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Abstract

Use of neural networks (NNs) and diffraction pattern sampling by a ring-wedge detector leads to easier and faster
algorithms for pattern recognition. An estimation was made of the optimum dimensions of a digital ring-wedge de-
tector for sampling Fourier transform of random matrices through simulation of digital ring-wedge detector. The
modulus squared Fourier transforms of facial images were sampled by ring-wedge geometry, and used for training a
neural net for multi-face recognition. Fourier spectral intensities obtained by simulation and experiment were both
tested for training and generalization of the network which was studied as a function of learning rate and number of
epochs.
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1. Introduction

Biometric techniques of personal identification
are preferred over traditional methods involving
passwords and personal identification numbers.
These techniques can prevent unauthorized access
to, or fraudulent use of ATMs, smart cards,
workstations and computer networks. Face rec-
ognition using optoelctronic methods such as op-
tical neural networks (NNs) is an active area of
research. Li et al. [1] have described a system that
is capable of recognizing faces by use of gradually

adapting photorefractive holograms. Javidi et al.
[2] have described a nonlinear joint transform
correlator (JTC) based two-layer NN for real-time
face recognition. The use of nonlinear JTC pro-
vides good robustness and image discrimination.
Kodate et al. [3] have developed a design proce-
dure for a binary zone plate array, and applied it
to parallel JTC for recognition of human faces.
Verrall [4] demonstrated the feasibility of applying
the windowed binary JTC to real-time face rec-
ognition.

Use of spatial frequency information is an im-
portant aspect of studies for pattern recognition.
Diffraction pattern sampling has been used suc-
cessfully [5] in the classification of images. Use of
NNs and diffraction pattern sampling with a ring-
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wedge detector leads to easier and faster algo-
rithms for pattern recognition. These algorithms
take lesser programming and human hours to
write them.

Berfanger and George [6] demonstrated high
accuracy for recognition of fingerprints, including
both orientation and wide scale-size independent
sorting by using NN software, and ring only and
wedge only data from a digital ring-wedge detec-
tor. They simulated an analog multi-element array
as an all-digital ring-wedge detector combined
with NNs, and applied such a digital ring-wedge
detector system to windowed sub-images, provid-
ing information on spatial frequency content as a
function of position in the image. They stressed the
importance of the combination of ring-wedge data
with image-domain information because it offers a
major improvement in recognition accuracy over
systems that use information from either domain
separately.

Berfanger and George [7] used an all-digital
ring-wedge detector system combined with NN
software to classify images according to numerical
quality scales. One of their aims was to determine
classification accuracy as a function of size of the
training set used. They presented the results for
classification using ring only, wedge only and ring-
wedge data, using absolute values of the Fourier
transform sampled by the digital ring-wedge de-
tector.

In this paper, we describe NN based face rec-
ognition using diffraction pattern sampling by
digital ring-wedge detector. An estimation has
been made of the optimum dimensions of a digital
ring-wedge detector for sampling Fourier trans-
form of random matrices. Facial images used in
the present study have variation in scale and head
tilt. The variations in lighting and background,
etc. are not precisely calibrated. No effort has been
made to remove the background from the images.
Our approach is to sample the modulus squared
Fourier transform of the facial images by the ring-
wedge geometry, and train the NN with the above
samples. Various faces used during training are
varied in scale and head tilt. A three layer NN is
formed and 'mean square error' (mse) at the out-
put is studied for a number of epochs and learning
rates.

2. Face classification

Four different facial images of five subjects are
used for training the NN which is described in the
later section. The images differ in scale and head
tilt. To test the generalization, same subjects are
used, but the scales and head tilts are different
from those used during training. For example, a
22.5° left head tilt was used for training, but a
normal (no tilt) face was used for testing the gen-
eralization for subject 1. A total of 40 facial images
were used in the study, 20 for training the network
and 20 for testing the generalization (Fig. 1). The
output of the NN is a vector with five elements,
each element belonging to one subject. The more
the element is close to 1, better the network has
detected the input image to be of that subject.

Several parameters of the NN architecture such
as momentum constants, learning rate, number of
hidden neurons, and initial values of the intercon-
nection weight matrix have remarkable effect on its
performance. The optimization of these parameters
[8] is crucial for the trained NN to work properly.
Parameters/coefficients if chosen wrongly lead to
negative results. Our aim in this paper is to confirm
the feasibility of using ring-wedge detector sam-
pled data for application in NNs for multi-face
recognition. The reject class [6] has not been in-
troduced in multi-face recognition as that would
consume enormous training time and the variations
of learning rate and epochs would be difficult to
study with longer training times.

