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Abstract
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In order to improve the performance of a linear auto-associator (whichesial
network model), we explore the use of several pre-processing tegmidhe gist
of our approach is to represent each pattern by one or severgkrq@ressed (i.e.
filtered) versions of the original pattern (plus the original pattern). Rivetcom-
pare the performance of several pre-processing technigues (avafdlla version of
the auto-associator as a control, a Sobel operator, a Canny-Depehatar, and a
multiscale Canny-Deriche operator) and a Wiener filter on a pattern complagkn
using a noise degraded version of faces stored. We found that the malglt@anny-
Deriche operator gives the best performance of all models. Secenchmpare the
performance of the multiscale Canny-Deriche operator with the contrdlitbt@mmon
a pattern completion task of noise degraded versions (with several |évelgse) of
learned faces and new faces of the same or another race than the lie@e® In all
cases, the multiscale Canny-Deriche operator performs significantly bedtethe
control.

keywords : auto-associator, multiscale Canny-Deriche operator, pattern recognitalet
transform, Wiener filter, Principal Component Analysis.

1 Introduction

Linear auto-associative memories are one of the most simple and well stuglieal-network
model[1] [2]. They are widely used as models for cognitive tasks as welattern recognition, or



digital signal processing, in part because they are formally equivedenell-known techniques
such as the Karhunen-kwe transform or principal component analysis [3]. Even though linear
auto-associators are known to be quite robust when noise is added titémapto be recognized,
their performance is rather bad wheto&aof noise is added to the stimulus. One of the ways of
improving performance could be to use some pre- and post- processhgdtterns to be recog-
nized. In this paper, we evaluate the performance of a pre-processingiques using wavelet
transform applied to face images. This paper is organized as follows, Wéslescribe the linear
auto-associator model applied to face images. In the second part, weredhgpavavelet approach
with other pre-processing or filtering techniques. In the third part, we &dke performance of
the wavelet approach under various conditions of noise degradation.

2 Description of linear associators

The class of models presented in this section are known as linear assj8id#ri5]. They come
in two forms: hetero- and auto-associators. The hetero-associattwecased to learn arbitrary
associations between input and output patterns. The auto-associaspeicia case of the hetero-
associator in which the association between an input pattern and itself isde#émrihis paper, we
will consider only the linear auto-associator.

The advantage of linear associators in comparison with non-linear modedd theély provide
for the integration of a very large number of cells in the network. Their implé¢atiom is quite
easy, because they can be analyzed in terms of the singular value dettionpaf a matrix[3][5].
Besides, linear models constitute a first processing stage for numerplicaipns using more
sophisticated approaches (see [3],[6] for reviews).

When these models are applied to images, the first step is to transform etizedlignage
into a (image) vector by concatening the columns of the matrix of the pixel valuie image.
Images are “stored” into a connection weight matrix, which models neunalptic connections
between neural cells associated to the image pixels (see Fig. 1).
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Figure 1:The linear auto-associator is applied to images : transform each digitized imtage
vector by concatening the columns of the matrix of the pixel values of the image.

In our description, we follow closely the formulation detailed in[5]. The patdo be learned
are represented by x 1 vectorsa; wherek is the stimulus number. The componentagp&pecify
the values of the pattern to be applied to fheells of the input layer for thé-th stimulus. The
complete set ofs stimuli is represented with & x K matrix notedA (i.e., a; is thek-th column
of A). The L x L synaptic weight connection matrix between thénput cells is denotedV.
Learning occurs by modifying the values of the connection weight beteelésias explained later
in this section. The response (or estimation) of the model to a patténmich may or may not



have been learned) is obtained as
x = Wx (1)

Because auto-associators are generally interpreted as conterdsadideenemories, their per-
formance is evaluated by comparing the output of the system with a test pattiérin can be
a copy or a degraded version of one of the patterns previously lebsndte system. This is
achieved by computing similarity measures (most of a time a cosine) betweeraimpoutput.
The coefficient of correlatiometweernx andx is an index of the quality of the estimation and so
on the larger the similarity between input and output, the better the performance

In order to achieve a high level of performance, several iterativenilegurules have been
proposed. The most popular one is clearly the Widrow-Hoff learning fithés is an iterative pro-
cedure which corrects the connection maWk using the difference between the target response
and the actual response of the network. In matrix notation, the Widrowshllefis written as:

Wi = Wy +n(a, — Wyag)ag (2)

with W, being the weight matrix at stefpn being a small positive constant, and the index
being chosen randomly.

