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Abstract: This paper presents the development of an artificial neural network (ANN)-based linearizer for 
thermistor connected in operational amplifier based inverting amplifier circuit. The op-amp based  
thermistor signal conditioning circuit exhibits a stable temperature-voltage relation over a temperature range  
of 0°C - 100°C with moderate linearity. The transformation technique is used for the analysis and design of the 
thermistor circuit. An ANN-based direct modeling technique is used for nonlinearity estimation of thermistor 
circuit to improve the linearity. In this paper, four neural network algorithms Levenberg-Marquardt, Broyden-
Fletcher-Goldfarb-Shanno, scaled conjugate gradient and extreme learning machine algorithms are used for 
training and learning of ANN. The merits and de-merits of the algorithms are investigated for thermistor 
linearization. An embedded unit is used to implement the learning and training of the ANN techniques and the 
performance of the developed techniques is experimentally verified on a prototype unit. A notable feature of the 
developed technique is the non-linearity error remains very low over the entire dynamic range of the sensor. 
Copyright © 2015 IFSA Publishing, S. L. 
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1. Introduction 
 
Thermal sensors are one of the most important 

fundamental instrumentation systems for measuring, 
processing, controlling and transmitting operations in 
various industrial and domestic applications. Also, 
temperature sensors should be linear, sensitive, 
accurate, dynamic and precise in the current 
technologies to be used in intelligent work places, 
smart localities, ecological monitoring and warfare 
applications. So the sensor’s output should truly 
represent the measurand of the process. In such a 
scenario, thermistor is the most widely preferred 
thermal sensor due to its physical features and high 
sensitivity. A thermistor is a variable resistive sensor 

whose resistance is inversely proportional to the 
measured temperature. Thermistor produces a very 
large and fast change in resistance due to temperature 
change making it highly nonlinear sensor. This 
complicates the calibration of the sensor in order to 
obtain accurate, precise, reliable and wireless  
digital readout. 

Several analog signal conditioning techniques  
for NTC thermistor have been reported in literature 
[1-12] to convert the nonlinear resistance change into 
quasi-linear output. These techniques employed 
resistors [1-5], multivibrator [6], logarithmic 
amplifier [7], pulse generator [8], analog multiplier 
[9], dual–slope digital converter [10], timer circuit 
[11], sigma-delta modulator [12] and so on. These 
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techniques achieved linearity of varying degrees over 
limited ranges of temperature and have a drawback 
of reduced accuracy due to component tolerances and 
temperature drift. 

A parallel stream of developmental activities is 
focused on computer-based techniques [13-16] and 
numerical methods [17-20] for sensor linearization. 
These techniques require a special read only memory 
for storing measured data which is an important 
problem in some computer based systems. Although 
these methods provide improved accuracy, they 
require a precise calibration with large number of 
data points to span the complete operating range of 
the given sensor, which is a difficult and time 
consuming task. A high degree of polynomial 
function and proper selection of calibration points are 
necessary in these methods which increases the 
computational load. 

Intelligent signal conditioning techniques are 
required for auto calibration and linearization of 
sensors throughout the dynamic operating range of 
the sensor. Compared to conventional methods, ANN 
based methods give better performance with no 
required knowledge of the internal system and also 
provides a compact solution [21]. Specifically ANN 
methods perform well for fitting sensor 
characteristics to measured data [22]. ANN based 
linearization techniques have been proposed for 
various sensors [23-29]. Analog and digital systems 
can be used to implement neural networks. The ANN 
techniques implemented by digital systems are more 
popular as they have the advantage of higher 
flexibility and accuracy, better repeatability and 
testability, lower noise sensitivity, and compatibility 
with other types of pre-processors. The investigated 
techniques even though achieve desirable levels of 
linearity over limited temperature ranges; no 
techniques achieved uniform linearity and precision 
over the entire dynamic range of operation of the 
thermistor, preserving its characteristics. This 
motivates the necessity of developing a simple 
software-hardware technique with excellent linearity 
and stability. 

