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Abstract: This paper represents the study of the effect of temperature on different capacitive humidity sensors 
used in practice. Capacitance of the humidity sensor, which is a function of concentration of water vapor, also 
depends on ambient temperature. This variation of ambient temperature causes error in the performance of 
sensor outputs and its compensation is essential. In this paper, we have used an artificial neural network to 
compensate the effect of ambient temperature error. The proposed artificial neural network technique is based 
on inverse model of the sensor. The technique is applicable for compensation of linear or nonlinear temperature 
effect of humidity sensor. It can also compensate the nonlinearity of the capacitive humidity response which is 
an issue for all most all types of humidity sensor. Our simulation studies show the sensor output and artificial 
neural network model output matches closely. Even though sensor characteristics change with temperature, the 
proposed model performs well irrespective of any change in temperature. It can be extended for the temperature 
compensation of other sensors. The maximum error for nonlinearity using the ANN technique are 0.2 % and 
temperature error of 0.08 % for temperature range between 10 °C to 60 °C of Sensor 3 and 0.01 % for 
temperature range between 25 °C to 85 °C of Sensor 4 respectively. Copyright © 2015 IFSA Publishing, S. L. 
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1. Introduction 
 

Sensors are widely used in industrial process, 
robotics, automobiles, avionics, and other systems to 
monitor and control the intelligent behavior of the 
system. Recently use of accurate precise and low 
power sensors has emerged in many sensor network 
applications. The control of industrial process and 
automated system would be very difficult without 
accurate sensor data. In modern measurement and 
control system humidity sensor has play an important 
role. Humidity measurement is very important tasks 
in many industrial processes for manufacturing of 
different products such as food, paper, textiles, 

semiconductors and petrochemical [1-2]. Among 
different techniques of humidity measurement, 
capacitive humidity sensors are widely used because 
they have higher sensitivity, lower power dissipation, 
ease of fabrication and very wide dynamic range than 
other humidity sensors. But the capacitance change 
of the humidity sensor is nonlinear with respect to 
the applied humidity [3]. 

Nonlinearity of humidity sensor creeps due to 
change in different environmental conditions like as 
temperature and humidity. The effect of such 
nonlinearities, the range of the sensor gets restricted 
[4-5]. Because of such nonlinear response 
characteristics and temperature dependence, problem 
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arises in the measurement of on-line calibration and 
digital interface for readout [6]. Nonlinear error will 
reduce the accuracy and sensitivity of the sensor 
output [7-8]. Thus variation of ambient temperature 
causes error in the accuracy of humidity 
measurement. Temperature compensation of relative 
humidity sensors are difficult to achieve by analog 
hardware technique because of drift in sensor output 
which requires retuning of components values of the 
circuit. The compensation by hardware method 
suffers from low accuracy and it has high cost. Thus 
temperature compensation through software 
techniques provides better flexibility in case of 
humidity sensors [9]. For example, if there is any 
drift in output, weights can be easily readjusted by 
software means [10]. Also, it is easy to model the 
behavior of the humidity sensor using ANN which 
can be used to predict the faultiness and drift in 
sensor calibrated output.  

The capacitance change of the humidity sensor 
due to the variation of the ambient temperature may 
be linear or nonlinear. Some work of temperature 
compensation has been reported earlier considering 
linear change only [9] and some work has been 
reported for a specific gas sensor [7] but the 
compensation of nonlinear temperature error of a 
humidity sensor is not reported so far as our 
knowledge is concerned. Also, the ANN technique 
for temperature compensation has not been 
generalized for different types of capacitive humidity 
sensors such as polymer, metal oxide or porous 
silicon based materials [11-13]. Polymer and metal 
oxide based humidity sensors are widely used for 
commercial applications. Porous silicon because of 
its IC compatibility is reported to be good candidate 
but because of drift due to aging and temperature 
dependence it is not employed for real time 
application [14-15]. 

