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Abstract. Recently the soft computing techniques have become an important alternative tool to conventional methods in modeling 
complex non-linear relationships. Since the electrochemical biosensors use an enzyme reaction for measuring different types of substrates, 
the temperature influences strongly on the output signal of biosensors. The paper treats soft computing modeling the input/output non-
linear dependence of a dopamine biosensor, which uses an active membrane from banana tissue. The model represents the biosensor’s 
output current versus the substrate concentration and temperature. The task that is set is to find the best approximation by the criterion of 
accuracy (and the fastness) under condition of insufficient experimental data. The following soft computing and classical polynomial 
techniques are compared in MATLAB environment: (1) neural network with backpropagation learning algorithm, (2) fuzzy logic, and 
(3) polynomial approximation of second and third order. The relative errors over a few new experimental samples are calculated for 
validation of the considered models.  
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INTRODUCTION 

The quantity of dopamine in urine and plasma is determined by 
means of radioimmunoassay [1]. Total assay time approx. 4 
hours. Biosensors proposed fast and cheap way for 
measurement of dopamine. Response time is about 2-3min. 
Examinant tissue biosensor can be used for measurement of 
dopamine [2]. Because there is used biological recognition 
element – active tissue (from banana pulp) membrane with 
enzyme, the temperature has very big influence over biosensor 
response.  Rates of enzyme catalysed  reactions rise with 
increase of temperature and have maximum, after that at some 
temperature irreversible denaturation of enzyme go on [3]. It is 
preferable to use biosensor at high temperature in order to get 
use of that increased rate. From experimental results is seen that 
temperature significantly affects the signal value, causing non-
linearity (maximum) in the curve of output current. Modeling 
that effect is sound motivated by the need to improve the 
accuracy of measurements by temperature compensation. So it 
is useful in applications  to approximate the dependence of 
biosensor output current versus temperature, on the one hand, 
and concentration of substrate, on the other hand.  
The soft computing, to a certain degree, draws inspiration from 
natural phenomena. Its key areas include: neural networks, 
fuzzy systems, and evolutionary computation. The soft 
computing is usually robust under noisy input environments 
and has a high tolerance for imprecision in the data on which it 
operates. It is well known that neural networks are universal 
function approximators [4, 5]. The approximation possibility of 
feedforward multilayered neural networks with 
backpropagation learning algorithm (NNBP) for modeling the 
biosensor’s output voltage versus substrate concentration at 
different temperatures has been considered in [6, 7, 8]. In such 
neural networks the learning is a time consuming process, 
which often gets stuck in local minima. Furthermore the neural 

networks could not generalize, if the training samples are 
insufficient. The CMAC-neural-network-based biosensor’s 
input/output model has overcome some of the drawbacks, 
however it needs sufficient number of experimental data for 
designing a large set of overlapping receptive fields. Additional 
samples obtained by linear interpolation have been used for the 
CMAC training in [7, 8]. Fuzzy logic (FL) can represent any 
continuous function to any desired level of accuracy [9]. It has 
been used for modeling the influence of temperature on a 
biosensor for measurement of dopamine in [10, 8]. That 
technique has performed well under imprecise and insufficient 
experimental data. 
The purpose of the present work is to model the influence of 
temperature on the dopamine biosensor response by means of 
soft computing and to make a comparative analysis of the 
results obtained. The most popular representatives of soft 
computing with proven approximation qualities are selected – 
the feedforward neural network with backpropagation learning 
algorithm and fuzzy logic. In addition, a classical polynomial 
approximation is implemented as a basis for comparison with 
the soft computing techniques. The approximations and their 
validations are implemented in MATLAB environment. 
 