This paper investigates and describes the 
implementation of various ANN linearization 
techniques for an NTC thermistor connected to an 
inverting operational amplifier which acts as a signal 
conditioning circuit (SCC). The temperature-voltage 
relation of the SCC exhibits nonlinear characteristic 
over the working temperature range and this limits 
the usage of the circuit for practical and real time 
measurement. The non-linearity is reduced with the 
help of the multilayer perceptron (MLP)-ANN direct 
modeling technique. In this paper four neural 
network algorithms Levenberg-Marquardt (LM), 
Broyden-Fletcher-Goldfarb-Shanno (BFGS), scaled 
conjugate gradient (SCG) and extreme learning 
machine (ELM) algorithms are used for training and 
learning of MLP-ANN. The merits and de-merits of 
the algorithms are investigated for thermistor 
linearization. An embedded unit is used to implement 
the learning and training of MLP-ANN techniques 

and their effectiveness have been verified using 
extensive computer simulations and experimentation. 

 
 

2. Proposed Technique 
 

The proposed technique is depicted in Fig. 1. In 
the first stage, the thermistor senses the temperature 
and the SCC generates an analog output voltage 
proportional to the resistance change. The SCC acts 
as a temperature to voltage converter and produces a 
stable conditioned output. The voltage determining 
parameters are chosen based on the transformation 
technique applied to the SCC by considering the 
specifications of the thermistor and predefined 
temperature range. In the second stage, MLP-ANN 
estimates and compensates the nonlinearity of the 
SCC. The second stage improves the linearity of the 
SCC. A microcontroller based plug in module (PIM) 
is used to embed the learning and training parameters 
of the MLP-ANN techniques. 
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Fig. 1. Block diagram of the proposed technique. 
 
 

2.1. Analog Signal Conditioning Stage  
 

The temperature-resistance relation of an NTC 
thermistor is exponential in nature and is  
represented by 

 

o

o

1 1

T T
T TR R e

β
 

−  
 = , (1) 

 

where RTo is the resistance of the thermistor at a 
reference temperature of To(oC) and RT  (represented 
as Rt in Fig. 2) is the resistance at temperature T(oC). 
β is the characteristic temperature value of the 
thermistor material and usually ranges from 2000 K 
to 4000 K. The SCC shown in Fig. 2 consists of two 
operational amplifiers, offset compensating network 
and an optimal resistor RP in series with the 
thermistor whose value is designed based on the 
transformation technique. The optimal resistor 
protects the thermistor from excess currents and 
heating effects. The first op-amp acts as a  
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buffer and second op-amp acts as a temperature to 
voltage converter.  

 
 

Rf

Rcom
R2

10kΩ

Rt
Vin -1 V 

R1

Vo(T) 

Output 
voltage

Thermistor OP07

OP07

2

3

7

4

6

2

3
4

7
6

R3

VCC
5V

VEE
-5V

VCC
5V

VCC
5V

VEE
-5V

VEE
-5V

RP

 

 
 

Fig. 2. Schematic of thermistor SCC. 
 
 

The transformation function of the SCC is given 
by the dependence 
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where Vo(T) is the temperature dependent voltage, Vin 
is the negative excitation voltage applied to the non-
inverting terminal of the buffer. The feedback 
resistor Rf provides stable gain and compensating 
network eliminates the errors due to bias current and 
offset voltages. In the compensating network, R1 and 
R3 are the 10 kΩ resistors and Rcom is the same as the 
value of feedback resistor. The temperature-
coefficient ratio α can be calculated as 
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The transformation characteristics of the  
SCC are obtained by taking the first and second 
derivatives of (2). The first and second derivatives of 
(2) are follows. 
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The value of RP for the specified temperature 
region can be obtained by equating the second 
derivative of (2) to zero and is given as  

 

c
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 −
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, (6) 

where Tc is the midpoint temperature of the specified 
linearized temperature range. From (6), the value of 
RP has been obtained numerically for the specified 
temperature region. The values of RP and RT do not 
depend on the excitation voltage Vin and the value of 
Rf. The first derivative and second derivative of the 
transformation function are shown in Fig. 3. The 
point A in Fig.3 represents the extreme value of the 
first derivative and B represents a zero value of the 
second derivative of transformation function of the 
tested thermistor. This point is referred as inflection 
point, and the characteristic of the circuit can be 
treated as linearized in this range. The linearization 
of the transformation function is based on the method 
of reciprocal transformations [30]. The nonlinearity 
of the thermistor is reduced based on the reciprocal 
characteristic in some ranges of the functions 
V=F(RT) and RT=F(T). It can be inferred that  
voltage determining resistance Rf can only  
influence the circuit gain, sensitivity and the required 
output voltage range of the SCC can be selected 
through them. 
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Fig. 3. (a) First derivative; (b) Second derivative of the 
temperature voltage characteristic of thermistor SCC. 