Recently, artificial neural networks (ANNs) have 
emerged as a highly effective learning technique 
suitable to perform nonlinear, complex and dynamic 
tasks with high degree of accuracy [16-18]. Neural 
models are, therefore, much faster than 
physics/electromechanical models and have a high 
accuracy than analytical and empirical models [7]. 
Furthermore, they are easy to develop for a new 
device or technology [9]. They are adaptive, fault 
tolerant and failure of some synaptic links does not 
affect the performance very much. Due to the 
advancement of the signal processing tools, ANN 
network can be implemented using FPGA/DSP 
processors for real time monitoring of parameters.  

In this work, we have studied the temperature 
behavior of different types of capacitive humidity 
sensors available in the market, reported in literature 
and fabricated in the lab. The sensors studied are 
having sensing materials of different types such as  

1) Polymer; 
2) Aluminium oxide; 
3) Polymer based micro humidity sensor 

fabricated using MEMS technology.  
We model the temperature effect of the sensors 

and propose a scheme for temperature compensation 
of different capacitive humidity sensors using 
multilayer perceptron artificial neural network 
(ANN). ANN model can be used to estimate the 
relative humidity which is independent of 
temperature. The effectiveness of the scheme has 
been studied with computer simulation for both 
linear as well as nonlinear temperature compensation 
of humidity sensor. In addition, the ANN model can 
compensate the nonlinearity.  

 
 

2. Thermal Effects on Humidity Sensor 
 

In order to determine the effect of temperature on 
humidity sensor, we have studied four different 
sensors one from local market sensor (Sensor 1), 
second one from standard commercial Honeywell 
sensor (Sensor 2), third one from porous alumina 
sensor (Sensor 3) which is fabricated in our lab [19] 
and last one from literature based MEMS sensor 
(Sensor 4) [2]. Initially we have taken a capacitive 
humidity Sensor 1 and then experimentally tested 
this sensor in the lab. Temperature behavior has been 
studied in different ways namely  

1) Localized heating the humidity sensor by 
Peltier heating element; 

2) Using commercial temperature and humidity 
controlled chamber. 

In the humidity controlled chamber, the 
temperature effect of the sensor can be studied at 
different temperature keeping humidity constant. 

The sensor is placed on a Peltier device in a 
humidity chamber whose humidity level is kept at 
75 % RH maintained by the saturated salt solution. 
Peltier device (model: TEC03103) is used to heat the 
sensor. The sensor is connected to the precision 
Agilent LCR meter through shielded cable. The 
sensor is excited with input ac of 500 mV (rms) and 
frequency of 1 kHz. Experiment was conducted fixed 
at relative humidity of 75 %. Once it is heated 
locally, the sensor moisture molecules which were 
adsorbed at 75 % RH gradually evaporated. So the 
value of the capacitance gradually decreases. At 
around 500C almost all the moisture molecules are 
desorbed and the sensor reaches at almost dry 
condition. Fig. 1(a) shows the capacitive response the 
sensor with temperature 200C to 500C. When the 
sensor is heated beyond 500C up to 600C (maximum 
operating temperature is 500C), the values of the 
capacitances start increasing over a limited 
temperature range almost linearly. But the 
capacitance change is negligible in comparison to the 
capacitance value (nF) due to humidity change.  
Fig. 1(b) shows the capacitive response of the sensor. 
So the temperature effect is very low. Sensor 1 is not 
used for temperature compensation. 

Then we have studied the Honeywell Sensor 2 
(HCH-1000). The sensor is fabricated with polymer 
thin film [20]. The sensor is put inside a temperature 
controlled humidity chamber. 
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(b) 
 

Fig. 1. (a) Capacitive response with temperature  
from 20 0C to 50 0C; (b) Capacitive response of the sensor 

from 50 0C to 60 0C. 
 
 

The temperature of the chamber can be varied up 
to 700C with an accuracy of ±10C. The humidity 
level in the chamber can be varied from 5 to 95 % 
RH with sensitivity of ±5 %. To observe the 
temperature effect, the humidity is kept constant and 
the temperature of the chamber was varied from 100C 
to 700C. The capacitive response of the Sensor 2 is 
plotted with temperature at different constant % RH 
and the results are shown in Fig. 2. The capacitance 
value in pF increases linearly with temperature. 
Experiments are also performed to determine the 
response at different RH at constant temperature. The 
capacitances also increase linearly for a particular 
temperature as shown in Fig. 3.  

