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ABSTRACT

Conducting polymers such as polypyrrole and pclyaniline represent a new
class of organic polymers that are capable of molecular interactions and

being able to interact, chemically or electrochemically, with the species . of
interest for detection . Although these conductive materials have unique pro-

perties they have their specific problems with respect to their reproducibility

and reusability. Problems exist due to the dynamic nature of these polymers
thereby mitigating against their successful application as novel sensors. This
has also hindered the production of analytically useful, sensitive, and rever-

sible signals by using these polymers . This paper has sought to examine
these problems through the Introduction of new series of integrated artificial

Intelligence/conducting polymer based sensor. In this type of sensors analy-

tical responses, which look irreversible and non producible, are combined
by an artificial intelligence trained computer by which reproducible output,

based on the created model and pattern by the computerized system, can
be predicted . This paper demonstrates and compares the applications of

artificial neural networks, and fuzzy methods In the realm of modelling and
pattern recognition. it has been found that the neural network approach has

more flexibility in modelling than the fuzzy approach.
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INTRODUCTION

There can be no denying the tremendous impact

that the widespread use of polymer materials has
had on our society. The impact of polymers in our

lives is such that many scientists believe that the

textbook of our descendants will refer to the
twentieth century as the beginning of the "polymer

age" . Synthetic polymers have been known and
used as excellent insulators for many years.

According to Billingham and Calvert [1] " . .. for
most of the history of polymer technology one of

the most valued properties of these polymers has

been their ability to act as excellent electrical
insulators.. . ." . Over the past 20 years there has

been an enormous effort to introduce new

53



Application of Artificial Intelligence Methods in Conducting Polymer

materials denoted "conducting polymers" [2] . The
conductivity of these materials has been discussed
and compared with metals [3, 4] . Even there has
been a claim that some of these materials such as
polyaniline can be nobler than iron or copper as a
metal and has been named "organic metal".

Our interest in adaptive and sensory mater-
ials arises from a desire to develop intelligent
chemical systems; that is, systems which can moni-
tor and respond to chemical changes in the enviro-
nment . Therefore we have used conducting poly-
mer based sensors which possess an array of
attributes rarely found in other materials.

Appropriate manipulation of the material
composition can be used to induce specific mole-
cular (stimuli) recognition properties, and electro-
nic properties of the materials are such that electri-
cal information can be generated and processed
[5, 6] . Moreover, the electrochemically controlled
chemical nature of the polymers is such that
response actuation is readily achieved.

Although conducting polymer based sensors
have been used in variety of applications, there
have been very few cases that they have been
utilized in a commercial products . This is due to
the dynamic nature of these materials which causes
reproducibility problems . Considering the passive
approaches used to control the dynamic intelli-
gence of these smart materials, there has not been
much success in keeping their behaviour under
contra] . We ,a group of several scientists and eng-
ineers, have considered the adaptive and dynamic
artificial intelligence methods to challenge and
control the output behaviour of an intelligent
conducting polymer based sensory system.

Therefore, our approach is towards introduc-
ing an intelligent process control system in which
the physical and chemical properties of such smart
materials can be dynamically controlled. This paper
is focused on the application of artificial intelli-
gence, neuro-fuzzy and neural network [7, 8], in
conducting polymer based sensors.

Artificial Neural Network
Artificial neural networks (ANN) are massively
parallel interconnected networks of simple organiz-

ations (processing elements) which are intended to
interact with the objects of real world in the same
way as the biological neural systems do [91.

These parallel distributed models are poten-
tially capable of performing nonlinear modelling
and adaptation without any assumptions about the
model . In very broad terms, the ANN may be
defined as an attempt to capture the human brains
capabilities for solving complex problems. The
term "artificial neural network" is used to describe
a number of different models intended to imitate
some functions of human brains.

Structure
Artificial Neuron
An artificial neural network consists of a number
of artificial neurons that are connected through
variable weighted connections . Each simulated
neuron is a single processing element that acts on
the input data to produce an intermediate result.
Typically, neurons are arranged in layers and
connected to the nodes in the proceeding layer for
input and the following layer for output . They are
referred to as nodes, units, or processing elements
(PEs). Each PE consists of a number of inputs and
only one output. Figure 1 shows a schematic repre-
sentation of a general PE model . Each unidirec-
tional connection to the i th PE is associated with a
numeric value called "weight" or connection
strength. When the weighted sum of inputs (the
net inputs) to a PE exceeds a certain threshold, the
PE is fired and the output signal is produced.