 
 

2.2. ANN Processing Stage  
 

The MLP-ANN for the SCC is shown in Fig. 4. It 
consists of one neuron each in its input and output 
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layers, and three neurons in hidden layer. Hidden 
layer uses tan hyperbolic activation function and 
output layer uses linear activation function [31]. The 
training and learning process is implemented by LM, 
BFGS, SCG and ELM algorithms separately and 
their performance is investigated and compared 
BFGS is based on Quasi-Newton method, which 
requires only the gradient of the objective function to 
be computed at each iterations. By successive 
measurements of the gradient, Quasi-Newton method 
builds a quadratic model of the objective function 
which is sufficiently good that linear convergence is 
achieved [32]. SCG is a second order conjugate 
gradient algorithm with superliner convergence rate. 
BFGS increase the calculation complexity per 
learning iteration considerably as it has to perform 
line search to determine the appropriate step size 
whereas SCG uses a step size scaling mechanism to 
avoid the delay [33]. The fast and stable convergence 
characteristic of LM-algorithm makes it most 
suitable algorithm for modeling of sensors, which 
does not require complex schemes. Also it yields 
lowest mean square error for small and medium sized 
applications. The LM algorithm is a combination of 
the steepest descent method and Gauss–Newton 
algorithm. In the gradient descent method, the sum of 
the squared errors is minimized by updating the 
weights in the direction of the greatest reduction of 
the least square function, whereas it is minimized by 
assuming the least squares function which is locally 
quadratic, and find the minimum of the quadratic in 
the Gauss-Newton method. So the LM algorithm acts 
more like a gradient-descent algorithm when the 
weights are far from their optimal value, and act 
more like a Gauss-Newton algorithm when the 
weights are close to their optimal value [34-37]. 
ELM is a simple tuning-free three-step algorithm 
[38].The learning speed of ELM is extremely fast 
[39]. The ELM tends to reach the solutions 
straightforward without trivial issues such as local 
minima, improper learning rate and overfitting 
present in the traditional classic gradient-based 
learning algorithms. 

 
 

 
 

Fig. 4. MLP neural network. 
 
 

The normalized output of the SCC is the input to 
the MLP. The target data for the MLP is a straight 

line with unitary slope. The training data is selected 
from the experimental data of the SCC output voltage 
in the temperature range 0°C - 100°C. The four 
algorithms were used individually for training the 
MLP and the weights as well as biases are iteratively 
updated until the minimum mean square error 
obtained below a threshold. The coding for the MLP 
was carried out in MATLAB. After effective 
training, all the information of the linearization and 
modeling remains embedded in only six weight 
values and four bias values. The output of the MLP is 
the linearized voltage VANN. 

 
 

2.2. Plug in Module for ANN Algorithms 
 

An implementation scheme of the MLP-ANN 
direct model for the nonlinearity compensation of the 
SCC is proposed and details of plug-in module (PIM) 
are shown in Fig. 5.  

 
 

I1 w12

 

Vo(T)

X

w13  w14  

X X 

v12 v13  v14  

+ + +

b2 b3 b4
2 3 4 S2 S3  S4  

  

h2 h3  h4  

w25 w35 w45
X X X

v25 v35  v45  

+ 5

S5  

O5 X 

NF 

VPIM

b5

  

 
 

Fig. 5. Schematic of the plug-in module. 
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The PIM embeds the learning and training 
procedure of MLP-ANN by performing necessary 
operations on the frozen weights and biases through 
the registers, multipliers and adders. The weights and 
the biases, weighted inputs, intermediate sum, 
activation functions and final output of the MLP-
ANN are stored in the registers of the PIM. In the 
PIM, W12, W13, W14, W25, W35 and W45 represent the 
weights to various layers. The biases are represented 
as b2, b3, b4 and b5, whereas V12, V13, V14, V25, V35 and 
V45 denote weighted inputs. The weighted sums of 
the neurons are represented as S2, S3, S4 and S5. The 
hidden layer outputs are represented as O2, O3 and 
O4, whereas O5 represents the output of the final 
layer. Also NF denotes normalization factor to be 
multiplied with the output of the ANN to get the 
physical linearized voltage. A microcontroller unit is 
used for the implementation of PIM and coding was 
done in AVR studio. 

