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Abstract

This paper presents an annealed neural network
based method for face detection. We present a
robust algorithm that improves face detection
and tracking in video sequences by using
geometrical facial information and an annealed
neural network verification. A new method, a
three-face reference model (TFRM), and its
advantages, such as, allowing for a better match
for face verification, will be discussed in this
paper.
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1. Introduction

Face detection and recognition have been
an important issue in video sequence
applications because different facial views
and varied illumination cause problems
when detecting and recognizing a human
face. There are many approaches to detect
and verify a human face in video sequences
[1-6]. Some methods are based on feature
invariants, which are used to find out
structural features. Some are based on
template matching, which uses a stored
pattern to track head positions. Others
include an appearance-based method that
utilizes a trained model from a set of images
to capture the representative variability of a
facial appearance.

We use geometric feature points for face
verification based on neural networks. The

geometric feature points are appropriate for
constructing neural networks. To extract
reliable features, it is very important to
detect consistent feature points invariant
under translation, rotation, and scale. Our
procedure for face detection finds candidates
for face regions using color and gradient,
and then extracts geometric features inside
the face region. We model the face (mouth,
nose, eyes) and use geometrical facial
information for face verification.
Geometrical facial feature properties change
depending on image quality and size of a
face.

Under heavily occluded conditions,
Hopfield neural network (HNN) may have
feature points mismatched or unmatched,
and as a result it doesn't guarantee a global
optimal solution because it is basically
depending on its initial states. A HNN can
solve optimization problems faster than any
other algorithms when an energy function is
given correctly. It does generally guarantee
a local minimum, but not global.

The Annealed Hopfield Network (AHN)
has been developed to provide near global
solutions without initial restrictions and less
false matching than HNN. The AHN is
presented to find a robust solution for face
verification and recognition problems in a
video sequences. To improve the capability
of detecting corners, another approach to
boundary  smoothing  for  curvature
estimation is proposed. This method is based
on a minimization strategy known as mean



field annealing (MFA). To improve the
computational complexity of the AHN and
provide reliable matching under occluded
conditions, the mean field theory is applied
to the Hopfield network. We can detect
corners easier and better in this approach
than the constrained regularization approach
which may result in loss of corners.

The relationship between the HNN and
MFA has been shown by Van Den Bout [7].
The evolution of a solution in @ HNN is a
special case of the relaxation toward a stable
state affected by MFA at a fixed
temperature T [8, 9]. He has shown that
there is a correspondence between the
temperature T in MFA and the neural gain A
in the HNN. In this paper, the AHN is
described for face verification and
recognition in a multi-context scene using
the advantages of MFA.

2. Theoretical concept of AHN

A motion equation is shown in Eq. (1)
with the sigmoid function g in Eq. (2).
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Our energy function of the matching
problem is organized as Eq. (3).
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The output of each neuron for the
matching problem has the value of 0 or 1 to
represent measure of similarity. We will call
the output of each neuron a spin for the
MFA approach. That is, each neuron in
Figure 1 is substituted by a spin. It was
assumed that the spin interactions Cy,; are

symmetric and have no self-interaction

(i.e,,Cy; =0). The state space of each spin
is [7]:

s, €{0.1} forl< 1,k <N (4)

where N> =mxn in the m by n two
dimensional array. In the simulated
annealing, the random perturbations move
the system towards its thermal equilibrium
at the current temperature. Assuming that all
the spins are at equilibrium, one can
determine the equilibrium spin average of

the ikth spin (s, ) from the Boltzmann

distribution and the change in the average
system energy ass;, flips from 0 to 1.

For an illustration, let

Ho=(H (S)>‘sik= 0 and H, =(H (s))

Since the system is Boltzmann distributed,
the equilibrium value of (s, ) is calculated
as follows:
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We define u, to represent the
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quantity H, —H, , which is the mean or

effective field experienced by the ikth spin.
Unfortunately, it is in general difficult to

compute u,, for large N:
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The difficulty arises from the fact
that s; and s;; are not independent, so that

their expected values are not separable in the
above equation. However, when the number
of interacting spins is large enough that the
effect of any single spin on any other spin is
very small in comparison to the total field,
then the mean field approximation can be
used:
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Eqg. (5) and Eq. (7) has the same structure
as Eqg. (2) and Eq. (3). The spin interaction
Cy; as a comparability measure in the