3. Ring-wedge detector

The diffraction pattern at Fourier plane contains
all the information related to the object. The dis-
tribution of energy in the diffraction pattern may be
measured as a function of angle and radius by
sampling Fourier space with a polar representation.
The process of sampling at Fourier diffraction plane
(FDP) is one of measuring the amount of light en-
ergy falling within specified areas of the FDP. Ring-
wedge detector (Fig. 2) has its light sensors in the
shape of semi-circular rings and wedges extending
from the center. The Fourier transform (modulus
square) is symmetric with respect to the origin, i.e.,
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testing set

Fig. 1. Facial images used for training the NN. The images have variation in head tilt and scale. MIT database [11,12].

every intensity indication in the FDP has an iden-
tical counterpart which is located on the same di-
rection line, on the other side and the same distance
from the origin. The radial sampling of the ring
areas provides orientation-independent informa-
tion about the distribution of spatial frequencies in

Fig. 2.
ges).

4-element ring-wedge detector (32 rings and 32 wed-

the image. The angular sampling of the wedge areas
provides scale-independent information about the
orientation of those spatial frequencies. The suc-
cessive rings increase in area from the center. The
increasing area helps to compensate for the fall off of
intensity as the scattering angle is increased. It also
serves to average out the speckle pattern.

Ring-wedge detector was introduced by George
et al. [9] for light pattern detection. Pattern recog-
nition tasks were performed [10] with a ring-wedge
detector having 32 annular rings and 32 radial sec-
tors. Berfanger and George [6,7] used modulus of
the Fourier transform to sample the ring-wedge
data. However, we have chosen the modulus square
in our simulation as this approach would be more
close to a practical system. The ring-wedge photo-
detector used by George and Wang [13] had the area
ratio from ring 32 to ring 1 of approx. 34.5 dB. Since
power flux falls off markedly at the higher spatial
frequencies, the large area at high frequencies is an
advantage.

4. Digital simulation of ring-wedge detector

For digital simulation of the ring-wedge de-
tector, two techniques are popular, bin summing
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and mask summing [6]. In bin summing, each of
the frequency-domain samples is treated as an
isolated point, and ring-wedge data are calculated
by summing the values of all the sample points
within each individual region of the sampling ge-
ometry, i.e., summing the gray values for the bin
representing the sector in which the pixel is lo-
cated. In mask summing, there is a separate mask
(in the form of a matrix of 1s and 0s). These masks
are successively multiplied with the Fourier
transform (modulus or modulus squared) and el-
ements are summed together. Masked summing is
computationally intensive, but it works better for
small areas of images.

For a ring-wedge detector with 32 rings and 32
wedges, we have formulated a separate 'mask
matrix' in which each pixel is assigned a number
corresponding to the region it belongs to. Each
element of this matrix acts as an index to the ele-
ment of the output vector. The values of the ele-
ments of the output vector are increased by the
gray value given in the Fourier transformed in-
tensity matrix by matching the 'indices' of the
output vector and the 'values' of the mask matrix.
This prevents the problem of summing 64 times
the product of the mask matrices and Fourier
transformed intensity matrix.

5. Optimum dimensions of the detector

A study has been carried out for the estimation
of optimum dimensions of a digital ring-wedge
detector for sampling Fourier transforms. Effects
of digital artifacts have been studied in simulated
ring-wedge detectors of various sizes. The output
of the ring-wedge detector has been analyzed for
digital artifacts due to pixelation of the detector. It
has been found that the ring-wedge detector of
size approx. 300 x 300 pixels is sufficient to keep
low the digital artifacts due to pixelation of the
detector. For the above results, we carried out the
following exercise. Random matrices of various
dimensions were Fourier transformed. The di-
mensions of the Fourier transformed (modulus
square) matrix were kept same as the dimensions
of the random matrix. The ring-wedge detector
simulated in the form a matrix, has set of pixels

arranged in the shape of rings and wedges. Digital
artifacts have prominent effect in diagonal lines.
Larger detector arrays reduce these artifacts.
Sampling the two-dimensional modulus squared
Fourier transform should give a straight horizon-
tal line for the wedge histogram. If the differences
between the successive radii of the rings of the
ring-wedge detector are equal, the ring histogram
should give a straight diagonal line.

We have simulated ring-wedge detector of
various dimensions starting from 70 x 70 to
600 x 600 pixels. Normalized outputs of ring-
wedge detector with 64 output elements (32
wedges and 32 rings) for dimension 70 x 70 pixels
and 480 x 480 pixels are shown, respectively, in

20 40
wedge no. ring no.

wedge no. nngno.

