
and eye using Haar-like cascaded features [29].

2: Detect nose using Haar-like cascaded features within the
estimated nose region. Denote the height of the nose as
nheight.

3: Estimate mouth region as follows:
1. The mouth rectangular region can be given as
rectðxl; yl;hl;wlÞ, where xl and yl are the x and y coordinates
of left upper corner point, hl is the height and wl is the
width of the rectangle.
2. hl is taken as 1.5 times to that of the height of the nose
nheight taking into consideration that the expected lip
movements will be covered within the region.
3. Width wl is taken as ðx2�x1Þ, i.e., distance between two
eye's centers along x-axis. The xl and wl are increased with
certain values so that it will cover the area when the person
smiles or for any kind of mouth expansion.

3.5.1. Comparison of proposed approach with snake algorithm
The snake algorithm introduced by [6] is a well established

method. But in practice, it is very difficult to fine tune its
parameters and as a result it often gets converged to a wrong lip
contour. Preservation of the lip corners is also difficult with snake

algorithm. Beyond all these drawbacks, use of snake algorithm
needs proper initialization of the starting contour (i.e., an initial
contour must be set closer to the actual lip shape which is in
reality often unknown to us). Moreover, it is highly computation-
ally expensive as it may need many iterations to actually converge
to the lip contour. Fig. 6 shows an example of snake applied over a
still image taken from the FEI database [25]. The parameters are
chosen as α¼ 0:01, β¼ 1:0 and γ ¼ 0:1 for both (a) and (c) with
initial contours taken slightly different from each other. The results
of the snake are shown in (c) and (d). The parameters are chosen
after several trail and error. The result shows how the accuracy of
snake depends on the choice of initial contour. In the first row of
Fig. 7 we show some of the snake results obtained after applying
the snake algorithm on a video (taken from MMI database [20]).
The white colored contour is the initial contour given to the snake
algorithm and the yellow colored contour is the resultant lip
contour. The second row of the figure shows the lip contour found
by using our proposed lip contour detection algorithm.

The result shows the improved accuracy of our algorithm
compared to the snake algorithm. The frames are given the same
initial parameters (α¼ 0:01, β¼ 1:0 and γ ¼ 0:1) and with initial
contours very close to the actual lip contour (shown by the white
line). The yellow (darker) line shows the corresponding snake
results obtained. The results could have been improved by chan-
ging the parameters, but in general, when we are tracking lip
movements in a video clip, we cannot change the parameter, as
the nature of the outcome is unknown to us in each video frame.
With the use of our proposed lip contour detection method, such
problems are entirely eliminated and we get reasonably accurate
lip contours without depending on any kind of initial parameter
inputs or contour initialization.

3.6. Lip mid-points and corner-points detection technique

Lip key-points, i.e., two lips corners and upper and lower mid
points of the lip are extracted using a similar method to that used

Fig. 6. The initial four images show lip contour detection results of a still image after applying snake algorithm with same initial parameters, but slightly different initial
contours. The image shows the result of our proposed method obtained without any prior information. (a) Initial contour, (b) snake result, (c) initial contour, (d) snake result
and (e) our result

Fig. 7. The first row in the figure shows few examples of the lip contours detection results from video sequences found after applying snake algorithm. The initial parameters
used for snake are α¼ 0:01, β¼ 1:0 and γ ¼ 0:1. The outer contour is the initial contour given to snake algorithm and the inner contour is the snake result. The second row
shows the results of those image sequences using our proposed algorithm. (For interpretation of the references to color in this figure caption, the reader is referred to the
web version of this paper.)
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for eyebrow key-points extraction given in Section 3.3.2. The
displacement of each of the feature points with respect to its
location in the neutral frame is considered as displacement data.
This displacement data contains information about facial muscle
movements which will in turn indicate the facial expression. The
extended KSOM uses this displacement data as an input vector to
train the network to classify different facial expressions. The first
frame of video clip (taken from MMI database) is considered as the
neutral frame as it is observed that usually, the clip starts with a
neutral expression.

