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Abstract: Recently proposed approach to recognitize facial expressions have been proposed Tager with the so
called Echo State Neural Networl (ESNN). The ESSN approach assumes a sort of “block box™ operability of the
network and clients a broad applicability to several different problems using same principle, here we proposes
a simplified version of ESNN which we call a simple echo state network which exhibits good results in memory
capacity and facial matching and recognition which allows a better understating of the capability and restriction
of ESNN. ESSN gives promising result when the input are distorted. Simulation results show that a proposed
system (ESNN) achieves a excellent performance with ligh traimng and recognition speed.
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INTRODUCTION

Face recognition has been recently the most favored
subject due to its most non-intrusive nature and wide
range of applications. Tts applications are in crime
mvestigation, security, etc. But the whole process
depends on the images, so image quality plays an
unportant role and 1s influenced by some fundamental
characteristics like lighting, camara position and emotional
eXPIess1ons.

Many Face Detection Researchers have used the idea
that facial images can be chracteristized directly in terms
of pixel intensities. these images can be characteritized
by probabilistic models of the set of face images
(Antonio and Thomas, 1997, Baback and Alex, 1995,
Alex et al., 1994) or implicitly by neural network of other
mechanisms (Pawan, 1994; Kah-kay, 1996; Vaillant et al.,
1994; Gaungzheng and Thomas, 1994; Kin and Roberto,
1996; Gilles and Dominique, 1994; Lin et al, 1997,
Meng ef al., 2005).

Training a neural network for the face detection
task 1s challenging because of the difficulties n
characteritizing prototypical non face images. Unlike face
recogmtion, m which the classes to be discriminated are
different faces, the two classes to be discriminated inn
face recognition are images contaimng faces and images
not containing faces.

Generally speaking, research on face recognition can
be grouped into two categories, namely, feature based

and holistic (also called template matching) approaches
{(Chellapa et al., 1995; Brunelli and Poggio, 1993) are based
on the shapes and geometrical relationships of individual
facial features including eyes, mouth, nose and chin on
the other hand, holistic approaches handle the input face
images globally and extract important facial features based
on the high dimensional intensity values of face images
automatically. Although, feature based schemes are more
robust against rotation, scale and illumination variations,
they greatly rely on the accuracy of facial feature
detection methods (Meng ef al., 2005) and it has been
argued that existing feature based techniques are not
reliable enough for extracting individual facial features.
Holistic face recogmtion has attached more attention
since the well known statistical method, the principal
component analysis was applied in face recogmition
(Kirupy and Sirvoich, 1990; Turk and Pentaland, 1997).
Another well-Known approaches 1s the Fisher faces in
which the Fisher’s linear discriminate is employed
after the PCA 1s used for dimensionality reduction
(Belhumeur et al., 1997), compared with the Eigenface, the
fisher face approach i1s more sensitive and statistical
method for feature extraction, the choice of training
samples will affect its performance. In Martinez and Kak
(2001), the author indicate that the FL.D works efficiently
only the number of traming samples 1s large and facial
expression and variation in lighting direction and facial
expression. More recently, some variations of FLD have
been developed for face recognition such as F-LDA

Corresponding Author: Professor Srinivasa Rao Madane, Vinayaka Missions University, Salem, India



Int. J. Soft Comput., 3 (3): 248-253, 2008

(Lotlikar and Kothari, 2000), D-LDA (Yuand Yang, 2001),
FD-LDA (Luetal., 2003) and KDDA (Luet al., 2003), etc..
However, the computation requirements of these
approaches are greatly related to dimensionality of the
original data and mumber of traimng samples. The
Echostate neural network has been employed i face
recogmition.

Problem definition: The problem is to find out a better
method to identify a person even with distorted
information of the face, under poor lighting, under
different unusual posture. Different methods have been
evolved during the past research work that mclude the
varieties of mntelligent methods. The proposed work
mvolves estimation of the person’s identity from the
given facial photograph wusing ESNN. The network
learns the facial feature obtained from fishers linear
discriminant plane. The work mvolves in comparison of
the performance of the Radial Basis Function (RBF) with
ESNN.

Radial basis function: A function is a Radial Basis
Function (RBF) if its output depends on the distance of
the input sample (vector) from another stored vector,
referred to as the center for the RBF. An RBF Network
(RBFN) is a feedforward neural network with one hidden
layers, with an RBF node function at each hidden node;
the weight vector from input layer to a hidden node 1s
1dentical to the location of the center of the RBF for that
node.