Fig. 3. (a) Output of a 64 element ring-wedge detector of size
70 x 70 pixels; (b) output of a 64 element ring-wedge detector
of size 480 x 480 pixels.
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Fig. 4. Plot of standard deviation of wedge detector output as a
function of the size of the ring-wedge detector.

Figs. 3(a) and (b). It can be observed that the
lines in Fig. 3(b) are smoother compared to lines
in Fig. 3(a). A plot of standard deviation of
wedge detector output as a function of size of the
ring-wedge detector is shown in Fig. 4. It de-
creases rapidly when the dimensions of the ring-
wedge detector are increased from 70 x 70 to
300 x 300 pixels. However, the decrease in the
standard deviation is not much beyond 300 x 300
pixels. A digitally and practically convenient di-
mension closer to 300 pixels is 256 pixels. Thus a
digital ring-wedge detector of dimension
256 x 256 pixels has been implemented.

We have simulated a digital equivalent of the
ring-wedge detector. The inner rings are generally
not used as the input to the network. It has been
found [6] that using the data from them was not
useful. It is also noticed that using higher spatial
frequencies is also not helpful. The wedge detector
also does not include the data from the center.

6. Face recognition using NNs

The training set consists of 20 facial images,
four images of five persons. The 128 x 120 pixel
images taken from MIT database [11,12] were
contrast reversed (negative images) and then
Fourier transformed and converted to 256 x 256
pixel modulus squared Fourier transform. The
above set of Fourier transformed intensity images

are sampled through the ring-wedge detector.
Each intensity pattern gives a 64-element vector
after sampling through the ring-wedge detector.
Thus a set of 20 vectors of 64 element each is
obtained. The values of the individual elements
within a vector vary in order of magnitude. The
corresponding elements in different vectors vary
about their mean values without considerable
change in the order of magnitude. Feeding this
data as such to the NN makes it unstable. Berf-
anger and George [7] used the log of the ring data
to reduce the dynamic range of the data, and both
the ring data and the wedge data were scaled to a
range between )1 and 1. George and Wang [13]
scaled the first few rings by a factor of 128, 8, 4,
and 2 and additionally by use of log intensity.
Leveling of the data from the ring-wedge detector
is necessary because it varies by orders of magni-
tude. Coston and George [14] averaged the data
collected by the detector over 100 scans and sub-
tracted a bias from the averaged data.

We took the mean of the vectors and got a 64-
element mean vector. Each element of the vector
obtained with the ring-wedge detector is divided
by the corresponding element of the mean vector.
This preprocessing is a better choice over earlier
methods. Taking the log can give an undue
weightage to certain frequencies, which might not
be even from the facial expressions. Subtraction
also does not change the order of magnitude. The
test data set is also pre-processed through this
mean vector calculated by the training set.

A fully connected feedforward backpropaga-
tion NN with 64 input neurons, 20 hidden neu-
rons, and 5 output neurons [7] has been simulated.
The learning algorithm used is gradient descent.
The transfer function used from input layer to
hidden layer is log-sigmoidal and the transfer
function used from hidden layer to output layer is
pure-linear. Both the input and desired outputs of
the network are assumed to be unipolar. It is as-
sumed that the facial image at the input belongs to
one of the five persons to be recognized. The cor-
responding element of the five elements output
vector should become '1 ' and the rest should re-
main '0'. Keeping the input and output vectors
unipolar makes the system more realistic to be
implemented optically. Berfanger and George [7]
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used a fully connected three-layer feedforward
configuration with 128 (for ring wedge), 64 (for
ring only and wedge only) input neurons, 20 hid-
den neurons, 5 output neurons, and sigmoidal
activation function. Berfanger and George [6] in
another application used 59, 27, and 32 inputs for,
respectively, ring-wedge, ring only and wedge
only, and 12 hidden and 8 output neurons. We
have studied the network for the number of epochs
and the learning rate. Note that the effects of
change of learning rate and epochs can be studied
more prominently only when the same set of ran-
dom numbers is chosen for the initial weights.
George and Wang [13] used software Neural-
Works Professional II Plus and Neural Ware for
simulating their NNs. We have used the Matlab
5.2 Neural Network toolbox Ver 3.0.

7. Results

Fig. 5 shows a plot of mse as a function of
learning rate and number of epochs for the net-
work. The lower surface is for 'mse' on training set
and the upper surface is for 'mse', on generaliza-
tion set. These surfaces were obtained when the
network was trained by the digitally calculated
Fourier transform of the facial images.