 
 

3. Experimental Results 
 
3.1. Experimental Set-up 

 
The practical implementation of the proposed 

technique was carried out on a prototype board. The 
experimental setup comprises of Philips thermistor, 
two OP07 integrated circuits for the buffer and 
inverting operational amplifier, thermal water bath, 
ATmega328 microcontroller, platinum thermometer 
(Pt100), regulated power supply, potential  
divider network, digital multi-meter, interfacing 
circuitry and a lap-top for MATLAB and AVR 
programming. The photograph of the experimental 
setup is shown in Fig. 6.  

 
 

 
 

Fig. 6. Experimental setup of the proposed technique. 
 
 

Philips NTC thermistor has been tested with the 
transformation technique design parameters and 
performance of the circuit is experimentally 
validated. The investigation of the temperature 
dependences is carried out using a water bath in the 
range of 0°C - 100°C. The calibration standard is a 

platinum thermometer (Pt100) for measuring the 
temperature with precision up to 1°C, and a digital 
ohmmeter is used for measurement of resistance. The 
specifications of various components used in the 
experimentation are given in Table 1. The 
temperature vs. resistance characteristics of the 
thermistor is depicted in Fig. 7. 

 
 

Table 1. Thermistors and component values used in SCC. 
 

Thermistor 
type 

RTo 
(kΩ) 

β-
value 
(K) 

Rf 
(kΩ) 

Rp 
(kΩ) 

Philips 47 4190 60 11.6 
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Fig. 7. Temperature - resistance characteristic  
of thermistor. 

 
 

3.2. ANN Simulation 
 
The experimental data of the SCC is normalized 

to the range [0, 1] and normalized output voltage is 
applied as input VN to MLP-ANN for training. The 
training and learning process is carried out by the 
four ANN algorithms separately. In the training 
phase, 15 data points were chosen from the 
experimental data of the SCC output voltage in the 
temperature range 0°C - 100°C. The target data for 
the MLP is a straight line with a unitary slope. 
During the testing phase, the data points which are 
not used in training phase are applied as inputs to 
MLP. The outputs of the MLP in the testing phase 
are closely matched to the desired response. After 
training, all the information of the linearization 
remains embedded in only six weight values and four 
bias values. The parameters of the ANN-MLP with 
LM, BFGS, SCG and ELM algorithms are tabulated 
in the Table 2. The output voltage versus normalized 
temperature characteristic for the four ANN 
techniques is shown in Fig. 8. The performance of 
the ANN algorithms is plotted along with the  
voltage - temperature characteristic of the SCC. 
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Table 2. ANN training parameters and simulation results. 
 

Training 
algorithm 
and ANN 

parameters 

Levenberg-
Marquardt 

BFGS SCG ELM 

Neural 
network 

Multilayer feed-forward neural network 

Number  
of neurons 

Input neurons – 1, Hidden neurons – 3,  
Output neurons – 1 

Activation 
function 

Log sigmoid for hidden layer, 
Linear activation function for output layer 

Epochs 11 35 36 1 
Weights W12 

W13 
W14 
W25 
W35 
W45 

-3.1509 
-0.8659 
2.4525 
0.4571 
-1.1123 
0.3603 

4.5098 
-2.8467 
4.8381 
0.2830 
-0.3861 
0.3366 

 -4.372 
-3.6863 
-4.9457 
-0.2692 
-0.3815 
-0.3811 

0.0581 
0.3397 
0.8171 
106.66 
-70.37 
10.943 

Biases 
b2 
b3 
b4 
b5 

 
6.6197 
0.4552 
1.7784 
-0.2497 

 
-3.1159 
-0.0400 
3.1800 
0.0210 

 
3.6259 
0.5529 
-3.0427 
0.0902 

 
0.3775 
0.9726 
0.6053 
8.3894 

 
 