RBFN development algorithms use the followmng
steps:

The training set 1s “compressed” into a smaller set of
RBF node centers (u,, L, , M) and associated
values (0,,.....0,) describing the range of applicability
of each node.

The function values (f(p,),....., f{uy)) at all these
centers are estimated from the training set.

For any x, the value of f(x) is estimated by computing
a weighted average of (f(p,),... .., f{lu)), where each
f{ug) 13 weighted by a quantity proportional to pyfx-
L, the corresponding value of the RBF. In other
words, the output of the RBFN is

> Tl ok ok (x-p [)

K=1

Where ¢, denotes the comnection weight from
the kth hidden (RBF) node to the output {Summation)
node.

249

ECHO STATE NEURAL NETWORK (ESNN)

Echo state neural networks are special recurrent
neural networks, with the following properties.

A large, sparsely connected, RNN 1s used as a
“reservoir” of dynamics (recurrent mterconnected
perceptions).

This dynamic reservor can be excited by inputs
and/or feedback of the outputs.

Connection weights of the reservoir are not changed
by traimng.

Only weights from the reservoir to the output units
are adapted, so training becomes linear regression
task.

We consider discrete time neural network with
K input units internal network units and T, output
units (Fig. 1). Activations of input units at time step n

are un) = (u, (n),....,u (m)). of mtemal wmts are
x(n) = (%, (n),....., xy () and of output units y(n)=
(y; (n), ..., yvu (n)) real-valued connection weights are

collected in a NxK weight matrix W*"_(w",) for the input
welghts, m an N>N matrix W = (w;) for the internal
comnections, inan Lx(K+N+L) matrix Wout = (w,;™) for
the connections to the output units and in a NxL
Matrix W*™* = (w;"**) for the comnections that project
back from the output to the internal units. Note that
comections directly from the mput to the output
units between output units are
allowed No further conditions on the network topology

and connections
induced by the internal weights W are imposed. We will
also not formally require, but generally intend that the
internal connections W induce recurrent pathways
between internal units. Without further mention, we will
weights and

always real-valued mputs,

activations.

dassume

The activation of internal units is updated according
tox(nt1) =f(W=u (n+ 1)+ Wx (n) + W=y (),

Fig. 1: Basic network architecture
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Where f = (fl,..., {N) are the internal units output
functions. The output 1s compuited according to
ym+1) = (W™ (u(n+ 1), x (n+1),y(n)), where
= £, ™) are the output units output functions
and (u(n+ 1), x (n+ 1), y(n)) is the concatenation of the
mput, internal and previous activation vectors.

SYSTEM DESIGN FOR FACIAL
RECOGNITION USING ESNN

In this research, much concentration is done for the
best recognition of face by implementing an ESNN.
Figure 2 illustrates the sequence of steps mvolved in
mtelligent recognition of facial expression.

Implementation
Training:

*  Decide number of persons.
¢ Take three facial expression of each person.
¢ Calculate the Principal Component Vector by

7Z=7*7Z7
Where
7. = Intensities of image.
*  Find Eigen Vector of the Z matrix..
» (Calculate the Phi And Phi 2 Vectors as follows.

For Discriminating various persors.
Phi 1 = eigenvector( S,.3,")

S,= S (PCV,—M,) (PCV,—-M, " /N

Where,

PCVi(1=1,23,..n)

PCV, = Principal Component Vectors of Person each
person.

M, = Averageof (PCV,+PCV,+PCV,).

Sy = E(PCV.-M)/N(PCV.-M )"

Where

M =1,2,3..n
M, = Average of PCV,

¢ Calculate Phi_ 2 Vector.
Phi 2 = eigenvector ( @ 3,5,.")
Q=T—((Phi 1 *Phi 1'*8,')/(Phi 1'*§_**
Phi 1))

o Transfer for M,N Dimensional Vector mto Two
Dimensional Vector.

Acquire Preprocess the Apply
facial image for noise correlation and iy,
expression removal find eigen
vector
Appl_y fisher's Obain the
| i melr discriminant Train ESNN |
1scriminant
vectors
plane
- Obtain the o| Obtain the
final weights 7| final weights

Fig. 2: Schematic diagram of the ESNN facial recognition

U:Phi_l *PCV1(1,2,3, n})
V=Phi 2*PCV, ;5 o

*  Apply Echostate Neural network as follows.

Testing:
*»  Readtest Image.
s Calculate the Principal Component Vector b.

Z=F*Z7
Where 7 = Intensities of image

»  Fmnd Eigen Vector of the Z matrix by applying Eigen
process.