Following steps explain calculation of displacement data at
each feature point:

1. A reference along y-axis taken as ðx¼ ðx1þx2Þ=2; yÞ to measure
movement of eyebrow feature points along horizontal direc-
tion. Two references along x-axis are taken as y1 and y2 to
measure vertical movement of left and right points respec-
tively, where ðx1; y1Þ and ðx2; y2Þ are the two eye's centers.

2. Horizontal distances of the neutral frame's eyebrow feature
points are calculated from the references. ðx�browptxÞ and
ðbrowptx�xÞ for left eyebrow features and right eyebrow
features respectively. Similarly, vertical distances are calculated
as ðy1�browptyÞ and ðy2�browptyÞ, where (browptx; browpty)
are coordinates of each eyebrow feature points.

3. Using the similar method given in step 2 the horizontal (hdist) and
vertical (vdist) distances of feature points in subsequent frames are
calculated. Finally, the relative displacement of the feature points
are measured as the difference between neutral frame's distance
to the successive frames' distance from the reference.

4. The displacement data are multiplied with a scaling factor
ðxscale=yscaleÞ where xscale is given as standard x-scale divided by
distance between two eye's centers (xstandard=ðx2�x1Þ). And
yscale is given as (ystandard=ðnosehÞ), where noseh is the height of
the nose which is given as y-coordinate of nose tip subtracted
from the average of two eye's y-coordinates. xstandard and
ystandard are chosen as 72 and 46 respectively.

5. Considering the nose tip as a reference point, the above
procedure is followed to measure the displacement of lip
feature points in both vertical and horizontal directions.

4. SOM based facial expression recognition

Kohonen self-organizing map (KSOM) [9] has an extra ordinary
capability of clustering the data in an order that maintains the
topology of input data. Because of this property of KSOM, the
features data of similar facial expressions (small changes in
features) get clustered into closer zones. This in turn makes the
classification much better. This property of KSOM motivates us to
use it for classifying the features data into six basic expressions.
From the ontological prospective, the emotion space may not be
topologically related. But in feature space there might exist
topological relationship. Our present experimental results suggest
this. Fig. 8 shows the flow diagram of the proposed SOM based
facial expression recognition system. The normalized feature
vector XAR26 is used to train KSOM network for classifying data
into six basic emotion classes. A pictorial description of KSOM is
shown in Fig. 9. KSOM discretizes the input and output spaces into
several small zones, which also creates a linear mapping between
input and output space. Since we want the output space to be
discrete in nature, a logistic sigmoid function has been introduced
after network output. The output of sigmoid function is further
thresholded to yield either �1 or 1. For a given input vector x, say
if the desired output is for happiness data, we set the desired
output as {1 �1 �1 �1 �1 �1}. It means, the first bit that
represents happiness is true and others are false.

4.1. SOM based system identification for emotion classification

The KSOM maps a high-dimensional space Rk to much lower
dimensional space, usually one or two dimensions. The informa-
tions get compressed yet preserve matrix relationships of basic
data, hence produces some kind of abstractions of informations.
Fig. 9 shows an example of a two dimensional KSOM. The
intension is to derive an extended KSOM based mathematical
model using the sets of experimental features data and desired
output vector. A 2D KSOM lattice network of size 10�8 is used to
train feature vector x¼ ½x1;…; xm�T AR26. For each node j in the 2D
lattice structure, 3 parameters: weight vector Wj ¼ ½wj;1;wj;2;…;

wj;26�T AR26, matrix AAR6�26 and bjAR6 a bias vector parameter
are assigned. During training, each input vector X is compared
against all the Wj to find the location of close match. The winning
node named Best Matching Unit (BMU) denoted as i is given as
follows:

i¼ arg min
j

JxðnÞ�wj J ð11Þ

For a feature vector x, the network output vector zAR6 is obtained
as the weighted average of over all neurons' output within the
neighborhood function. The neuron closer to the BMU is given
higher weightage (hj;i) than those neurons which are far away,
where the Euclidean distance dj;i between the BMU and each
neuron is given in Eq. (17), s is initially taken to be very large and
gradually decreased at each iteration. The output vector zjðnÞAR6

at node j and entire network output vector zðnÞAR6 for the nth
iteration are given as follows:

zjðnÞ ¼ bjðnÞþAjðnÞ½x�wjðnÞ� ð12Þ

zðnÞ ¼
∑M�N

j ¼ 1 hj;iðnÞzjðnÞ
∑M�N

j ¼ 1 hj;iðnÞ
ð13Þ

Training video clips

features
Eye Eyebrow

features
Lip

features

Image Preprocessing

Features extraction

SOM based training

Emotion
model

Fig. 8. System diagram of the proposed training approach.
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hj;iðnÞ ¼ exp � d2j;i
2s2