3.3. Error Analysis 
 

The percentage nonlinearity error of the 
thermistor, SCC and the four ANN techniques are 
obtained for each temperature as, 

 
MV TV

E 100
FSR

−= × , (7) 

 
where E is the percentage nonlinearity error, MV is 
the measured value, TV is the true value and FSR is 
the full scale reading. The nonlinearity is specified as 
maximum deviation from the desired response. The 
comparative error analysis is presented in Table 3. 
The error characteristics of the thermistor are shown 
in Fig. 9. The error in percentage versus normalized 
input of SCC and four ANN techniques is shown in 
Fig. 10. It has been observed that the nonlinearity  
of approximately ±5.5 % over the temperature  
of 0°C - 100°C is achieved using analog SCC. The 
ANN algorithms BFGS and SCG reduced the 
nonlinearity of SCC to below ±3 %.The ANN-LM 
and ANN-ELM techniques exhibited ±0.35 % and 
±0.5 % nonlinearity respectively. ANN based 
linearization techniques exhibited an improved 
linearity characteristic over the SCC. 

 
 

Table 3. Error analysis of various linearization techniques. 
 

Technique Nonlinearity (%)
Thermistor (only sensor) ±49.41 % 

SCC ±5.46 % 
ANN-LM ±0.35 % 

ANN-BFGS ±2.00 % 
ANN-SCG ±2.73 % 
ANN-ELM ±0.50 % 
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(c) SCG 
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Fig. 8. Output voltage versus temperature characteristic  
of ANN techniques.  
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Fig. 9. Error in percentage versus normalized temperature 
for the thermistor. 
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Fig. 10. Error in percentage versus normalized temperature 
for ANN techniques. 

 
 

3.4. ANN Implementation 
 

The efficacy of the ANN algorithms is 
established through extensive simulation studies and 
its practicality is demonstrated with experimental 
results obtained on an ATmega328 microcontroller 
unit which is operated at a maximum frequency of 
20 MHz and coding was done in AVR studio. 
ATmega328 is used as it is a high performance, low 
powered, low cost microcontroller with enhanced 
RISC architecture. 

 
 

3.5. Discussions 
 

In this paper, various ANN algorithms are 
investigated for linearization of thermistor SCC. LM 
algorithm has the highest accuracy and also faster 
convergence. BFGS and SCG algorithms have 
relatively slow convergence when compared to LM 
algorithm. Also the accuracy of these algorithms 
decreases as the error goal is reduced. ELM 
algorithm has the fastest convergence rate and is 
much simpler in implementation. The accuracy of 
ELM algorithm is relatively very high over BFGS 

and SCG algorithms, but lower than LM algorithm. 
LM algorithm is best suited for sensor linearization 
with lesser complexity, whereas ELM is highly 
applicable to complex systems with large number of 
data points. The comparative study of proposed 
technique with various linearization techniques 
reported in literature is presented in Table 4. The 
performance of the proposed technique is compared 
with analog and digital signal conditioning 
techniques, numerical methods, computer based 
methods and heuristic methods. The objective of 
linearization is achieved in a two-tier structure with 
better results comparable to the techniques reported.  

 
 

Table 4. Comparative study of various  
linearization techniques. 

 

Methods 
Temperature 

range  
and Linearity 

Notable feature 

Modified 
Progressive 
Polynomial.  
[20]. Salar Rahili, et 
al. 

-20°C - 100°C 
±0.83 % 

Eliminates high 
degree of poly-
nomial, sensor 
resolution and 
data noise limit 
the experimental 
efficiency 

PDF-Progressive 
Polynomial based 
Linearization.  
[18]. J. M. Dias 
Pereira, et al.  

276.15 K -
313.15 K 
±0.45 % 

Limited range, 
high degree of 
polynomial, 
accuracy depends 
on number of 
calibration points 

Improved 
Progressive 
Polynomial. 
[19]. J. Rivera, et al. 