MATERIALS AND METHODS  
The Biosensor.  In the present work a tissue biosensor for 
measurement of dopamine concentration is investigated [2]. 
The active membrane uses a tissue from banana pulp (Fig.1). 
An oxygen electrode is used for medial transducer. The active 
membrane is situated over cathode between gas-permeable 
membrane and dialyze membrane. The biosensor has a contact 
with the substrate (dopamine) with concentration So. The 
substrate makes diffusion through dialyze membrane into tissue 
layer where it has biocatalyse conversation to melanin. The 
reaction results in a reduction of the oxygen concentration as it 
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diffuses through the biocatalytic membrane to the cathode, this 
is detected by a reduction in the current between the electrodes. 
In hat way the output current is proportional to measured 
substrate dopamine. For carrying out the experiments the 
following treatment is used: measurement cell, biosensor for 
dopamine, nanoampermeter, X-Y plotter, homogenizing device 
(magnetic stirrer). Signal from the biosensor is measured with 
oxygenmeter. An oxygen probe is with flat face, the diameter 
of cathode is 1mm. The cathode is from pure gold (pureness 
99.95%). Phosphate buffer pH 7 is used as the carrier solution. 
For maintaining constant temperature a thermostat SPT-200 is 
used.  
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Fig. 1. Construction of the tissue biosensor: 1- body,  
2 - electrode, 3 - electrolyte, 4 - gas-permeable membrane, 

    5 - tissue membrane, 6 - dialyze membrane, 7 -press ring 

The plot of the output current of the biosensor as a function of 
the substrate concentration at 5 fixed temperatures is shown in 
Fig. 2a, and the same dependencies presented as a surface plot 
are shown in Fig. 2b. 

 
(a) 

 
(b) 

 
Fig. 2. Experimental data: output current versus substrate 

concentration and temperature 

The task formulation. The overall goal of this scientific work 
is to propose an appropriate soft computing technique to model 
the influence of the temperature on the input-output 
dependency of a biosensor for dopamine assay. Due to the 
difficulties associated with such experimental data acquisition, 
only very limited number of experimental data are supposed to 
be available. Thus, in order to accomplish the target of the work 
the following directions were identified: 
- To explore three types of approximation techniques –

NNBP, FL and a polynomial approximation; 
- To determine the average relative error of a few new 

experimental data intended for a validation of the models; 
- To select the best performing under insufficient 

experimental data technique;   
Since in the literature have been proposed some intelligent 
models, considering the influence of the temperature and the pH 
on the same type of biosensor, some of the here made analyses 
have a confirmative character and give us a reason to expect, 
that under deprived information the fuzzy model performs 
better than the others. The described approximation models are 
simulated and validated in MATLAB environment. 
Soft computing (NNLP and FL). The NNBP, used as a 
function approximator, consists of two inputs 0S  and t , for the 
substrate concentration and temperature, respectively, and one 
output – the current SI . The neural network has one hidden 
layer, one neuron for each input/output. A supervisor gives the 
training input-output samples.  
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Fig. 3. Fuzzy inference system: (a) membership functions; 
(b) fuzzy rule table [10] 
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 The basic samples are derived experimentally, but they are 
insufficient and this may result in that the NNBP does not 
generalize new data. Additional samples obtained by linear 
interpolation are used in training procedure [7, 8]. Using 
interpolated data decreases the main advantage of neural model 
– high accuracy, but it is justified under the lack of data, because 
of difficulties associated with their experimentally deriving. 
The fuzzy inference system, used as a function approximator, 
has the same two inputs and one output as the NNBP one. In 
the paper the number of membership functions assigned to each 
input variable is proposed to be equal to the number of 
corresponding measured values (Fig.2). So the fuzzy rule table 
can be filled in with all the experimental data for biosensor’s 
output current (Fig.3). 
Polynomial approximation. Parametric fitting involves 
finding coefficients (parameters) for one or more models which 
fit to data. After several trial-and-error experiments with 
polynomials in the order ranging from 1 to 5 on the two 
variables t and S0, the following structure of the polynomial 
model was specified using MATLAB's Curve Fitting Toolbox: 
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        (1) 

