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Abstract − The increase of multi-sensor measuring 
systems’ accuracy by fusion of sensors data is analysed. 
Methods for data fusion and the results they produce are 
presented and discussed in the context of one application 
related with environmental monitoring. 
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1.  INTRODUCTION 
 

Data fusion can be defined as the process of combining 
data or information to estimate or predict entity states [1]. 

The information integration underlying data fusion can 
be used for several different purposes. Initially associated 
with military applications [2-4], data fusion has increasingly 
been used in other contexts. Many metrological applications 
of neural networks are precisely in the context of data fusion 
[5, 6]. 

The situation addressed in the paper, which is related 
with the increase of sensor’s selectivity and is in the domain 
of application is environmental monitoring, can be 
summarised as follows: n quantities are to be identified and 
measured. For that purpose, a set of n sensors whose outputs 
are of the same type (e.g. a voltage level) is used. Each 
sensor informs on a quantity, but due to limited selectivity, 
their outputs are correlated. How to extract the value of each 
quantity with increased accuracy? As we will show, it is 
possible to increase that accuracy by using data fusion 
methods. The efficiency of the possible solutions is of 
special interest since the same methodologies can be used in 
formally identical problems that may arise in other contexts. 

 
2.  PROBLEM SPECIFICATION 

 
The work now reported, and briefly introduced in the 

previous paragraph, was motivated by the need of using low 
cost, poor selective sensors (of the ion selective electrode 
(ISE) type) for the identification and concentration 
measurement of heavy metal ions in river waters. The 
correlation between sensors output, due to their limited 
selectivity, is exemplified in Figs. 1 and 2 for two of those 
sensors. Fig. 1 shows the behaviour of a lead selective 
electrode, ELIT8231, in the presence of interference ions of 
cadmium (Cd2+). The sensor is sensitive to Cd2+, its response 
to these ions being expressed by a catalogue selectivity 
coefficient  kCd

2+=0,1.  Fig. 2 is a similar representation for a  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1.  The evolution of the ELIT8231 response for different 

concentration values of the Cd+2 ions and for different values of the 
activity coefficient γ: solid curves γ=0,982, dash dot curves 

γ=0,864, dotted curves γ=0,628 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2.  The evolution of the ELIT8241 response for different 
concentration values of the Pb2+ ions and for different values of the 

activity coefficient γ: solid curves γ=0,982, dash dot curves 
γ=0,864, dotted curves γ=0,628 
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cadmium ion selective electrode, ELIT8241. The selectivity 
coefficient of this sensor to lead ions (Pb2+) is kPb

2+=0,2. It is 
clear that to obtain the concentration of each metal with 
increased accuracy using a set of such sensors, some 
processing on sensors output must be performed. Two 
approaches can be followed: (1) to process the output 
voltage of each sensor and then use the transfer 
characteristic of each sensor to obtain the correspondent 
concentration value; (2) to develop a processing scheme that 
corrects directly the concentration values. The first type of 
approach can be implemented using either a probabilistic 
model (e.g. Bayesian, Dempster-Shafer) or weighted 
decision methods (voting techniques); for the second type of 
solution, both weighted decision and artificial intelligence 
methods (neural networks, fuzzy) are adequate. In this paper 
we will deal only with weighted decision and neural 
networks based methods. The implementation of the 
methods is exemplified using the two sensors already 
mentioned.  

 
2.1. Voting 
Considering that the electrode potentials (ECd

2+, EPb
2+) 

dependence with the activity of the measured ions (aCd
2+, 

aPb
2+) is expressed by the Nikolsky-Eisenman equation 

(potentials in milivolt) 
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(Eref - reference electrode potential; kPb,Cd , kCd,Pb - 
potentiometric selectivity coefficients for the Pb2+ and Cd2+ 
ion selective electrodes; R – gas constant (8314 J/K); T - 
absolute temperature; Z - charge on the ion; F - Faraday 
constant (96500 coulombs/mol)), a 'voting' type technique is 
applied in order to produce a better estimation of the 
concentration of the Cd2+ and Pb2+ ions. As it is presented in 
equation (1), temperature can affect seriously the 
determination of ion concentration. Thus, an additional 
temperature sensor based on ON401 thermistor is introduced 
in the system. The voting technique structure is presented in 
Fig. 3. 