Thus commercial Honeywell sensor shows 
significant temperature error but the capacitance 
change with temperature is linear. 

Then we have taken porous alumina based 
nanostructure capacitive humidity Sensor 3 which is 
fabricated in our lab [19]. The sensor is having nano 
porous dielectric γ-Al2O3 thin film fabricated by low 
cost sol-gel method. Details of sensor fabrication are 
reported in our previous work [19, 21]. 

 
 

Fig. 2. Capacitive response of the Honeywell sensor. 
 
 

 
 

Fig. 3. Humidity response of the Honeywell sensor  
at various temperatures. 

 
 

Sensor 3 is also tested in the same humidity 
chamber. Fig. 4 shows the capacitive response of the 
sensor for a particular temperature but the variation 
of capacitance is in nonlinear in nature as shown in 
Fig. 4. Also the values of the capacitance of the 
sensor increase nonlinearly as the temperature 
increases for a particular relative humidity as shown 
in Fig. 5. Temperature behavior of the sensor is 
studied at constant RH of 56.3 %. Thus variation of 
the capacitance for the Sensor 3 with ambient 
temperature is nonlinear.  

Finally we have taken a MEMS based capacitive 
humidity Sensor 4 [2] and seen that the variation of 
capacitance increases with relative humidity for a 
particular temperature but the variation is in 
nonlinear in nature as shown in Fig. 6. Also the 
values of the capacitance of the sensor increase 
nonlinearly as the temperature increases for a 
particular relative humidity as shown in Fig. 7. Thus 
the change in ambient temperature results the change 
in sensor parameters. Therefore most of the humidity 
sensors show temperature error and nonlinearity. 
Hence the compensation of this temperature 
disturbance is very important for increasing the 
accuracy of the sensor output. 
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Fig. 4. Variation of capacitance with relative humidity  
at particular temperature for Sensor 3. 

 
 
 

 
 

Fig. 5. Variation of capacitance with temperature  
for Sensor 3. 

 
 
 

 
 

Fig. 6. Variation of capacitance with relative humidity  
at different temperature of Sensor 4. 

 
 

Fig. 7. Capacitive response of the Sensor 4 at different 
relative humidity. 

 
 

3. Capacitive Humidity Sensor Model 
 

When the humidity sensor is exposed to water 
vapor, the effective permittivity of the sensor 
changes due to change in vapor concentration. The 
effective permittivity of the sensor also changes due 
to change in ambient temperature even if the absolute 
humidity is maintained constant. The capacitance of 
the humidity sensor at a particular relative humidity 
and at a reference temperature can be expressed as 

 C RH = C + ∂C RH , (1) 
 

where C0 is the sensor capacitance at temperature T0 

in dry ambient (humidity is zero), ∂C (RH) is the 
change in capacitance due to change in humidity at 
temperature T0. 

The sensor capacitance is a function of the 
applied humidity and the ambient temperature T. 
Assuming capacitance change due to change in 
temperature is small and independent of the 
humidity, for linear temperature effect, the capacitive 
humidity sensor can be represented as 
 C RH, T = C RH + ∂C T , (2) 
 

where ∂C (T) is the incremental change in 
capacitance due to incremental change in temperature 
∂T. So for linear temperature characteristics, ∂C (T) 
can be expressed as 
 ∂C T = β∂T, (3) 
 

β is the temperature coefficient of capacitance. 
Nonlinearity of the response in humidity at 

constant temperature is calculated by making the 
difference between the measurement point Cin (RH) 
and their corresponding line of least squares points 
Cl (RH), where RH is the humidity. This difference is 
expressed as a percentage compared to the full scale 
response [22]. 
 NL %FS = C CFS  (4) 
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By using Equation (4), we modeled the 
nonlinearity by 2nd order polynomial as following: 
 % = ∗ + ∗ + , (5) 
 
where a, b, c are the coefficients. 

