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2 Sensitivity Analysis using ART models (ArtSen)

The presented method is based on the ARTMap model, and is illustrated in
�gure 1.
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Fig. 1. ArtSen model scheme

The model is composed of mainly three modules: a �rst module (�� connec-
tionS) where weighted inputs are received, are processed (if necessary), and an
output is produced, which will be the input for the second module (ARTMap

module). In the ARTMap module, the signal is propagated as usual in this
model. Finally, sensitivity analysis will be carried out in the Entropy Model
(EM) producing outputs, called Inuence Signals (IS). These outputs biunivo-
cally determine the inuence level of each input signal and are used to weight
the inputs in the next time interval

�� Module The �rst module of the system consists of a set of �� con-
nections [4, 12] in which each cluster receives two signals, one from the input
stimulus Xi and the other, the output signal, from the entropy model ISi acting
as weights. The generic equation for the �� cluster is:

X 0j = �k
i=1WjiISiXi (1)

The output produced by the �� cluster, the X 0

i, will be input to a signal
preprocessing module whether or not warranted by the problem to be solved.

Art Module The output of the �rst module is input to and propagated through
an ARTMap module [2] (which can be replaced by an ART2 model [1] if there
is no reinforcement signal). The module clusters the input signals unsupervised
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or by reinforcement. Once the net has been trained, the sensitivity analysis will
involve determining the inuence level of each input signal in the clustering
process. The BottomUp connections (Zij) are used as input for the last module
of the model, the entropy model.

Entropy Module A diagram of the architecture of this model is shown in �g-
ure 2. Figure 2 shows four layers: three Feed Forward layers, and one competitive
layer. The main purposes of this module are:

1. To measure the inuence of each system input to the on the ArtMap model.
2. To make this measure depending on the ARTMap learning phase.

The �rst task is carried out in the �rst three layers of the net and the second
one in the fourth layer.
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Fig. 2. Entropy Module

The �rst layer consists of n groups of cells, where n is the dimension of the
X 0

i input. Each group (Gi) will get m inputs, where m is related to the number
of categories generated in the F2 layer of the Art model, (�gure 3):

Gi = fZij ;8j 2 F2g (2)

where Zij refers to the connection between the ith cell of F1 and the jth cell
of F2 of the ARTMap net Arta model (�gure 3). The F1 layer directly receives
the Art net input. Therefore, each cell of this layer is related to one of the input
lines of the Xi stimulus.

The second and third layers are each composed of a cell, connected as shown
in �gure 2. The output of this last layer has the same dimension as the F1 layer
of Arta, which also corresponds to the dimension of the Xi input. This output
directly addresses the next competitive layer. The equations that govern the
behavior of the module are:

�s
@S1

ij

@t
= �S1

ij + f1(Zij) (3)
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Fig. 3. Connection between the input of the Entropy Model and the BottomUp con-

nections of the ArtMap net

�s
@S2i
@t

= �S2i + f2(�
M
j=1WjiS

1

ji) (4)

�s
@S3i
@t

= �S3i + f3(�
M
j=1W 0ji(S

1

ji � S2i )
2) (5)

Where:
S1ij is the output of the ith cell of the jth group of the �rst layer of the

entropy module, f1, f2 y f3 are sigmoidal functions, Zij is the jth input of the
ith group of the entropy module, M is the number of categories created so far
in Arta (F2 dimension, coinciding with the number of neural groups), S2i is the
output of the ith cell of the second layer of the entropy module,Wji is the weight
of the connection between the jth cell of the �rst layer and the ith cell of the
second layer. A constant value Wji = 1

M can be selected, S3i is the output of
the ith cell of the third layer of the entropy module, Wji is the weight of the
connection between the jth cell of the �rst layer and the ith cell of the third
layer. A constant value Wji =

1

M can be selected, s is a temporal constant
Equation 2 shows how S2i works as a threshold to compare the signals of

the input groups of the entropy module, in absolute terms, thus outputting the
variances of these signals, grouped by the input of F1. This variance, S

3

i , acts as
the input for the competitive layer of the entropy module, where the dynamics
of the model is de�ned by:

�c
@ISi

@t
= �ISi + fc(S

3

i + ISi ��N
j=1;j==iW 00ijISjÆ(t)) (6)

Where:

ISi is the activation value of the units,W 00ij are the connection weight of the
ith cell of the third layer with the jth cell of the fourth layer, n is the dimension
of the fourth layer, Æ(t) is a positive value lower than 1, cell competitiveness
rating of the cells, fc is a sigmoidal threshold function, and �c is a temporal
constant.
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Values for �c >> �s should be used that assure that the short-term variations
of S3

i
do not strongly a�ect ISi.