0°C - 120°C 
Less than  

±1 % 

Auto calibration 
capability, large 
number of 
permutations 

Piecewise 
linearization 
technique. 
[13]. S. Kaliyugava-
radan, et al. 

300 K -390 K 
±0.2 K 

Reduced 
linearization 
capability in 
sensors with 
highly nonlinear 
characteristics 

IC 7555 timer based 
linearization circuit. 
[11]. Z. P. Nenova, 
et al. 

0°C - 120°C 
±1.7 % 

Wide range of 
temperature, com-
plex circuit, gain 
and offset error 

Sigma-delta 
modulator based 
thermistor circuit. 
[12]. V. C. Rosa, et 
al. 

40°C - 65°C 
±0.01 % 

High accuracy, 
complex circuit, 
low resolution, 
limited range 

Sensor linearization 
with neural 
networks.  
[27]. Nicolas J. 
Medrano-Marques 

-5°C - 55°C 
±0.5°C 

Heuristic 
technique, no 
practical 
implementation 

MLP-ANN based 
thermistor 
linearization. 
The authors 

0°C - 100°C 
ANN-LM 
±0.35 % 

ANN-ELM 
±0.50 % 

Practical imple-
mentation of 
heuristic techni-
que, independent 
of calibration 
points, reduced 
computational 
load 
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4. Conclusions 
 
Thermistor linearization technique has been 

proposed based on both SCC and MLP-ANN 
algorithms. As a result of the experimentation done 
for the developed technique, the possibility for the 
design of a temperature sensor on the basis of a 
thermistor connected to operational amplifier circuit 
with ANN modeling has been presented. The 
technique was simulated to study its performance 
under various conditions and was prototyped using 
SCC and embedded microcontroller unit to analyze 
practical implementation. It was found that the circuit 
has shown good linearity over the appreciable 
dynamic range of thermistor. This technique 
incorporates intelligence into the SCC through 
artificial neural networks to restore the natural 
characteristic of the sensor which is very important 
objective of any instrumentation system. The 
developed ANN-based modeling technique may be 
extended to other inherent non-linear sensors to 
improve the performance characteristics in a wider 
span of measurement. The most important feature of 
the proposed technique is a low cost computational 
architecture of artificial neural network for 
embedding intelligence. This opens up for near future 
studies and applications of developing a smart, 
dynamic, miniature module for physical quantities 
measurement, automation and wireless transmission. 
 
 
References 
 
[1]. J. A. Becker, C. B. Green, G. L. Pearson, Properties 

and uses of thermistors — Thermally sensitive 
resistors, Transactions of American Institute of 
Electrical Engineers, Vol. 65, Issue 11, November 
1946, pp. 711–725. 

[2]. G. Bosson, F. Guttman, L. M. Simmons, 
Relationship between temperature and resistance of a 
thermistor, Journal of Applied Physics, Vol. 21, 
Issue 12, December 1950, pp. 1267–1268. 

[3]. M. Sapoff, R. M. Oppenheim, Theory and 
applications of self heated thermistors, in 
Proceedings of the IEEE, Vol. 51, Issue 10, October 
1963, pp. 1292-1305. 

[4]. M. J. Bowan, F. H. Sagar, Linearizing the self heated 
thermistor thermometer, IEEE Transactions on 
Instrumentation and Measurement, Vol. 21, Issue 1, 
February 1972, pp. 48–53. 

[5]. B. Sundvist, Simple, wide-range, linear temperature-
to-frequency converters using standard thermistors, 
Journal of Physics, Electronics, Science and 
Instrumentation, Vol. 16, Issue 4, April 1983,  
pp. 261–264. 

[6]. D. K. Stankovic, J. Elazar, Thermistor multivibrator 
as the temperature-to-frequency converter and as a 
bridge for temperature measurement, IEEE 
Transactions on Instrumentation and Measurement, 
Vol. IM-26, No. 1, March 1977, pp. 41–46. 

[7]. A. A. Khan, An improved linear temperature/voltage 
converter using thermistor in logarithmic network, 
IEEE Transactions on Instrumentation and 
Measurement, Vol. IM-34, Issue 5, December 1985, 
pp. 635–638. 