The output of a PE is a function of the
weighted sum of the inputs to that PE . This func-

Figure 1 . Mathematical model of a neuron.
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Figure a common activation functions.

tion is normally referred to as the activation func-
tion. The most commonly used activation func-
tions, including linear, hard limit, hyperbolic tang-
ent, and sigmoid are shown in Figure 2.

Multilayer Perceptron
In a neural network, input patterns (data signals)
are connected to the processing elements of the
input layer and the outputs of these elements are
connected to the inputs of the elements in the next
layer [10] . There is one PE for each input in the
input layer and one PE for each output in the
output layer . In addition, a few arbitrary hidden
layers inty also be inserted between the input and
output layers . The resulting network configuration
is shown in Figure 3, and is known as the multi-
layer perceptron (MLP). The use of more hidden
layers permits better handling of more complex
nonlinear functions.

Learning Process
A neural network is trained to learn the relation-
ship between input and output data. Learning is

achieved through a learning rule that adapts the
connection weights of the network when a set of
input test data and corresponding desired output
data are made known for the network . Generally,
in terms of the training procedure and data
presentation, the learning process is classified as
unsupervized or supervized learning. '

In an unsupervized learning process, only
input data (unlabelled data) are made known to
the network and each hidden processing element
internally responds strongly to a different set of
input or a closely related group of inputs. These
sets of inputs represent clusters in the input space.

In supervized learning, a desired output is
presented for each input, and the network gradual-
ly configures itself to achieve that desired input/
output relationship.

Adaptive Spline Modelling of Observation Data
(ASMOD)
The ASMOD algorithm is an off-line iterative
modelling approach which has the potential of
real-time learning, dealing with time-varying
systems . It has been successfully implemented in a
wide range of applications . ASMOD uses B-splines
to represent general nonlinear and coupled depen-
dencies in multivariable observation data [11].
B-Splines are commonly used in computer graphics
and CAD systems for representing three dimensi-
onal curves and surfaces with high accuracy.

In the ASMOD algorithm the output vari-
able is modelled as a sum of several low dimensi-
onal sub models, where each submodel only
depends on a small subset of the input variables.
The decomposition of the high dimensional input
space into low dimensional additive subspecies
makes the model transparent to the user, and at

Inputs

Figure 3. Multilayer Perceptron Network .
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the same time the complexity (number of para-
meters/fuzzy rules) of the model is dramatically
reduced. Another attractiveness of ASMOD algor-
ithm is that the derived model could be represent-
ed as a set of fuzzy rules (linguistic rules) which
defines the relation between input variables and
their dependencies or independencies and makes
the model more transparent to the user as well . ,

Nonlinear system identification by modelling
the underlying relationships in observation data is
an important application area for neural networks
and other learning paradigms.

The ASMOD modelling scheme may be
characterized by the following main properties
[l1]:
– models with high dimensional input spaces are
constructed as sums of several low dimensional sub
models.
– each subsoil is constructed as a conventional
multifuncticAal B-spline model, i .e . as a linear
combination46f B-spline basis functions distributed
in a grid pattern over the input space.
– if an approximate analytical model of the data
exists, the ASMOD can be initialized as an appro-
ximation to the analytical model . Otherwise, the
ASMOD should be initialized to be strongly const-
rained (with zero or a few initial basis functions).
–the structure and the constraints of the ASMOD
models are adapted to the data by means of an
incremental refinement procedure which introduc-
es new modelling capability gradually.
– the model is linear in the set of parameters, and
the global optimization methods such as standard
linear regression can be used. Alternatively on-line
algorithms which update the model based on single
observation vectors can be used . Due to the local
support of the basis functions the model can be
updated in a local domain around the training
point without affecting the rest of the input
domain.
–since a refined model can exactly reproduce the
original model, the model refinement is a non-
destructive process . The on-line training can be
hence continued with a refined model which is at
least as accurate as the model before refinement.
This means that no stored information is lost in the

refinement process.

The ASMOD modelling scheme can be
mapped into a three layered feed-forward neural
network, using B-spline basis functions as the
nonlinearities of the hidden layer, and a linear
transfer function for the output layer.