The lower surface shows that for learning rates
between 0 and 0.25, varying the epoch from 50 to
550 decreases the 'mse' monotonically. 'mse'
reaches 0.002 for learning rate near 0.25 and for
learning rates near 0.01 it reaches 0.0018. For
learning rates higher than 0.27 local maxima start
appearing for plots between 'mse' and epochs.
However, the asymptotes still reach the same value
0.002 till the learning rate reaches 0.63. Beyond
0.63 the asymptotes increase to 0.006 or higher.
The figures quoted here may not be clear from the
plots shown in Figs. 5 and 6. To interpret these
results, the plots were sliced and seen one by one.
Plots of 'mse' vs learning rate show that 'mse'
decreases rapidly for increase in learning rate from
0.01 to 0.24. A safer choice for training with this
database and architecture is thus learning rate
-0.24 and epochs -300.

The upper surface (generalization) shows that
for small values of learning rates 'mse' decreases
asymptotically to 0.06 with an increase in the
number of epoch from 50 to 550. Here also 300
epochs seem to be sufficient. For learning rate
—0.07 the function between 'mse' and epochs be-
comes a parabola, the 'mse' showing a minimum
between 200 and 300 epochs.

For learning rate between 0.07 and 0.15, this
minimum of the parabola keeps shifting towards

theory

epochs

600 o

Fig. 5. Plot of mean square error as a function of learning rate
and number of epochs. The lower surface is for training set and
the upper surface is for generalization. The Fourier transformed
facial images for these results were simulated on computer.

epochs

Fig. 6. Plot of mse as a function of learning rate and number of
epochs. The lower surface is for training set and the upper
surface is for generalization. The Fourier transformed facial
images were obtained optically.
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Fig. 7. Schematic set-up for obtaining optically the Fourier transforms of facial images.

smaller epochs. For learning rate greater than
0.15, the curve 'mse' vs epochs increases mono-
tonically. Beyond 0.27 local maxima also appear.
But interestingly 'mse' reaches very low value
^0.044 for 75 epochs value in this range. For
learning rate ^0.63 the 'mse' vs epoch curves
separate from the earlier curves. There appears to
be a minimum for 'mse' vs learning rate between
0.63 and 0.71. Training with this data set shows an
optimum result (i.e. a trade off between 'mse' of
training set and generalization) for learning rate
^0.65 and epochs ~300. However, for an arbitrary
training set learning rate ^0.25 and epochs ^150
will be sufficient to test the NN.

Fig. 6 shows 'mse' surfaces as a function of
learning rate and number of epochs obtained when
the network was trained by the optically generated
Fourier transform of the facial images. The facial
images were displayed on an electrically addressed
transmission type SLM (Jenoptik model SLM-
M)with pixel size of 32 x 32 lm. The images were
Fourier transformed by an FT lens of focal length
500 mm (Fig. 7).

The information captured by the CCD was
sufficient to train the network. These surfaces
show a higher 'mse' than the surfaces for the
Fourier transform obtained digitally (Fig. 6).
This is largely because the limited dynamic range
of the CCD constrains us to capture only a band
of frequencies in the Fourier plane. Optimum
learning rate for training set is 0.23 and the
optimum number of epochs is again found to be
~300 as beyond which the behavior is asymp-
totic. Generalized 'mse' reaches a constant 0.032
with increase in learning rate. Generalization

'mse' decreases monotonically for increase in
learning rate from 0.01 to 0.33. For larger
learning rate both training and generalization
'mse' reach 0.16. Beyond 0.33 there is a tradeoff
between training and generalization 'mse' i.e.
with decrease in 'mse' of generalization the 'mse'
of training set increases.

8. Conclusion

Ring-wedge detector has been simulated for
various sizes (number of pixels) to estimate the
smallest size of the detector which can generate
smooth curves while sampling Fourier transform
(modulus square) of a random matrix. Ring-
wedge detector of size approx. 300 x 300 pixels is
sufficient to keep low the digital artifacts due to
pixelation of the detector. For the size greater than
300 x 300 pixels, there is no considerable im-
provement in the performance of the detector.

The output of the ring-wedge detector sampling
the Fourier transform intensity of facial images
has successfully trained a feedforward backprop-
agation three layer NN. The facial images used
during training and generalization were scale, and
rotational variant. The input vectors, weight ma-
trices and output were all kept positive numbers.
Fourier spectral intensities obtained by simulation
and experiment were both tested for training and
generalization of the network. The network was
studied as a function of learning rate and number
of epochs. This is a general-purpose analysis. The
results in individual applications, may or may not
prove useful in any specific case.
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