[8]. R. N. Sengupta, A widely linear temperature to 
frequency converter using a thermistor in a pulse 
generator, IEEE Transactions on Instrumentation 
and Measurement, Vol. 37, Issue 1, March 1988,  
pp. 62–65. 

[9]. S. Natarajan, A modified linearized thermistor 
thermometer using an analog multiplier, IEEE 
Transactions on Instrumentation and Measurement, 
Vol. 39, Issue 2, April 1990, pp. 440-441. 

[10]. N. M. Mohan, V. J. Kumar, P. Sankaran, Linearizing 
dual slope digital converter suitable for a thermistor, 
IEEE Transactions on Instrumentation and 
Measurement, Vol. 60, Issue 5, May 2011,  
pp. 1515–1521. 

[11]. Z. P. Nenova, T. G. Nenov, Linearization circuit of 
the thermistor connection, IEEE Transactions on 
Instrumentation and Measurement, Vol. 58, Issue 2, 
February 2009, pp. 441–449. 

[12]. V. C. Rosa, L. S. Palma, A. Oliveira, T. R. Torres, 
An inherently linear transducer using thermistor 
practical approach, in Proceedings of the 3rd 
International Conference on Sensor Technology, 
2008, pp. 491–495. 

[13]. S. Kaliyugavaradan, P. Sankaran, V. G. K. Murti, A 
new compensation scheme for thermistors and its 
implementation for response linearization over a 
wide temperature range, IEEE Transactions on 
Instrumentation and Measurement, Vol. 42, Issue 5, 
October 1993, pp. 952–956. 

[14]. D. Patranabis, D. Ghosh, A novel software-based 
transducer linearizer, IEEE Transactions on 
Instrumentation and Measurement, Vol. 38, Issue 6, 
December 1989, pp. 1122-1126. 

[15]. D. Ghosh, D. Patranabis, Software based 
linearization of thermistor type nonlinearity, Circuits, 
Devices and Systems, IEE Proceedings-G, Vol. 139, 
Issue 3, June 1992, pp. 339-342. 

[16]. A. Flammini, D. Marioli, A. Taroni, Application of 
an optimal look up table to sensor data processing, 
IEEE Transactions on Instrumentation and 
Measurement, Vol. 48, Issue 4, August 1999,  
pp. 813–816. 

[17]. S. A. Dyer, J. S. Dyer, Cubic-spline interpolation 1, 
IEEE Transactions on Instrumentation and 
Measurement Magazine, Vol. 4, Issue 1, March 
2001, pp. 44–46. 

[18]. J. M. D. Pereira, O. Postolache, P. M. B. S. Girao, 
PDF based progressive polynomial calibration 
method for smart sensor linearization, IEEE 
Transactions on Instrumentation and Measurement, 
Vol. 58, Issue 9, September 2009, pp. 3245-3252. 

[19]. J. Rivera, G. Herrera, M. Chacón, Improved 
progressive polynomial algorithm for self-calibration 
and optimal response in smart sensors, Measurement, 
Vol. 42, Issue 9, November 2009, pp. 1395–1401. 

[20]. Salar Rahili, Jafar Ghaisari, Amirhosein Gilfar, 
Intelligent selection of calibration points using a 
modified progressive polynomial method, IEEE 
Transactions on Instrumentation and Measurement, 
Vol. 61, Issue 9, September 2012, pp. 2519–2523. 

[21]. L. F. Pau, F. S. Johansen, Neural Network Signal 
Understanding for Instrumentation, IEEE 
Transactions on Instrumentation and Measurement, 
Vo1. 39, Issue 4, August 1990, pp. 558-564. 

[22]. J. M. Dias Pereira, P. M. B. Silva Girao,  
O. Postolache, Fitting transducer characteristics to 
measured data, IEEE Transactions on 
Instrumentation and Measurement Magazine, Vol. 4, 
Issue 4, December 2001, pp. 26–39. 



Sensors & Transducers, Vol. 186, Issue 3, March 2015, pp. 55-63 

 63

[23]. J. C. Patra, G. Panda, P. Baliarsingh, Artificial neural 
network based nonlinearity estimation of pressure 
sensors, IEEE Transactions on Instrumentation and 
Measurement, Vol. 43, Issue 6, December 1994,  
pp. 874-881. 