EXPERIMENTAL

Reagents and Standard Solutions
The polymer synthesis solution consisted of 0 .1 M
pyrrole (Sigma), freshly redistilled prior to use, and
0.5 M of sodium chloride (Aldrich) . These
components were dissolved in deionized (milli-Q)
water. Nitrogen was used for deoxygenation of the
solutions before the polymerization process.

Instrumentation
Voltametric data were obtained using a BAS CV27
voltamograph (Bio Analytical Systems, Lafayette,
PA, USA) . Data were collected using a Maclab
(Analog Digital Instruments, Sydney, Australia)
interface and a Macintosh computer . A resisto-
meter (developed by CSIRO, Division of Mineral
Products , Melbourne, Australia) was employed to
collect polymer resistance. The quartz crystal
microbalance was used to log the data for the
changes in the polymer mass, based on the design
previously published [12].

During the experiments, the current, mass
and resistance data were logged simultaneously
into related files so that latter can be used and
processed for pattern recognition. Since data
processing is implemented in MATLABTM
environment the presented modelling is carried out
in a personal computer . Turbo Neuron is a
commercialized software provided by NEXSYS Co.
ASMOD algorithm was also implemented in
MATLABTM environment and was downloaded
from intelnet . The presented modellings were
carried out in a 486-DX personal computer.

Procedures
The polymer was galvanostatically (current density
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Table 1 . Part of a typical data produced in MATLAB.

a . Data for Ca salt . b. Data for Li salt. c. Data for Na salt.

-0.7,-0,02,3 .70139,56 .1408 -0,7,-0.03,12 .9925,56,5 -0 .7,-0.02,5 .10189,41 .0698
-0.7,-0.02,3 .70139,56.1488 -0.7,-0 .03,13 .0376,56.4999 -0.7,-0.02,5 .10189,41 .056
-0.7,-0.02,3.70139,56 .173 -0 .7,-0 .03,13 .0827,56 .4282 -0 .7,-0 .02,5.05679,41 .0556
-0.7,-0.02,3.6563,56 .2134 -0 .7,-0 .02,13 .0827,56 .3729 -0 .7,-0 .02,5.10189,41 .1836
-0.7,-0.02,3 .r?563,56 .2683 -0.7,-0.02,13 .1278,55 .918 -0 .7,-0 .02,5.10189,41 .3422

0 .5,0 .07,0.589493,42 .1379 0 .5,1 .17,5.28039,55.9527 0.5,0.34,1 .6292,44 .6907
0.5,0 .07,0.544395,42.1918 0.5,0 .52,3.83719,56 .2249 0 .5,0.22,1 .3135,45.0874
0.5,0 .06,0.544395,42.2282 0.5,0 .11,1 .4018,57 .192 0 .5,0.16,1 .088,45.3495
0.5,0 .06,0 .499298,42 .2548 0.5,0 .09,1 .2665,57 .2592 0 .5,0.09,0 .772297,45.6072
0.5,0 .06,0 .499298,42 .2846 0.5,0 .08,1 .1763,57.3085 0 .5,0.08,0 .682098,45.5903

= 2mA/cm2 for 2 min) deposited into a gold
crystal. An Ag/AgC1 reference electrode and a pla-
tinum counter electrode were employed, electro-
chemical characterization was carried out using the
SMAC (simultaneous multidimensional analysis
of conductors) 'technique [12] in three different
salts (sodium chloride, lithium chloride, and cal-
cium chloride, as Na salt, Li salt and Ca salt,
respectively).

RESULTS AND DISCUSSION

Polymer films can be electrochemically produced in
different shapes (film, membrane, tape, etc) using
different methods . The effect of polymerization
techniques on physical and chemical properties of
the polymers have been already discussed [13, 14].

In this work the polypyrrole film was pro-
duced while a constant current was applied . Since a
mobile chloride counter ion was incorporated into
the polymer during electrodeposition, the following
switch process under application of electrical
potential is expected.

where AZ,) is the mobile counter ion and A(a) is that

counter ion expelled into solution. The anion in-
corporation/expulsion process generates electrical
signals due to physical and chemical changes in the
polymer/solution interfaces. These changes have
been recently studied in an online/infield/real-time
manner using a very advanced method denoted
'SMAC' [12] for simultaneous multidimensional
analysis of conductors. The method is capable of
collecting different electrical signals on different
channels simultaneously. Examples of such online
data collection for polypyrrole electrodes in diff-
erent salt solutions (calcium, sodium and lithium)
have been already pointed out [I1].