Æ(t) introduces what has been called competitive vigilance factor (cvf)
in the competitive layer, where the higher the value, the higher the competition.
Its variation in time will be governed by the equation:

Æ(t) = 1�
1

e
t

�

(7)

3 Experimental validation

The experiment chosen to validate the system was automatic face recognition.
This problem has some special features that makes it suitable for use in system
validation [9, 8]. It is a very complicated task involving a wide variety of factors,
including translations, scales, luminosity, shape, aspect, etc. [11, 10],

The experiment involves classifying a set of 300 images of the faces of 20
di�erent people.

Two kind of experiments are presented, those provided by the Pattern Recog-
nition System without performing Sensitivity Analysis (Type A), and those pro-
vided by the system with the Sensitivity Analysis Process previous to the pattern
selections (Type B).

The preprocessing is the same for both experiments and it is very simple.
First, the images are compressed to 64x64 pixels ([3]), where each pixel represents
a grey level between 0 and 255, totalling 4096 points. These images are �ltered
by means of a wavelet transformation into two dimensions, using the Daubechie
4 wavelet, outputting a 64x64 coeÆcient matrix. This matrix will be the input
of the neural net, which will classify these images according to their similarity.

The reason for using 2D wavelet data processing before inputting data to the
neural net is that most of the useful information in the images is located in certain
transformation coeÆcients, particularly the low frequency coeÆcients. This is
easily demonstrable by rebuilding the images using the inverse transformation
from these coeÆcients only. Rebuilding is nearly perfect, albeit less perfect when
fewer coeÆcients are selected. However, if the images are rebuilt by randomly
selecting the same number of coeÆcients or using any other criterion, then the
rebuilding process is not possible.

3.1 Type A experiments

In a �rst stage the patterns results from the wavelet transformations are directly
introduced to the net. Each pattern has 4096 coeÆcients (64x64), i. e., the exper-
iment is developed with all the information available. Table 1 presents the results
from this experiment. First column shows the vigilance factor. Second column
shows the number of categories generated by the net. Third column presents the
number of categories classi�ed perfectly. Fourth column indicates the percentage
of global success. Finally, last column shows the typical deviation of the success
by category.
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Vigilance Number of Number of Global Typical Deviation
Factor Categories Categories with Percentage of of the Success

Generated 100% Success Rate Success Rate by Category

0.999900 19 17 68% 20.69
0.999910 22 19 67% 20.42
0.999920 27 25 68% 18.64

0.999930 35 32 76% 15.68
0.999940 45 40 84% 11.76
0.999950 64 62 97% 6.22

0.999960 97 95 98% 4.10
0.999970 133 130 99% 4.94

Table 1. Experiment with 4096 coeÆcients

In the next stages, the low frequency properties of the wavelet transformation
are applied, obtaining sub-patterns with 1024 coeÆcients (32x32), removing 75%
of the total information.

In a third stage 256 sub-patterns (16x16) are used, and so on, with a fourth
stage (64 coeÆcients), and a �fth stage (16 coeÆcients). In this last stage only
0.39% of the information is used.

Table 2 shows partial information of these stages. A new column, with the
number of coeÆcients, is included in the table.