where: tx  , 
0Sy  , 

SIyxf ),( , and the unknown 

parameters are ][ 122130021120011000 bbbbbbbbbb . 
Hereafter this model is referred to as POLY32. Least-squares 
fitting is a common task in the sciences. Polynomial models 
(2nd by x and 3rd by y orders) are estimated by linear least 
square methods. All parameters are determined with 95% 
confidence intervals. 
Once a regression model has been constructed, it may be 
important to confirm the goodness of fit of the model and the 
statistical significance of the estimated parameters. The 
following statistical parameters which indicate goodness of fits 
of model to experimental data were calculated: the sum of 
squared errors (SSE), the correlation coefficient (R2) and the 
root-mean-square error (RMSE). The sum of squared errors of 
prediction (SSE) is a measure of the discrepancy between the 
data and an estimation model. The main purpose of coefficient 
of determination or correlation coefficient, denoted R2 (R-
squared) is a measure of how well observed outcomes are 
replicated by the model, based on the proportion of total 
variation of outcomes explained by the model. The root-mean-
square error (RMSE) or root-mean-square deviation (RMSD) is 
a frequently used measure of the differences between values 
predicted by a model and the values actually observed. The 
RMSE represents the sample standard deviation of the 
differences between predicted values and observed values.  
 

RESULTS AND DISCUSSIONS 
The soft computing models investigated in this section have 
been already proposed in the literature, and their presentation 
here has a confirmation character. On the basis of a comparative 
analysis between them and the polynomial model, the most 
appropriate type of model was selected (sufficiently accurate 
under a small number of data) for modelling the influence of 
the temperature on the dopamine biosensor. Fig.2b shows the 
surface plot of the experimental data used in the modelling 
procedure of the temperature influence on the biosensor’s 
input/output dependence.  
Neural approximation. The supervisor for NNBP used the 
experimental data supplemented with additional samples 
obtained by linear interpolation with discrete parameters 
0.071mM and 10C along substrate concentration S0 and 

temperature t, respectively. As it was mentioned in the section 
above the NNBP consists of one hidden layer, whose neurons 
possess hyperbolic tangent sigmoid transfer functions, and one 
output layer neuron with linear transfer function. The neural 
network contained 500 neurons in its hidden layer. After 
millions iterations the NNBP was still not learned enough. The 
neural responce (after prolonged training) is shown in Fig.4a. 
Fuzzy approximation. The number of membership functions 
assigned to each input variable was proposed to be equal to the 
number of corresponding measured values, i.e. 5m  (t) and 

12n  (S0).  

 
(a) [7] 

 
 (b) [10] 

 
(c) 

Fig. 4. Approximation surface: (a) NNBP-based; (b) Fuzzy; (c) 
Polynomial (experimental data are denoted with black points) 

 
In conformity with the results, reported in [10], the triangular 
shape of membership functions (Fig.3a) and T-norm (using the 
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multiplication operator) of the membership values on the 
premise part were chosen. The apexes of the triangles were 
exactly the measured values of substrate and temperature. The 
fuzzy rule table could be filled in with all the experimental data 
for biosensor’s output current IS, which were 60nm . 
However after removing the repeating values of the output 
current it was presented by 51 different values (Fig.3a). For the 
sake of convenience the values biosensor’s output current in the 
fuzzy rule table were presented with 51-level gray scale squares 
(Fig.3b), corresponding to the values of ),( 0 tSII ss   
(Fig.2b). The fuzzy approximation of the biosensor’s input-
output relation is shown in Fig.4b, where, for the sake of clarity 
of simulations and a good visualization, discrete steps 

mM071.0  and C10  were used along substrate concentration 
S0 and temperature t, respectively 
Polynomial fitted surface ),( 0 tSII ss  . The values of 
coefficients in the model POLY32 that describes the 
biosensor’s output current dependence on both the substrate 
concentration and temperature are listed in Table 1. The values 
in brackets after each coefficient in the same table are the lower 
and upper confidence limits, respectively, for the default 95% 
confidence intervals for the coefficients. The values of obtained 
parameters indicate that the polynomial model (1) fits well to 
experimental data. The predicted surface through linear 
regression analysis is shown in Fig.4c. All obtained statistics – 
the sum of squared errors (SSE), the correlation coefficient (R2) 
and the root-mean-square error (RMSE) – used in the context 
of a statistical model are given in Table 1. Confidence intervals 
provide a measure of precision for linear regression coefficient 
estimates. If for some estimated parameter its confidence 
interval contains 0 (zero) then it follows that the parameter is 
zero (there is the zero hypothesis). From the results presented 
in Table 1 it follows that all the parameters of the model are 
significant except 