Five different experimental works have been
performed for freshly prepared PPy/Cl in 1M
NaCl, 1M LiCI, and 0.5 CaCl 2. During the
experiments, ten pulses at the same potential and
time duration were applied . Then, two different
samples were taken out from each experimental
results (pulses #9 and #10) . This resulted in
producing the files of current (I), mass (M) and
resistance (R) as a function of potential (E) for
each salt. Then combining the attribute files
together, so E, I, M and R, respectively, form a
record (row) of data, a file is created for each salt
as shown in Table 1 (Tables 1(a)–(c), contain a
portion of such typical data files).

As explained before the data is not
reproducible and needs to be processed for more
reliable ion detection operation . To do this, the

+e–A,.
4 –e

Ate) + A(a)
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Table 2 . Part of a typical data presented in Microsoftexcel.

... . 156 157 158 159 160 Ca 1.1 Na

-0 .09 -0.09 -0.09 -0 .09 -0.10 1 0 0

-0.11 -0.09 -0 .10 -0 .10 -0.11 0 1 0

-0.10 -0.10 -0 .10 -0.11 -0.10 0 0 . 1

entire set of collected data was transferred into
MATLAB environment ,as one huge file, for
necessary data processing required for modelling
steps . Later, the processed data needed to be
transferred from MATLAB to the artificial neural
networks' software (Turbo Neuron) and ASMOD
for training and test stages. 160 Data for each
variable were collected in an online/real time
manner for one single experiment in 1M NaCl.
Similar data were collected in other environments
(CaCl 2 and LiCI). A set of 10 experimental works
were carried out for each solution resulting in 30
experiments for three salts with 4 variables . There-
fore, a matrix comprizing of 120 (30 experiments
and 4 variables) rows and 160 columns was resulted
as a final product of data processing stage within
the MATLAB environment . Since the Turbo
Neuron software can be installed within Microsoft-
excel, the processed data were submitted from the
MATLAB into the Microsoftexcel . A part of data
presented in Microsoftexcel is shown in Table 2.
The table consists of data numbers from 156 to 160
for current variable in three different salts used in
this study.

The first row of the table indicates a number
of data presented to the network as inputs and
outputs . The other rows are parts of the real time
data collected for current during experiment. As
the table shows, for the selected 160 inputs there
are three outputs considered as data No . 161—163.
Since the network can not deal with the letters, the
outputs are classified in one and zeros . In this
study outputs 1 0 0, 0 1 0 and 0 0 1 representing
calcium, lithium and sodium salts, respectively. It is
important to note that since the scale of the
collected data for the four variables in this task is
different, the network is not able to deal with all
simultaneously. Therefore, the input data were

presented to the network separately resulted in 3
different models and patterns for our three main
variables (I, R and M) . Electrical potential (E) was
only applied to create oxidation/reduction switches
for the polymer electrode to create physical and
chemical changes at the solution/electrode inter-

, face.
There are three main stages involved in the

ANN based pattern recognition applications . The
first stage was followed for the processed data by
definition of inputs ( Data No :1—160) and outputs
(Data No:161—163) to the Turbo Neuron network.
In the second step, the test and train data were
randomly (30% as test and 70% as training data)
selected. In final stage of pattern recognition,
different conditions were imposed to train the
network. The Turbo Neuron consists different
parameters for training. The main parameters are:
degree of fidelity (which is related to the number
of nodes in hidden layer and selected in advance to
represent the intrinsic dimensionality of the data
set), excitation function (which is applied to the
neuron's activation value to generate the neuron's
response and has sigmoid or gaussian functions)
and the iterations number (which is associated with
the maximum number of training cycles to reach
the minimum error in the predicted model) . These
parameters give flexibility to the network for
pattern recognition and classification applications.
While one particular condition may not create a
reliable pattern the other conditions may result in
a reliable predicted model as the same data are
used.