Number of Vigilance Number of Number of Global Typical Deviation
CoeÆcients Factor Categories Categories with 100% Percentage of the Success Rate

Generated Success Rate of Success by Category

1024 0,999950 52 48 92% 8,09

1024 0,999960 73 71 97% 5,56
256 0,999960 45 41 94% 6,99
256 0,999970 75 72 99% 2,33

64 0,999970 42 38 88% 10,62
64 0,999980 67 64 99% 1,47
16 0,999990 54 48 93% 8,15

16 0,999995 102 99 99% 4,02

Table 2. Experiment with rest of coeÆcients

To increase the vigilance factor implies that the number of categories and
the success rate are higher. We consider a categorization as valid when there is a
95% of success at least and the number of categories generated is lower or equal
than 40. This value is two times the number of di�erent people.

In the �rst experiment (4096 coeÆcients) to get a 97% success 64 categories
are generated, value very high for the purpose of the method. Same occurs for
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experiment 2, 4, and 5. However, for experiment 3 (256 coeÆcients), we can
observe an acceptable categorization, with a 94% success and 45 categories.

3.2 Type B experiments

These experiments add the Sensitivity Analysis to make the process faster and
more eÆcient. The patterns which are result from the wavelet transformation
are processed by a module. This module has two main processes. First process
weights the signi�cance of each component. Second process transforms again
the patterns building another sub-patterns only with the relevant components.
The relevant components chosen by the method depends on the value for the
competitive vigilance factor. In this case increasing this facto the number of
coeÆcients selected by the method are: 171, 124, 72, 45, 37, 21, 14, 13 and 10.

Therefore the experiment is developed again with the components calculated
by the process. Table 3 indicates partial results of the Type B Experiments, in
the same way as was shown in type A experiments.

Number of Vigilance Number of Number of Global Typical Deviation
CoeÆcients Factor Categories Categories with 100% Percentage of the Success Rate

171 0,999950 42 37 86% 11,49
171 0,999960 51 48 95% 7,98

171 0,999970 77 75 99% 3,48
124 0,999960 47 43 95% 6,01
124 0,999970 66 64 98% 4,95

72 0,999970 50 46 93% 8,65
72 0,999980 85 83 99% 2,07
45 0,999970 41 36 95% 6,82

45 0,999980 59 55 97% 4,79
37 0,999980 57 52 95% 6,72
37 0,999990 111 109 99% 2,90

21 0,999980 43 37 88% 12,20
21 0,999990 78 77 99% 1,13
14 0,999990 59 53 91% 10,86

14 0,999995 109 105 99% 5,32
13 0,999990 56 49 92% 11,16
13 0,999995 108 103 98% 4,68

10 0,999990 44 37 92% 11,33
10 0,999995 82 74 96% 10,18

Table 3. Results from type B experiments

Considering the same principles as in Type A Experiments (95% success rate
and 40 categories) we can observe that in �rst experiment (171 coeÆcients) 51
categories are generated for a 95% success. This can be considered as acceptable,
as well as in second experiment (47 categories for a 95% success). In the fourth
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experiment (45 coeÆcients) a good categorization is observed (41 categories for
a 95% success), but decreasing this number (37, 21, 14, 13, and 10 categories)
no acceptable categorization is showed. Therefore, an optimum decreasing of
the number of categories is demonstrated. Under this value, results begin to be
worse.

Another method eÆciency test has been run on a time series prediction prob-
lem [7]. The method was completely validated against a classical sensitivity anal-
ysis applied to a multilayer neural net. The eÆciency of the proposed model with
noisy signals was also veri�ed in this problem.

4 Conclusions

The possibility of continuous learning, as in ART models, is highly important
when dealing with some sensitivity analysis problems. In situations where the
inuence of the signals changes over time it is essential to have a method capable
of picking up these variations, as and when they occur at a reasonable computa-
tional cost, and to be able to automatically determine when the variation took
place.

The new sensitivity analysis presented here has these features. As the input
changes, if the weights of the categories change or new categories are produced,
these changes are automatically included in the sensitivity analysis calculations
for the next input. The results vary due to the new situation.

As shown in the experimentation presented, the generality level of a system
with inputs removed by the model is not reduced and, in some cases is increased
due to the elimination of the noisy signals.

The analysis can be carried out in a supervised or nonsupervised manner
or by reinforcement using this method by merely selecting the respective ART
model.
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