+  Connect to the Database.

»  Update the table respective to the Person’s image.

»  Display the Person’s Name which 1s get updated in
the Database.

Echostate training of facial features: Decide the input
features of the registered image

Fix the target values

Set no. of inputs=2;

Set no of reservoir = 20,

Set no. of output = 1

Create weight matrix(no of reservoirs,no.of inputs)=
random numbers -0.5

Create weight backup matrix(no.of outputs, no of
reservoirs) = (random numbers -0.5)/2

Create weight not (wO)(no.of reservoirs, no of reservoirs)=
(random numbers -0.5)

Create temp matrix (te)no.of reservoirs, no of reservoirs )=
random mumbers

Calculate w0 = w0.* (te <0.3)

Calculate w0 = w0.* (w0 <0.3)

Follow the heuristics

v = eig(w0)



lamida = ma(aba(v)
wl= wilflamda
wo= 9]
Create nebr ok training dynamics
state = zeroa(no_teservoit,l)
desited =0,
for loop
gt = x(iitipg-10
F=wt _inpt* imgoat
TT = w*state
TH = wt_back' * desired
text state = tanhy’ F+TT + TH)
state = next state
desired = x(i+tnipp-1)
desired | = desired

etud

E SN netw ork testing:

input = x(iitripp-17;
F = wi_ingnt® irgot’,
TTH = wit_back' * output d,

rient state = tantF + whstate + TTH),
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Fig 3:Farcial expressions of different persons