Hopfield neural networks is expressed as
follows:

Cig =Wy xF(fi, £ ) +W, xF(f;, f,)+W;xF(r;,ry)

(8)

Local and relational features which have
different measures are normalized to give
tolerance for ambiguity of the features. The
fuzzy function F has a value 1 for a positive
support and -1 for a negative support. The
value of F(x,y) is defined such that if the

absolute value of the difference between
x and y is less than a threshold & ,

then F(x,y) is set to 1, otherwise F(x,y) is

set to -1. The sum of the weights is 1. We
use two features, angle as a local feature at
the corner point in the object boundary and
distance as a relational feature between the
corners. Angle helps us to recognize the
shape of object. However, false
segmentation causes to generate different
angles from those of original segmentation.
In this paper, relational features are more
emphasized than local features. AHN even
works well without local features.

In addition, random perturbation to move
the system towards its thermal equilibrium
in simulated annealing is the same as
updating rule of the Hopfield network. The

only difference is that A in Eg. (2) is
replaced with temperature T in Eq. (5). It
means that given T , the flow to thermal
equilibrium in MFA is the same as the flow
of Hopfield network givenT . Therefore, if
we find the stable points of states by slowly
lowering A from the high value, then we
will find global solutions or near global
solution of the network without initial
restriction.

3. Feature extraction and graph
formation

Our algorithm transforms the original
image (RGB format) into YC,C, images;
using the Y channel to get an edge image;
using Cp, and C, channels to get the skin tone
image. The skin tone image and the edge
image are processed into a skin tone edge
image. We combine the skin tone image and
edge image to get a good face candidate and
to remove background noise. Background
noise must be eliminated because any pixel
can have a skin color range which can result
in the background having skin color like a
face. After applying the morphological
operation using erosion and dilation on the
skin tone edge image, a large number of
small skin color regions are eliminated.
Erosion and dilation methods are used to
identify homogenous areas and to remove
noises to get a binary edge image. In order
to detect potential face candidates, we set
the threshold value to convert the skin tone
edge image into a binary image. Based on
the binary image, a graph is used to detect
face candidate. We use the edge image to
determine the eyes and mouth position using
an ellipses model to get the feature point
positions.

4. Hopfield neural networks for
face verification

The Hopfield network is constructed by
connecting a large number of simple



processing elements (neurons) to each other.
A two dimensional array is constructed to
apply a matching problem into a neural
network as shown in Figure 1. The columns
of the array label the nodes of an object
model, and the rows indicate the nodes of an
input object. Therefore, the state of each
neuron represents the measure of match
between two nodes from each graph. In
general, for the ith node in the input image
and the kth node in the object model, the ikth
processing neuron located in the ith row and
kth column is described by two variables
which are current state and output. The
current state and output are generally

denoted by u, and v, , individually. The

output is usually related to the state by
simple nondecreasing monotonic output

function g(u,. ) . This function (normally
nonlinear) is designed to limit the possible
values ofv, to the range -1 to +1. In other
words, g(u,, ) is frequently a step function

(in the case of discrete Hopfield network) or
a sigmoid function (in continuous Hopfield
network). The output of the ikth neuron is
fed to the input of the jlth neuron by
connection of strength Ty, . In addition, each
neuron has external inputs (an offset bias)
of I, to its input. The states of the neurons
can be expressed byu, , the outputs byv,,,

the connection strengths by T, , and the

external inputs by I, .
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Figure 1: 2-D array for Hopfield neural networks. White
neuron = match between corresponding features of model
and face image. Black neuron = no match between
corresponding features of model and face image. Shaded
neuron = match, but match between non-corresponding
features.

5. Simulation results

Our face verification simulation involves
a face image database containing video
sequences of images. Each image contains
the same face with variations in position,
scale, and facial expression. Variations in
facial views increase the accuracy of our
face verification algorithm. Our algorithm
uses reference models to verify a face within
an image. Images in the database will be
used as input images and as reference
models. Input images are compared to
reference models using AHN to confirm that
the face in the input image matches the face
in the reference model.