[24]. M. Attari, F. Boudjema, M. Heniche, Linearizing a 
Thermistor Characteristic in the Range of Zero to 
100 Degree C with Two Layers Artificial Neural 
Networks, in Proceedings of the International 
Conference on Instrumentation and Measurement 
Technology, 1995, pp. 119-122. 

[25]. J. M. Dias Pereira, O. Postolache, P. M. B. Girao,  
A temperature compensated system for magnetic 
field measurements based on artificial neural 
networks, IEEE Transactions on Instrumentation and 
Measurement, Vol. 47, Issue 4, April 1998,  
pp. 494-498. 

[26]. J. C. Patra, A. C. Kot, G. Panda, An intelligent 
pressure sensor using neural networks, IEEE 
Transactions on Instrumentation and Measurement, 
Vol. 49, August 2000, pp. 829-834. 

[27]. Nicolas J. Medrano-Marques, Bonifacio Martin-del-
Brio, Sensor linearization with neural networks, 
IEEE Transactions on Industrial Electronics, 
Vol. 48, Issue 6, 2001, pp. 1288–1290. 

[28]. P. Arpia, P. Daponte, D. Grimaldi, L. Michaeli, 
ANN-based error reduction for experimentally 
modeled sensors, IEEE Transactions on 
Instrumentation and Measurement, Vol. 51, Issue 1, 
February 2002, pp. 23–30. 

[29]. A. Marconato, M. Hu, A. Boni, D. Petri, Dynamic 
compensation of nonlinear sensors by a learning-
from-examples approach, IEEE Transactions on 
Instrumentation and Measurement, Vol. 57, Issue 8, 
August 2008, pp. 1689–1694. 

[30]. L. I. Volgin, Electrical Transducers for Measurement 
Instruments and Systems, Sovetskoe Radio, Moscow, 
Russia, 1971 (in Russian). 

[31]. Simon Haykin, Neural networks: A comprehensive 
foundation, 2nd edition, Prentice Hall, NJ, USA, 
1998. 

[32]. Nocedal J., Updating Quasi-Newton Matrices with 
Limited Storage, Mathematics of Computation,  
Vol. 35, 1980. 

[33]. Martin F. Moller, A scaled conjugate gradient 
algorithm for fast supervised learning, Neural 
Networks, Vol. 6, 1993, pp. 525-533. 

[34]. K. Levenberg, A method for the solution of certain 
problems in least squares, Quarterly Applied 
Mathematics, Vol. 2, 1944, pp. 164–168. 

[35]. D. Marquardt, An algorithm for least-squares 
estimation of nonlinear parameters, SIAM Journal on 
Applied Mathematics, Vol. 11, Issue 2, June 1963, 
pp. 431–441. 

[36]. M. T. Hagan, M. Menhaj, Training feedforward 
networks with the Marquardt algorithm, IEEE 
Transactions on Neural Networks, Vol. 5, Issue 6, 
November 1994, pp. 989–993. 

[37]. J. M. Wu, Multilayer Potts perceptrons with 
Levenberg-Marquardt learning, IEEE Transactions 
on Neural Networks, Vol. 19, Issue 12, February 
2008, pp. 2032–2043.  

[38]. Gao Huang, Guang-Bin Huang, Shiji Song, Keyou 
You, Trends in extreme learning machines: A review, 
Neural Networks, Vol. 61, 2015, pp. 32-48.  

[39]. Guang-Bin Huang, An insight into extreme learning 
machines: random neurons, random features and 
kernels, Cognitive Computing, Vol. 6, 2014,  
pp. 376-390. 

 

___________________ 
 

2015 Copyright ©, International Frequency Sensor Association (IFSA) Publishing, S. L. All rights reserved. 
(http://www.sensorsportal.com) 
 

 

http://www.sensorsportal.com/HTML/BOOKSTORE/Handbook_of_Measurements.htm
http://www.sensorsportal.com/HTML/BOOKSTORE/Handbook_of_Measurements.htm
http://www.sensorsportal.com/HTML/BOOKSTORE/Handbook_of_Measurements.htm
http://www.sensorsportal.com/HTML/BOOKSTORE/Handbook_of_Measurements.htm