 
 
 
 
 
 
 
  
 
 
 

Fig. 3.  The voting technique structure 
 

According to the structure of Fig. 3, the acquired 
voltages (UPb

+2=EPb
+2-Eref, UCd

+2=ECd
+2-Eref) associated to 

the ISE independent measurement channels are applied to 
processing blocks whose transfer functions f are defined by: 
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X TUf ⋅⋅
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= 3.210),(                           (2) 

The output values of the Pb2+ and Cd2+ processing blocks are 
weighted with the values (wPb

Pb, wCd
Pb, wPb

Cd wCd
Cd) obtained 

after the calculation of the inverse of the potentiometric 
selectivity coefficient matrix, KPb,Cd defined as: 
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Based on the above relations the activities of the monitored 
ions in water solution are obtained. 
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From (5) it becomes clear that this method requires 
access to the values of potentiometric selective coefficients 
(kPb,Cd kCd,Pb). In the present case the potentiometric 
selectivity coefficients were determined using the Fixed 
Primary ion Method (FPM) following the IUPAC's 
recommendation [7, 8]. Thus, the UX (e.g. UCd

+2) of cell 
comprising the ISE and the reference electrode (ELIT003) is 
measured for solutions of constant activity of the primary 
ion (e.g. aCd

2+) and varying the activity of the interfering ion 
(e.g. aPb

2+). The obtained voltage values (UCd
+2) are plotted 

vs. the logarithm of the activity of the interfering ion (Fig.4). 
The intersection (A) of the extrapolated linear portions of 
this plot are used to obtain the value of interfering ion 
(a'Pb

+2) and then the potentiometric selectivity based on 
relation (6). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4.  The evolution of the delivered Cd+2 ISE voltage vs. 
pXPb

+2 , where pXPb
+2=-log (aPb

+2) 
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Using IUPAC's specified graphical method the activity 
value (a'Pb

+2) used to calculate the potentiometric selective 
coefficient at  T=298K,  kCd,Pb

298 is obtained: 
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Using equation (6) and the experimental above mentioned 
values for ion activities (a'Cd

+2=10ppm, a'Pb=0.95ppm) the 
obtained kCd,,Pb of Cd+2 ISE is kCd,Pb=0,094≈2. The same 
procedure is applied to determine kPb,Cd. For T=298K the 
obtained value is kPb,Cd=0,2. Based on the potentiometric 
selectivity coefficients are obtained the weighs used to 
calculate the Cd+2 and Pb+2 activities and concentration 
according with the following relations: 
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where γPb
+2, γCd

+2 are the activity coefficients calculated 
using the Debye-Huckel equation [Nico2000] and the values 
of ionic strength, I, of the calibration solution (Cd+2 as 
Cd(NO3)2 and Pb+2 as Pb+2(NO3)). The numerical values are 
γPb

+2=0,869 and γCd
+2=0,725. 

Using the calculated weights for the particular case of 
kPb,Cd and kCd,Pb (wPb

Pb=1,041, wCd
Pb=-0,097, wPb

Cd=-0,442, 
wCd

Cd=1,041) and (5) and (7), the concentrations of Pb+2 and 
Cd+2 ions are determined.  

The utilisation of the presented technique in river water 
quality measurements implies on-line compensation of 
temperature effects on potentiometric selectivity coefficients 
(ex. kPb,Cd, kCd,Pb) and on activity coefficients.  
In the case of potentiometric selectivity coefficients 
temperature compensation, the kPb,Cd(T) and kCd,Pb(T) is 
determined in laboratory and the matrix KPb,Cd is 
recalculated for the temperature of the tested solution in 
order to diminish the temperature effects in the ion activity 
calculation. 