 !
ð14Þ

where hj;iðnÞ is the neighborhood function, Δx¼ x�wj for input
vector xAR26 and corresponding weight vector wjAR26 at the
node j. The weight vector of each node j within the neighborhood
is updated to make them more like input vectors. The closer the
node is to the BMU i, the more its parameters get altered. The
weight update rule at node j and iteration n is given as

wjðnþ1Þ ¼wjðnÞþαðnÞhj;iðnÞ½xðnÞ�wjðnÞ� ð15Þ

αðnÞ ¼ α0 � ðαf =α0Þn=NOD ð16Þ

d2j;i ¼ Jrj�ri J2 ð17Þ

sðnÞ ¼ s0 � ðsf =s0Þn=NOD ð18Þ

where αðnÞ is the learning rate at iteration n, α0 is the initial
learning rate, αf is the final learning rate and NOD is the total
number of iteration needed for training. The Euclidean distance
between BMU i and node j is given by dj;i, sðnÞ is the radius of the
neighborhood at iteration n. α0 and αf are chosen to be 0.95 and
0.005 respectively. s0 is the initial radius, sf is the final radius, The
learning rate αðnÞ and the neighborhood radius sðnÞ gradually
diminishes with each iteration. Around 20,000 input displacement
data are used to train KSOM after randomizing and normalizing
the data. Randomization of data is very essential for training each
zones of the lattice uniformly. The network output is passed
through a sigmoid function and each dimension of the final output
vector y is checked against each dimension of the network output
vector z. Result of final output node k which is yk is given as

yk ¼ 1 if
1

1þe� zk
Z0:5 ð19Þ

yk ¼ �1 if
1

1þe� zk
o0:5 ð20Þ

where kAf0;…;5g. The training of the parameters bj and Aj is
done simultaneously along with weight vector Wj. The parameters
are updated using error correction learning, which can be imple-
mented by applying gradient descent method over the cost
function E. Since output depends on the logical operations and
output yk is either �1 or 1, we need to use different objective
functions or cost function instead of squared error norm, for the
optimization problem. Here we consider perceptron criterion for
cost function E which can be defined as

E¼ 1
M

∑
M

k ¼ 1
maxð0; �ydkzkÞ ð21Þ

Ek ¼maxð0; �ydkzkÞ ð22Þ

Fig. 9. Pictorial description of a 2D KSOM network for input vector x.
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Fig. 10. Error in pixels for eyebrow and lip feature points detection results when
compared with ground truth.
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where Ek is the error at output node k. The term maxð0; �ydkzkÞ is
zero if output at node k, yk is predicted correctly. Otherwise, it is
same as the confidence in the miss prediction. The parameters will
be updated only if there is a loss, i.e., when the node at output does
not match with the desired output component. Stochastic gradient
descent approach is applied to update the parameters. The update
rules of the parameters bj and Aj are as shown in Algorithm 5.

Algorithm 5. Parameters update rules.

1: if zk40: resultant output yk¼1

maxð0; �ydkzkÞ ¼
0 if ydk ¼ 1

zk if ydk ¼ �1

(

2: if zko0: resultant output yk ¼ �1

maxð0; �ydkzkÞ ¼
zk if ydk ¼ 1

0 if ydk ¼ �1

(

3: The derivatives of the cost function with respect to the
parameters at each output node k are given as

δEk
δbj;k

¼ � ðydk �ykÞhj;i
∑M�N

j ¼ 1hj;i
(23)

δEk
δak;j

¼ � ðydk �ykÞ�hj;iðx�wjÞ
∑M�N

j ¼ 1hj;i
(24)

where ak;j is the kth row of the matrix A at the input node
(node in SOM network) j.