The linear associator has been often analyzed in terms of the eigenvalm@mtesition or
singular value decomposition of a matrix. In terms of the singular value decitigpg the rec-
tangular stimulus matriA is decomposed as:

A =PAQ” ()

with A, diagonal matrix of singular valueg\( = A'/?); A, diagonal matrix of non zero eigen-
values ofAAT andA” A; P, matrix of eigenvectord A”; andQ, matrix of eigenvectora” A.
The Widrow-Hoff learning rule can be analyzed in terms of the singularevdecomposition of
matrix A [3]. Specifically,W{; is expressed as[5]:

Wi = P{I— (I-nA)"}P" (4)

Whenn is smaller than 21 (Amax being the largest eigenvalue Af), the Widrow-Hoff learning
rule will converge to:

W = PP’ (5)

which is the value we used in this paper. The maPRixs a L x N matrix with N being the
number of non zero eigenvalues. Typicallyjs significantly smaller thav (i.e, N < L). As
a consequence, usifg directly instead oW will lead to an important gain in processing speed
as well as storage. For example, when dealing with a face recognition appiicthe matrixW
was a33975 x 33975 matrix whereas the eigenvector matlxwas only a33975 x 400 matrix.
In terms of the eigenvector matrRR, the response of the modglto a patternx (equation 1) is
obtained as :

% =PPTx (6)

3 A pre-processing using multiscale edges

The goal of learning is to find values for the connections between celtsthatthe response of
the model approximates the input as well as possible. To assess theraaréer of the model,
degraded versions of the previously learned stimuli are presented to thed asoa test. If learning
has been successful, then the response pattern will be more similar to timalop@ttern than
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the degraded stimulus was (see [1] for an illustration). In other words;aasociators can act as
pattern completion devices.

In this paper we explore different approaches for improving the pmdace of a linear auto-
associator storing face images. The general strategy is to store, in additi@original images,
several filtered versions of the images (see figure 3). We refer to tihisitpe agpre-processing
Then, the model is evaluated by its reconstruction performance whesnpeesvithprobeswhich
are versions of the original faces degraded by the addition of Gaussidom noise.

As we are interested in image patterns, we choose filtering techniques nfeaimirtbe this
context. Because it is generally agreed that edges are essentiatdgnitéon[7], we decided to
increase their importance in the image. Quite a number of algorithms have gmsed in the
literature to perform edge extraction. We decided to implement three algorittzmms]ly:

1. theSobeloperator (a differential operator) as it is considered as a standacdgure well
suited for noiseless images.

2. theOptimized Canny-Dericheperator because it is known to be optimal for edge extraction
in noisy images [8][9].

3. theMultiscale optimized Canny-Derichexdge detector[9] which is equivalent to finding
local maxima of a wavelet transform as suggested in [10]. The optimizedycaeriche
filter is a separable filter when applied to 2D images. Its impulse responsd isagnal
(because of its separability, the filter can be seen as two 1D filters) is lgjwen

f(x) = ksxe™™ + ™% — ¢ (7

with £ = 0.564, m = 0.215, and wheres = 27 is the scale factor (with, in our case,
j €40,1,2,3}), andz being the pixel position. The figure 2 displays the impulse response
of optimized Canny-Deriche filter for different scales.
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Figure 2:Impulse response of optimized Canny-Deriche filter for different scales



This method is implemented as a wavelet transform using a convolution betveciemate
and the edge detection filter for different scales={ 27). As a result, this filter detects
edges occurring at different scale resolutions in the image [10].

In order to compare these different techniques, we implemented these Bratmiay with 2
control conditions corresponding to a standard associator, and tésanaosing a Wiener filter
(because it is a standard algorithm applied one image at a time). All the modelsested using
the same procedure. The patterns stored were a set of 80 face imags=2ah x 151 (with 16
gray levels per pixel). The performance of each model was assesdelioavs. Each face was
then degraded by adding to each pixel a random number (chosen atitetimoise values belong
to the interval0 45]). The degraded face was then recalled by the model (or filtered in theo€as
the Wiener filter model). The correlation between the original face and thelmecbnstructed
face reflects the performance of the model for this face: The higheotinelation, the better the
performance. Specifically, the models were a Wiener filter applied directlyetadise degraded
stimulus and 4 auto-associators (see figure 3):

1. astandard auto-associator storing the original 80 faces images;

2. an auto-associator storing the original 80 face images plus, for aaehdSobelfiltered
image of the face (hence a total of 160 face images);

3. an auto-associator storing the original 80 face images plus, for aeehdCanny-Deriche
filtered image of the face (hence a total of 160 face images);

4. an auto-associator storing the original 80 face images plus, for eaeh fourwavelet
transformed(by a multiscale Canny-Deriche filter) face images (one face image per scale
resolution, hence a total of 400 images).

For the last three models, the complete set of patterns to be learned (Apisickomposed by
original images and filtered images. The eigenvector m&rand the synaptic connection matrix
W have be obtained using equations (3) and (5).