Regarding the activity coefficients γCd
+2 and γPb

+2, 
additional information of ionic strength (I) is necessary in 
order to calculate their values. I is defined by the following 
relation:  
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where Ci is the 'i' ion concentration, z is the 'i' ion valency, 
 In practical applications the ionic strength of a solution 
is expressed as a product of the solution conductivity (σ) 
and η, a factor experimentally determined. Using I 
determined as a linear function of conductivity, the activity 
coefficient γI of the considered ion is determined by the 
Debye-Huckel modified equation, 
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where η represent the proportional factor experimentally  
To compensate temperature influences on γi values, 

temperature compensation is performed on the conductivity 
transducer used (ISI OLS50). 
 As it is above presented, the voting weighted method is 
characterised by higher complexity and limited capabilities 
in terms of disturbance factors compensation. An attractive 
solution for ISE data fusion with application in field 
measurement is expressed by multi-input neural network 

 
2.2. Neural Networks 
The learning capability of neural networks is used to 

overcome the limited selectivity of the sensors and thus to 
measure metal concentrations with increased accuracy.  

Multiple inputs Multilayer Percepton type neural 
network (MLP-NN) [9] is used (Fig. 5) to obtain Pb+2 and 
Cd+2 concentrations. Taking into account the temperature 
influence on ISE output voltages, neural network inputs are 
ISE output voltages (UPb

+2, UCd
+2 ) and temperature obtained 

as the output of a temperature processing block (ProcT).  
 

 

 

 

 

 

 

 

 

 

Fig. 5.  Fusion architecture based on MLP-NN (Multilayer 
Percepton Neural Network): N-normalization block, DN – de-

normalization block  
 

Referring to the used MLP-NN, the processing elements, 
called neurons, are distributed in three layers (input layer, 
hidden layer and output layer) and perform the conversion 
of normalised voltages and temperature in normalised 
concentrations of measured ions. The number of hidden 
neurons is included in 20÷50 interval and the associated 
function is tansignoid. The output layer includes a linear 
neuron that sums the weighted output values of the hidden 
neurons. In order to obtain the internal values of the weights 
and biases that characterise the MLP-NNs a multi-
dimensional training set is used. The training set is 
experimentally determined and corresponds to: 
- different concentration of heavy metal ions CPb

+2, 
CCd

+2 = [0,14,1000]ppm (Fig.1, Fig .2) 
- different values of activity coefficients γPb

+2, γCd
+2 

included in the 0,4-0,95 interval obtained for different 
values of ionic strength I (Fig. 1, Fig. 2) 

- different values of temperature, T=[273,298]K (Fig.6).  
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Fig. 6.  The evolution of UCd
+2 versus temperature for 

concentration of the primary ion pXCd
+2=5 and concentrations of 

interfering ion pXPb
+2=5÷7 

 

Based on above-mentioned training set and using the 
Levenberg Marquardt (LM) training algorithm [NN book], 
the MLP-NN weights are determined. Considering the 
problem complexity and also the level of error in the ion 
concentration measurement using ELIT ISEs (about 5%) 
[10,11], the training stop condition is expressed by: 
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where ( )
NNMLP

N
iPbC

−
+2 and ( )

NNMLP

N
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−
+2 represent the 

normalised MLP-NN output values of the ith training  

iteration and the ( )
real

N
iPbC 2+  and ( )

real

N
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the values of the normalised concentrations as the training 
target. 
 After the training phase, weights and biases matrices 
(W1, W2, B1, B2) are used for on-line calculation of Pb+2 
and Cd+2 concentrations. Matrices W1, W2, B1, B2 are 
processing blocks that are a component of a ion 
concentration virtual instrument developed in LabVIEW.  

Several results regarding the MLP-NN performance in 
ISE data fusion in order to obtain more accurate values of 
the ion concentration is presented in the following 
paragraph. 
 

3.  RESULTS AND DISCUSSION 
 

The measurement of ion concentration was performed 
using a PC based data acquisition system that incorporates 

the ion selective electrodes, the data acquisition board, a PC 
and a LabVIEW software that includes the voting fusion 
block and MLP-NN fusion block. 

Considering that Pb+2 and Cd+2 concentrations in rivers 
are usually smaller than 10ppm, the above mentioned fusion 
methods, voting and neural processing, were tested for a 
mixed solutions of lead and cadmium ions with 
concentrations shown in Table I. Sensors’ temperature was 
considered in the 273 K ÷ 298 K interval. 
 