4: When zk¼0, sigmoid function output shown in Eq. (19) is
0.5 and since yk is set to 1 for this case, we add a small
positive value to zk so that it follows the first update rule.

5: The updates of parameters bj and Aj are thus given as
follows:

bjðnþ1Þ ¼ bjðnÞ�η δE
δbjðnÞ

(25)

Ajðnþ1Þ ¼ AjðnÞ�η δE
δAjðnÞ

(26)

η¼ ηI � ηF
ηI

� � n
NOD (27)

where η is the learning rate and ηI is the initial learning rate set
to 0.9 , ηF is the final learning rate set to 0.005, n is the nth
iteration and NOD is the total number of data.

5. Experimental results and discussion

This section presents the results of features detection and
classification of facial expressions into six basic emotions (happiness
(H), sadness (Sa), disgust (D), anger (A), surprise (Sur), fear (F))
demonstrating the accuracy of the proposed methodologies. We used
the publicly available and well-known MMI database [20] for our
research purpose. Some examples of the facial features detection
results are displayed in Fig. 11. In our experiments, we used 81

Fig. 11. Examples of facial features detection results using proposed methods.
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different video clips from the MMI database. The selected video clips
fall into one of the six basic emotions. There are in total 12 different
subjects. Each subject is showing all the six basic expressions. The
directional displacement along x- and y-coordinate of each facial
points are used as input feature for training the KSOM. First the
KSOM is clustered to ordered zones. The clustered weights are
further used to model the six basic emotions as a function of 26
directional displacement features data. The performance of the
detection results is evaluated by comparing them against the ground
truth (manually marked feature points). Fig. 10 shows the average
detection error of the 4 lips feature points and 4 eyebrow feature
points, in terms of pixels distance. The data are taken from one video
clip. The lip height and width in a neutral expression in that video
clip are 33 and 65 respectively. Also, the eyebrow height and width in
neutral face are 1 and 55 pixels respectively. The error is calculated
using average Euclidean distance for all the four lip/eyebrow points
against the manually detected lip/eyebrow points. The average of the
total errors for eyebrow and lips features points are 1.45 and 2.81
pixels respectively which can be considered as very less.

The second part of the experimental results focuses on the
determination of classification accuracy obtained on using pro-
posed KSOM based classification method. Table 2 demonstrates
the classification accuracy when it is tested with new displace-
ments data. The KSOM classification accuracy is found to be
highest (98.33%) for anger and least (88.7%) for sadness with
average recognition rate as 93.53%.

The classification accuracy of KSOM based method is compared
against three widely used classifiers: RBFN [21,13], MLP3 [33] and
multi-class SVM [23]. A parametric comparison is shown in Table 1.
Parameters are set after several hit and trial method. RBFN uses 50
hidden layer. The s value for each dimension in each of the hidden
layer is updated during the training process. MLP3 uses 10 neurons in
the hidden layer and sigmoid function at each hidden layer. The
standard library libSVM is used for SVM based classification. It uses
one-against one method that needs 15 SVMs for 6 class classification
problem. Radial basis function (RBF) kernel which is observed to be
giving best accuracy is used in SVM based training. Average recogni-
tion rate using RBFN is found to be 66.54% along with highest
recognition rate as 82.36% for the facial expression showing surprise
and lowest recognition rate as 47.9% for disgust. The average
recognition rate for Multilayer perceptron having one hidden layer
(MLP3) is 72.15% with highest recognition rate 97.3% for happiness

and lowest 54.61% for disgust. Recognition accuracy of the proposed
method is observed to be comparable to widely used multi-class
SVM. The average recognition rate of multi-class SVM is 92.53% with
highest recognition rate 98.33% and lowest 88.10%. Tables 3–5 show
the confusion matrices for RBFN, MLP3 and SVM based classification
methods respectively.

6. Conclusions

A completely automated system for facial geometric features
detection and facial expression classification is proposed. We
introduce different techniques to detect eyebrow features, nose
features, state of eyes and lip features. The proposed eye state
detection method gives a clear distinction between different states

Table 2
Confusion matrix of emotion recognition for the 26 dimensional geometric features
data using KSOM. The emotion classified with maximum percentage is shown to be
the emotion detected.