Following these three steps different pat-
terns were created for I, M and R data for all three
salts. All three variables were modelled with the
same conditions (degree of fidelity: 80, maximum
iterations number: 60, activation function : sigmoid
and conjugated gradient as learning rule). Using
the following conditions, i.e. degree of fidelity: 80,
maximum iteration number (epoch) : 60, excitation
function: sigmoid, conjugated gradient as the learn-
ing rule of the presented model in Figure 3 was
created with 160 inputs, 3 outputs and 2 hidden
neurons . It takes less than a minute (55 s) for the
system to be trained while it takes 63 s and 67 s for
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Figure 4. Model prediction using neural network based

Turbo Neuron software : (a) The profile of training and test
during modelling versus percentage of epoch and error

using Turbo Neuron, (b) Salt classification with the per-
centage of error at epoch 60.

training resistance and mass data, respectively.
Figure 4(a) illustrates that the training and testing
relative error has been improved by more than
80% . The supervized learning was terminated at
epoch 60 giving a reasonable low relative error of
0.04 for both training and test samples . As it is
observed in Figure 4(b), the classification of salts
with different percentages of error was also carried
out at epoch 60. The calcium salt is classified with
the highest accuracy (relative error of 0 .020)
compared with lithium salt as the lowest accuracy

Figure 5. Model prediction using neuro-fuzzy based

ASMOD algorithm : (a) target prediction, (b) model predic-
tion.

(with almost 0.06 relative error) . The percentage
of error suggests that the detection of calcium,
lithium and sodium can be efficiently done even if
non reproducible and non linear system is intro-
duced . This ,is because the neural network trained
system is capable of keeping the history of the
process and the entire set of data into account for
its model prediction operation.

Using ASMOD (adaptive spline modelling of
observation data) another reliable classification is
also achieved. ASMOD is a new scheme for non li-
near data modelling which creates models in which
high dimensional input spaces are constructed as

Iranian Polymer Journal / Volume 6 Number 1 (1997).
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sums of several low dimensional submodels [8].
Although this method is not as flexible as Turbo
Neuron it has its own advantages . The method
does not require many conditions to operate apart
from an important factor called "spline degree".
The other conditions have been already considered
in the mathematical operation of the algorithm
itself. The training and test steps can be
automatically run as soon as the input and output
parameters are defined. The algorithm will then
find the important data and exclude those which
are not relevant in its modelling . This results in a
faster modelling and pattern recognition which is
very important in online detection where time of
detection plays an important role . Figure 5 is a
product of ion detection by a conducting polymer
sensor using ASMOD trained computer modelling.
Using B-spline degree of 2 an ASMOD modelling
experiment was performed and a comparison bet-
ween target, Figure (Sa), and model predictions,
Figure 5(b), was carried out . The ASMOD model-
ling provides all required statistical data for its
created models . Using spline degree of 2 resulted
in a model prediction with 0.04 percent relative
error in training which suggests higher accuracy
than Turbo Neuron with 0 .06 percent relative
error. This kind of B-spline modelling is considered
as fuzzy modelling approach . The fuzzy rules
derived from the constructed model can easily
clarify an unknown salt. Although this experiment
is very promising it has only been considered for a
pure solution and not a mixture . A mixture solu-
tion has a complexity of the effect of different
phenomena which is the thrust of our current
research.

Comparison between Turbo Neuron and ASMOD
Since Turbo Neuron and ASMOD are two differ-
ent softwares based on different rules, it is very
difficult to compare them . However, as far as their
performances and applications are concerned both
are useful to be applied in the field of conducting
polymers to control their dynamic attitude . Both
can be utilized in characterization, modelling and
classification applications . Nevertheless, Turbo
Neuron has more flexibility in training by varying

different parameters while ASMOD relies only on
a few parameters such as spline degree . ASMOD
accepts the entire data which includes all R, M and
I data as input variables and it is capable of
creating the reliable models . It also has the ability
to ignore the irrelevant variable.

On the other hand, Turbo Neuron is capable
of detecting important data, using only one of the
variables as its input, to create faster model with
less data. The detailed comparison of these two
recommended methods has been carried out in
conducting polymer based biosensors, where the
data have more complexity and the comparison
would highlight the advantages for each method
[15] . Both techniques are recommended to be
applied simultaneously to model and to control the
real time operation of conducting polymer sensors.

CONCLUSION

Application of artificial intelligence methods (neu-
ral network and neuro-fuzzy methods) to enhance
the performance of the conducting polymer based
ion detectors has been addressed. This new compu-
ter based data processing has been developed for
pattern recognition applications.

It has been found that the patterns and
models created by neural network (Turbo Neuron
software) and neuro-fuzzy (ASMOD algorithm)
can predict the type and the concentration of ions
existing in the operational environment with
acceptable level of accuracy. A combination of
these methods is recommended to achieve an
optimum intelligent computer based system to
address a new and novel dynamic process control
and online prediction.
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