TABLE I. Pb+2 and Cd+2 for testing solutions 

CCd
+2[ppm] CPb

+2[ppm] 
1 0,14; 0,5; 1; 3; 5; 7; 10 
3 0,14, 0,5; 1; 3; 5; 7; 10 
5 0,14; 0,5; 1; 3; 5; 7; 10 
7 0,14; 0,5; 1; 3; 5; 7; 10 

10 0,14; 0,5; 1; 3; 5; 7; 10 
 
 In both fusion cases the obtained results were compared 
with the values obtained for direct computation of ion 
concentration using the Nikolsky--Eisenman relation applied 
for primary ion ignoring the interference ions. 

Fig. 7 presents a comparison between results obtained 
after Nikolsky—Eisenman direct evaluation and using the 
voting fusion method for CPb

+2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 7.  The evolution of Pb+2 concentration errors for the 
Nikolsky-Eisenman and voting fusion methods (e.g. 5 corresponds 

to 10 ppm and 7 to 0,1 ppm) 
 

The utilisation of voting method to fuse the information 
that comes from the two measurements channels ( Pb+2 and 
Cd+2) leads to a reduction of ion concentration absolute 
errors about 16 times in the case of CPb

+2 (Fig. 7) and 3 
times in the CCd

+2 case (Fig. 8) comparing to the situation of 
the independent ISE measurements (without any 
information about interfering ions). The graphical 
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representation of ion concentration errors corresponds to 
temperature T=296 K and to the ion activity coefficients 
γPb=0,869 and γCd=0,956.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 8.  The evolution of Cd+2 concentration errors for the 
Nikolsky-Eisenman and voting fusion methods 

 

Referring to the temperature variations, the voting fusion 
method performs the on-line temperature correction through 
recalculation of the f(UPb

+2, T) and f(UCd
+2,T) values but it 

does not perform any recalculation of the activity 
coefficient, which implies an increase of ion concentration 
errors with temperature variations. 

Regarding the MLP-NN fusion method, the training set 
and testing set included the values of ISE channels 
normalised voltages corresponding to CPb

+2 and CCd
+2 

concentration specified in Table I and different values of 
temperature T=[273, 298] K. The training set has 3×70 input 
values and 2×70 target values. The optimum number of 
hidden neurons obtained after different training is nhidden=35 
and the number of epoch necessary to obtain a sum square 
values less than 0,01 is 720. The graphical representations of 
ion concentration errors for the MLP-NN fusion solution are 
presented in Fig. 9 and Fig. 10. 

Analysing Figs. 9 and 10, one observes that MLP-NN 
fusion method errors are less than 0,05 ppm. Comparing 
with the voting method concentration errors (about 1 ppm) it 
can be underlined the higher accuracy of the MLP-NN 
fusion method with application in ion concentration 
determination. 

A second strength of the MLP-NN fusion method is the 
capacity to operate with sensor data without a previous 
knowledge about the sensor specific equations that are 
required in the voting method case. 

The more important weakness of the MLP-NN fusion 
method is the longer calibration time, which includes the 
time to produce the calibration solutions (different ion 

concentrations), the ISE data acquisition and the MLP-NN 
training (weights and biases adjustment). 

 

 
 

Fig. 9.  CPb
+2 concentration error associated to the MLP-NN 

fusion structure (testing phase) 

 

 
 

Fig. 10.  CCd
+2 concentration error associated to the MLP-NN 
fusion structure (testing phase) 

 
 

CONCLUSION 
 

Two methods for data fusion have been presented in the 
context of performance increase of ion selective electrodes 
ISEs). The electrodes, used here for the measurement of the 
concentration of heavy metal ions in river water, proved not 
only to be extremely difficult to handle and operate but also 
to have a poor selectivity. It was with the purpose of 
studying how far it was possible to go in ion measurement 
with ISEs that two processing solutions were considered. 
The processing involves the use of more than one ISE and 
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the fusion of the information they convey. While one of the 
methods uses neural networks, the other can be classified, in 
our opinion, as a voting type method since it is based on the 
attribution of weights to the coefficients that relate the 
concentrations (activities) with electrode’s potential. 

From the results obtained we conclude that the voting 
method is a direct method that requires few data but a good 
knowledge of the sensors to be implemented. On the other 
hand, neural networks require larger data sets, may not 
converge but no a priori knowledge of sensors characteristic. 
In what concerns accuracy, the voting method allows a 10 
times error reduction while neural networks are more 
flexible in error reduction (up to 1000). 
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