A set of 23 sequences of images are
picked, from our database of 1377 video
sequences of images. 3 images, each with
different facial views are picked as reference
images and 20 images are used as input
images. We set up different tolerance
ranges for our experiment. The tolerance
ranges from 1 to 6. Each input image is
compared to the TFRM (three images), 6
times, once for each tolerance. 360
experiments (comparisons) are conducted
using the TFRM. In addition, each input
image is compared to the SFRM (one
image), 6 times, once for each tolerance. We
performed 120 experiments using the SFRM.
A total of 480 experiments are conducted.
A matching ratio is simulated on the 20
input images. Matching ratio is defined as
the percentage calculated by dividing the
total number of successful matches between
an input image and reference model by the
total number of images input.

AHN provides good matching results
between model and input image. Its
algorithm is applied for matching feature
points of the face using a 2-dimensional
array (rows represent the model image,
columns represent input image). Two points
are used to detect each facial component;
eyes, nose, and mouth, therefore, 8 feature
points are used to recognize a face. Each
feature point in the model is compared to all



feature points of the input image. If 5 - 8
feature points match between model and
input image, a perfect match is obtained. If 1
- 4 feature points match, face verification
between the model and input image fails.

Face detection verification is also
measured using the neural network AHN.
We used an AHN algorithm to measure its
matching performance. AHN is used to find
a robust solution for occluded object
matching. The same procedure was
performed as HNN, however, we replaced
HNN with AHN. The robustness of our
AHN algorithm is proved by identifying
faces with variations in the facial poses.

The AHN simulation results of the
algorithm involving original images are
shown in Table 1. In most cases, the TFRM
has a higher success rate than the SFRM.
Figure 2 shows matching ratios of SFRM
and TFRM. The results show matching
using the TFRM is successfully obtained.

As shown in Table 2 and displayed in
Figure 3, the AHN matching ratios related to
images with missing points yields a high
matching ratio when applying the TFRM.
The face detection and tracking improves
better than HNN, when our algorithm uses
AHN.

The AHN matching ratios for poorly
segmented images, images with points off
from true positions, are given in Table 3.
The TFRM achieves high ratios. These
results are displayed in Figure 4 which
verifies the excellent performance of the
algorithm. When comparing the
performance of the HNN with that of AHN
in finding faces with their feature points off
from true positions, AHN shows better
performance.

6. Conclusion
This paper presents experiments done to

evaluate the efficiency and verify the
excellent performance of our face

verification and recognition method under
various conditions. A robust verification
method has been presented which utilizes
geometrical facial information and neural
networks. Our simulation results show that
our face detection approach performed well
using a three face reference model. We
present a HNN based verifier, however, face
detection and tracking improves when our
algorithm uses the neural network based
verifier, AHN. Our results show that AHN
is more reliable, powerful and have a higher
success rate for image matching than HNN.
The matching ratios indicate AHN’s
matching performance is superior to that of
HNN.

Matching Ratio
Tolerance SFRM TFRM
1 0.0500(1/20) 0.1500(15/20)
2 0.4500(9/20) 0.8000(18/20)
3 0.7500(15/20) 1.0000(20/20)
4 0.9500(19/20) 1.0000(20/20)
5 1.0000(20/20) 1.0000(20/20)
6 0.9000(18/20) 1.0000(20/20)

Table 1: Matching Ratio using AHN (SFRM vs TFRM)
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Figure 2: AHN performance of SFRM and TFRM

Tolerance Matching Ratio
SFRM TFRM
1 0.0000(0/20) 0.0000(0/20)
2 0.3000(6/20) 0.6000(12/20)
3 0.4500(9/20) 0.8000(16/20)
4 0.8500(17/20) 1.0000(20/20)
5 0.8500(17/20) 0.9000(18/20)
6 0.8000(16/20) 0.9000(18/20)

Table 2: Measures AHN Missing points
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Figure 3: Compares AHN performance of Missing Points

Matching Ratio
Tolerance SFRM TFRM
1 0.1000(2/20) 0.3000(6/20)
2 0.5500(11/20) 0.7000(14/20)
3 0.7500(15/20) 0.9500(19/20)
4 0.9500(19/20) 0.1000(20/20)
5 0.9500(19/20) 0.1000(20/20)
6 0.8500(17/20) 0.9500(19/20)

Table 3: Measures AHN performance using points off
from true positions
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Figure 4: Compares AHN performance using points off
from true positions
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