H Sa D A Sur F

H 90.5 3.32 2.44 3.66 0 0
Sa 0 88.7 1.89 0 5.66 3.77
D 0 2.38 95.2 2.38 0 0
A 0 1.67 0 98.3 0 0
Sur 0 0 0 0 98.1 1.85
F 0 0 4.88 0 4.88 90.2

Table 3
Confusion matrix of emotion recognition for the 26 dimensional geometric features
data using RBFN. The emotion classified with maximum percentage is shown to be
the emotion detected.

H Sa D A Sur F

H 72.6 21.2 6.3 0 0 0
Sa 1.4 56.6 38.5 4.0 0 0
D 0 7.5 47.9 27.8 16.8 0
A 0 2.01 15.85 75.9 6.2 0
Sur 0 0 0 11.3 82.4 6.37
F 0 0 1.2 8.2 26.6 63.9

Table 4
Confusion matrix of emotion recognition for the 26 dimensional geometric features
data using MLP3. The emotion classified with maximum percentage is shown to be
the emotion detected.

H Sa D A Sur F

H 97.3 2.7 0 0 0 0
Sa 5.27 55.2 39.5 0 0 0
D 3.65 9.01 54.6 23.8 8.92 0
A 2.6 0 16.2 79.3 0.8 0.1
Sur 0 0 6.0 21.66 71.4 0.9
F 0 0 3.6 11.6 9.91 75.1

Table 5
Confusion matrix of emotion recognition for the 26 dimensional geometric features
data using SVM. The emotion classified with maximum percentage is shown to be
the emotion detected.

H Sa D A Sur F

H 91.5 3.66 2.44 2.44 0 0
Sa 1.88 86.4 2.24 3.77 5.66 0
D 0 2.38 90.5 7.14 0 0
A 1.67 0 0 98.3 0 0
Sur 1.88 0 0 0 98.1 0
F 4.76 2.43 2.43 0 0 90.4

Table 1
Details of parameters setting.

SOM RBFN MLP3 SVM

2D lattice network of size 10�8 50 radial centers 10 neurons in hidden layer 15 SVMs for 6 class classification
Logistic sigmoid at output node Gaussian radial function at centers Sigmoid function at hidden layer Radial basis function (RBF) as kernel
Neighborhood radius s initial¼3.5,

final¼0.001
Each center's sigma updated at each
iteration

Penalty weight C¼1, RBF radius
γ ¼ 0:10

5 generations 10 generations 10 generations 100 generations
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of eye opening. The detection results for eyebrow feature points
and lip feature points are compared against the ground truth. It is
observed that for a neutral face having lips with height and width
33 and 65 pixels respectively, the average detection error is only
2.81 pixels. And for eyebrows with height and width 15 and 55
respectively, the average error is 1.45 pixels, which can be
considered as very less.

A new mechanism is introduced based on 2D KSOM network to
recognize facial expression that uses only a 26 dimensional
geometric feature vector, containing directional displacement
information about each feature point. The KSOM network para-
meters are updated simultaneously to train the model for six basic
emotions as a function of 26 directional displacement data.
Experimentation is carried out over 81 video clips taken from
MMI database. An average recognition rate of 93.53% is achieved
using the proposed KSOM based recognition method, with the
highest recognition rate as 98.33%. The performance of the
proposed method is compared with three widely used classifiers:
RBFN, MLP3 and multi-class SVM. The average recognition accu-
racy using RBFN is found as 66.54%, which is much lower than the
recognition rate found using our proposed method. MLP3 gives
comparatively better performance than RBFN with average recog-
nition rate 72.15%. However, MLP3 achieved highest recognition
rate for happiness data (97.3%) among all the four classification
methods. On the other hand, the KSOM based recognition method
gives much better performance on average than RBFN and MLP3.
The performance of KSOM is increased by 1% as compared to the
multi-class SVM which is known to be the state of the art in
classification. The relative increase of recognition accuracy using
KSOM over MLP3 is 21.39% and over RBFN is 26.99% which is a
significant improvement. Thus, the extensive experiment illus-
trates the effectiveness and accuracy of KSOM based facial expres-
sion recognition system using only geometric features.
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