Fig. 4 displays an example of the responses of the models to the test faedopl hanels
present: A face previously learned by the system and a stimulus with additidem noise added
used as a probe to evaluate the performance of the models. The bottdsgtevethe estimation
of the original face by: a standard auto-associator, a Wiener filter,amstociator plus Sobel pre-
processing, auto-associator plus Canny-Deriche filter, and aubciags plus wavelet transform.
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Figure 3:Patterns to be learned by 4 auto-associators : Filtered images have bedésipec-
tively with the Sorel operator, optimized Canny-Deriche operator and et Transform.

Target Stimulus

Standard Wiener Sobel Deriche Wavelet

Figure 4: Response of the models. The top panels show a target face (previcaisigdeby
the auto-associator) and the stimulus used to test the model (the stimulus is aersisy of
the target). The bottom panels show the responses of the different mddedsvavelet model

performs best.
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Figure 5:Mean correlation between the model responses and their targets (the thiglverre-
lation, the better the performance). The wavelet model performs best.

The quality of recognition (estimation) can be measured by computing the dosineen
the vectorx (i.e., the response of model) ang (i.e., the original stimulus which is also the
desired response or target). Fig. 5 gives the average correlatioedietesponse and target for
the 5 models used. Clearly, the standard method is the worst of all. Prespiog the images
improves the performance of the auto-associator, and the waveleoimangives the best result.
In conclusion, the multiscale resolution (i.e., wavelet pre-processingpagip leads to the best
performance for the auto-associator. Therefore, we decided, infellaavs, to consider only this
approach.

4 Pattern completion of noisy patterns

We have applied the multiscale edge pre-processing to store a set of 8@s@aufaces (40 males
and 40 females). In order to evaluate the effect due to pre-procesgnggsted the model with
different levels of Gaussian random noise added to the test stimulusihgavas implemented
as described in the previous section. For simplicity, we decided to keep oalyntvdels: the
standard auto-associator and the wavelet enhanced auto-assoestorg was implemented as
described in the previous section except that faces were tested uddtardnt levels of noise.
The noise intensity was chosen such that its range was respeciivelys], [0..30], [0..45], and
[0..60]. Fig. 6 displays an example of the noisy test stimuli used along with the respbesich
model (standard and wavelet).



Figure 6:The top panels show 4 stimuli obtained by adding to a target stimulus a noise centpo
of magnitude equal to 1, 2, 3, and 4 times the magnitude of the signal of theadsgjimulus. The
middle panels show the responses produced by the standard aut@@ssand the bottom panels
the response of the auto-associator when learning is “enhanced” withetiltered stimuli.

Figure 7:Stimuli and responses. The top panels illustrates performance for a neasian face,
the bottom panels for a new Japanese face. From left to right the paoels ¥) a noise degraded
stimulus (the magnitude of the noise is equal to twice the magnitude of the original)sig) the
response of the standard auto-associator; 3) the response of thletrmhanced auto-associator.



We also decided to explore the performance of the model with 3 differees tyfface stimuli:
1) previously learned faces, 2) new faces similar to the learned fagd<s3)anew faces coming
from an other race than the learned faces. This was done in orderlt@m&vihe robustness of
the models in terms of response generalization to new stimuli. Fig. 7 displays eaxaaple, the
responses of both models for 2 new faces (from top to bottom): 1) a reensfailar to the set of
learned faces (Caucasian face), and 2) a new face differentfreset of learned faces (Japanese
face). The auto-associator trained with the standard learning is not giredioce distinguishable
responses. As can be seen in Fig. 7, better results are obtained witletymeprocessing.
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Figure 8:Mean correlation between model response as a function of the magnittite mdise
for Caucasian faces previously learned, new Caucasian faceagandapanese faces. The filled
lines correspond to the wavelet enhanced model, the dotted line to the staudarassociator.
The wavelet enhanced auto-associator always performs best.

Fig. 8 displays the mean correlation between noiseless face images andpgbefoueach
model: 1) for 80 previously learned Caucasian faces, 2) for 80 newd&3#an faces, 3) for 80 new
Japanese faces. In all cases, pre-processing the image improvesgtimpnce of auto-associator
with the improvement being more important when the noise added is larger.

5 Conclusion

In this paper, we have explored the effects of storing, in a linear asweidor, filtered versions
of face images in addition to the original images. Compared to the Sobel apanatthe simple
Canny-Deriche operator the multiscale Canny-Deriche operator (i.e.veletdilter) gives the
best performance for a pattern completion task involving degraded faggeegnd he multiscale
Canny-Deriche operator produces better generalization perfornizacéhe control with or with-
out noise added to the image. The larger the amount of noise added, taetlEgmprovement
in performance. We are now exploring the effects of using the multiscaleyGariche operator
for other traditional face processing tasks (see, e.g., [11]).
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