Sarmple daze pivel matriz

state = next state; 147 148 153 155 152 LS4 159 161 163 163
output@) = (wout *state); 149 149 156 153 153 163 162 162 64 164
151 152 157 157 161 161 163 165 6 169
155 157 159 159 160 163 164 167 167 1628
RESULTS AND DISCUSSI0N 155 15 161 161 162 152 164 168 170 170
156 160 163 162 164 165 166 167 172 170
: : . : 158 162 161 162 166 166 168 170 172 170
Different orientations of persons have been considered 100 |0 o0 s 1s3 15 167 171 178 192
to itnplement the ESNN for the facid recoguitiosn. The 150 161 164 167 170 16| 1T0 175 175 17@
Farions postures hawe heen showrnin F]_g 3. 161 163 165 167 167 168 174 173 171 174
Coare htiony, hlairiz
3072745 2773505 2555530 1Z67701 215210 2130700 2113105 2103342 2036330 193086
ATT3505 20829093 2500483 2331402 2233712 2114552 2083707 2048782 1990069 138762
2555530 2500453 2442523 2311269 2216606 2100021 2064604 2019620 1974254 135251
2I6TTR2 2351402 2311269 2272384 2189300 20T4TTI 2037447 1998662 1960587 187350
2358210 242712 2216606 2189300 2165827 2066328 2026552 1992738 1256568 137226
2139709 2114552 210021 20T4TTI 2066828 2046545 20158095 1982751 1942307 186665
2113195 2083707 2064 2037447 206552 2015395 2011248 1935045 1953431 136956
2103348 248782 2019620 19926568 1903738 1982751 1985045 1990493 1955644 137084
2036330 1990069 1974354 1960587 1956568 1949307 1953431 1955644 1953017 137617
1930868 137621 1352311 1572507 1572265 1366657 1360566 1370540 1376170 1351158
Eigermre ctor hlatrix
00831 00580 01477 00771 .0.1387 00354 0054 .0.0301 0076S 00845
00735 00447 00103 0l117re 0naal 0. 1065 0047 0.1457 onrle 00403
-0.1618 00294 00263 00555 00242 -0.0805 0.1065 -0.1532 00446 00a4s
0.1353 01675 0.1356 0.1062 -0.1016 -0.0707 0.1735 0.0243 01651 00z49
-0.0142 00642 -00026 -0.12%2 00386 0.0328 -0.3047 0.3148 -02422 -00870
-0.0313 00194 -0.1203 -007T1 -00a7s -0.0215 0.0115 -0.1366 -00za7 -0.1402
010292 -0.1150 02274 -0 055D 00971 0.2704 00232 -0, 1304 01302 00481
0.0538 -0.1386 -0.1496 0020 -00165 -0.1151 00618 0.1083 -0.1367 0.1269
-0.0501 01216 0.1572 001z 0.1230 0.0571 0.0267 -0.0678 -0.1290 -029 60
00660 -00328 00466 00596 01765 0.0078 -0.05X0 -0.14 54 010269 02466
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Eigenvalue Matrix
0.4407 0 0 0 0 0 0 0 0 0
0 0.8801 0 0 0 0 0 0 0 0
0 0 2.2042 0 0 0 0 0 0 0
0 0 0 3.7260 0 0 0 0 0 0
0 0 0 0 5.9275 0 0 0 0 0
0 0 0 0 0 9.2362 0 0 0 0
0 0 0 0 0 0 10.2134 0 0 0
0 0 0 0 0 0 0 12.6410 0 0
0 0 0 0 0 0 0 0 20.4903 0
0 0 0 0 0 0 0 0 0 30.3254
Diagonal Values of Eigenvalue Matrix
Columns 1 through 12
0.4407 0.8801 2.2042 3.7260 5.9275 9.2362 10.2134 12.6412 20,4903 30.3254 34.6926
Columns 13 through 20
5205256 606881 779164 97.0914 1291984 141.5460 156.3125 171.4565
Sorted Value
Columns 1 through 12
0.4407 0.8801 2.2042 3.7260 5.9275 9.2362 10.2134 12.6412 20,4903 30.3254 34.6926
Columns 13 through 20
52.5256 60.6881 77.9464 97.0914 129.1984 141.5460 156.3125 171.4565
Colurmn Chosen100 Figenvector chosen
Columns 1 through 12
0.1138 0.1036 0.0978 0.0927 0.0903 0.0882 0.0880 0.0884 0.0870 0.0842 0.0832
Columns 13 through 20
0.0822 0.0840 0.0842 0.0872 0.0890 0.0913 0.0916 0.0929
Projection Vector phi 1 and phi 2
K== phi_1(1:30)
ang =
Columns 1 through 12
0.0964 -0.0742 -0.0649 -0.0524 -0.0474 -0.0380 -0.0282 -0.0234 -0.0123 -0.0071 -0.0024
Columns 13 through 24
0.00091 0.0154 0.0223 0.0229 0.0322 0.0397 0.0396 0.0406 0.0375 0.0387 0.0501
Columns 25 through 30
0.0590 0.0654 0.0657 0.0685 0.0562 0.0568
K== phi_2(1:30)
ang =
Columns 1 through 12
-(0.2251 0.0768 0.0707 0.0744 0.0689 0.0699 0.0689 0.0632 0.0638 0.0711 0.0770
Colurmns 13 through 24
0.1006 0.1004 0.1023 0.09%4 0.0879 0.0863 0.0831 0.0761 0.0729 0.0608 0.0571
Colurmns 25 through 30
0.0306 0.0231 0.0108 0.0068 0.0056 0.0060
Two Dimensional Vectors for Three Persons and Three Expressions 0.1 A o Person |
k== two 1 + Person?2
two 1= 0.05- A A Person3
0.1323 -0.0459
0.0414 -0.0645 0 + +
K== two 2 -0.1317 -0.1193 «~ R
two 2=
0.1362 0.0102 £ 0051 o °
0.1678 0.0039
0.1678 0.0039 S
K== two_3
two 3= .15 T T T T T T 1
- 01325 0.0081 £.15 01 005 UT 10.05 0.1 015 0.2
-0.0625 0.0586 wo
0.0249 -0.0319
Fig. 4: Facial expressions
The outputs of two 1 |, two 2 and two 3 are

plotted in Fig. 4 for understanding if there 1s any
overlapping of expressions of different persons in order
to get better classification of given expression of a
particular person

Distribution of the facial expressions
Testing the image randomly

Testing with the trained inputs: For testing the inputs
of trained images or with image that was notused for

252



Int. J. Soft Comput., 3 (3): 248-253, 2008

Table 1: Clagsification of the expressions of three persons
Classification

Total
Expression 1 Expression 2 Expression 3 classification
Person 1 CL CL CL 4
Person 2 CL CL CL 4
Person 3 CL CL CL 4
Person 4 CL CL NCL 4
Person 5 CL CL CL 3
19/20=95%

training most of the steps of traming have to be followed
followed by using the final weights for final classification
of the expressions.

The classification done by the program developed 18
givenin Table 1.

In practice all the nine expressions of three persons
should be correctly classified. However, there 1s one
misclassification. This may be due to noise in the
eXPIession.

CONCLUSION

The faces of five persons with different orientations
are considered for the project. Each orientation was
trained using PCA, FLD and ESNN. Testing was done
with the final weights obtained during traiming. A set of
final weights was obtained. These weights are used for
testing the existing face and detecting new face. The
accuracy with which the project works 13 95%.
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