20b  and 21b . 
Comparative analysis of the investigated models. The 
generalization of the three modelling techniques (two soft 
computing and one polynomial techniques) was verified on the 
one hand qualitatively, by a visual observation the shape of 
approximation surfaces, and on the other hand – quantitatively, 
by calculating the average relative error over three new 
experimental samples. The relative error of each of the new 
experiments is calculated as  

%,100||
e

eapprox

S

SS

I
II 

 ,   (2) 

where e
SI  and approx

SI  are the output current determined 
experimentally and by means of one of the three types of 
approximations (NNBP, FL, POLY32). The validation results, 
represented by the relative error (2), are listed in Table 2. 

 
Table 1. Parametric fitting of polynomial model POLY32 and 

goodness of fit 
Model: coefficients and confidence 

intervals Statistics 

  b00  =       113.9    (112.5, 115.4) 
  b10  =       30.76    (27.85, 33.66) 
  b01  =       46.27    (45.13, 47.42) 
  b20  =      -0.7688  (-1.812, 0.2748) 
  b11  =       2.876    (1.965, 3.786) 
  b02  =      -14.72    (-15.61, -13.83) 
  b30  =      -9.077    (-10.46, -7.692) 
  b21  =      -0.5994  (-1.452, 0.2535) 
  b12  =      -2.005    (-2.904, -1.106) 

  SSE = 457.0770 
 
  R2 = 0.9968 
 
  RMSE = 2.9937  

Table 2. Results from validation test 

No. Test Data NNBP FL POLY32 

t  0S  SI  SI    SI    SI    

]C[ 0  [mM] [nA] [nA] [%] [nA] [%] [nA] [%] 

1 18 0.568 70.2 72. 2 2.838  70.2 0 70.6 0.619 

2 18 1.136 120.8 118.8 1.671 120.9 0.083 115.6 4.308 

3 25 0.710 93.3 92.6 0.750  93.7 0.429 94.8 1.624 

Average Relative Error [%]  1.753  0.171  2.184 

 
It is evident from the Table 2, that the fuzzy approximator 
operates the best than the others under the small number of the 
experimental input/output samples, while the polynomial one – 
the worst. NNBP based approximator do not generalize under 
this circumstance. It needs additional training data, which are 
obtained here by linear interpolation of experimental data. The 
interpolated data predetermine the type of approximation 
surface and usually decrease the main advantage of neural 
models – the high accuracy. Although the neural networks with 
backpropagation learning algorithm can approximate each 
function with sufficient high accuracy, practically, it is not so 
easy to determine the proper number of hidden layers and the 
number of neurons per each layer. Training is extremely time-
consuming procedure, because it requires millions of iterations. 
Due to the gradient method there is a tendency the learning 
process to be trapped in local minima. The NNBP performs 
badly, probably because of insufficient learning. The fuzzy 
model performs better than the others: it is faster and easier to 
implement, works well under a small number of experimental 
data. These properties make it preferable for the particular 
purpose – to improve the accuracy of the dopamine 
measurement by taking into account the temperature influence 
on the biosensor’s output current. 

 
CONCLUSION 

The presented work discusses the use of soft computing 
techniques for modelling the input-output dependency of a 
dopamine biosensor, which takes into account the influence of 
temperature over the output current. Under the conditions of 
insufficient experimental data the fuzzy approximator performs 
better than the others, regarding accuracy and rapidity. Besides, 
it does not need additional interpolated data. In order to 
generalize, the techniques, which undergo learning process, 
require more experimental (or interpolated) data. Moreover the 
learning of the NNBP is a very time consuming process and 
most probably could be trapped in local minima. The future 
prospective of this work is foreseen in investigations on the 
simultaneous influence of the pH, temperature and dissolved 
oxygen concentration on the biosensor’s response.  
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