So at a particular temperature, capacitance of the 
sensor is expressed as: 
 = α ∗ RH 	 + β ∗ RH + 	γ (6) 
 

Similarly at a particular relative humidity, the 
capacitance of the sensor is expressed as (suppose 
second order): 
 C = ό ∗ T + ρ ∗ T + µ, (7) 
 
where α, β, γ, ό, ρ and µ are the characteristic 
parameters of the sensor obtained from curve fitting. 
 
 
4. Temperature Compensation Technique 
 

The scheme based on inverse model of the sensor 
is shown in Fig. 8. Here the humidity sensor and 
ANN are connected in cascade or the output response 
is applied to the inputs of ANN. Sensor output is fed 
as one of the inputs of the ANN and the ambient 
temperature as the other input. Output of the ANN is 
the estimated humidity in % RH. The desired output 
is the actual RH level at 25 °C which is exposed to 
the sensor for capacitance change. Even though the 
sensor characteristics change with temperature, the 
inverse model gives output, which is close to the 
humidity value at 25 °C thus independent of the 
variation of the ambient temperature. Also the ANN 
output can directly displays the temperature 
compensated relative humidity. To achieve this, the 
ANN has to be trained exhaustively with sufficient 
inputs (training parameters). The ANN is based on 
multi layer feed forward network (MLP) which 
consists of one hidden layer along with input and 
output layers as shown in Fig. 9. The hidden layer 
has an activation function of tan sigmoid and the 
output layer has linear activation function. This MLP 
is one of the most widely used ANN structures, 
which can generalize almost all types of data. The 
well-known back propagation algorithm, which is a 
generalization of the LMS (least mean square) 
algorithm, is used to train the MLP. This algorithm is 
based on error correction learning rule. The error 
signal, which is the difference between the actual and 
desired response is back propagated through the 
network from output side to input side and the 
weights in different layers are adjusted to make the 
actual response almost close to desired response. The 
simulation studies are carried out in MATLAB ANN 
toolbox environment with different activation 
functions, and hidden nodes.  

As we have seen from the response curve of 
Sensor 1, the change in capacitance with temperature 

is very small, so we have not applied ANN technique 
to compensate this sensor. We have applied the 
compensation technique for other three sensors 
where Sensor 2 has linear response and the Sensor 3 
and Sensor 4 has non linear response curve as 
described earlier. 

 
 

 
 

Fig. 8. Inverse Model of the Sensor. 
 
 

 
 

Fig. 9. General Multi-Layer Perceptron (MLP) structure. 
 
 

For getting good results initially we have simulate 
the Sensor 2, Sensor 3 and Sensor 4 using respective 
training data with different training functions. It is 
seen that minimum error has been occurred if we use 
“TRAINLM“ as a training function among all other 
functions. Comparison of simulation results of 
different training functions and parameters as shown 
in Table 1. 
 
 
4.1. Temperature Compensation of Sensor 2 
 

The data for training the network have been 
obtained with the help of actual experimental data of 
the sensor. Fig. 10 shows the Sensor 2 output 
capacitances that were obtained experimentally  
at a reference temperature of 25 °C for different 
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values of relative humidity (20 % - 95 %). Using  
Equations (1) – (3), different set of data are generated 
at other temperatures from 10 °C to 70 °C with 

interval of 5 °C. The temperature coefficient of 
capacitance is β, which is around 0.17 pF/0C. 

 
 

Table 1. Comparison of simulation results of different training functions. 
 

 
 
 

 
 

Fig. 10. Experimental values of the Sensor 2 with different 
percentage of relative humidity at 250C. 

 
 

The number of nodes in hidden layer is decided 
heuristically. ANN structure with different hidden 
nodes is trained with training data. The number of 
nodes, which give minimum error, has been selected 
as the optimum structure for temperature 
compensation To train the ANN, the normalized 
temperature and normalized sensor output are taken 
as the input patterns and the normalized relative 
humidity is taken as the desired output of the ANN 
network. Response of the inverse model is shown in 
Fig. 11. It is seen that estimated relative humidity 
using inverse ANN model closely represents the 
actual relative humidity. The ANN model has also 

been tested for different temperature at a constant 
relative humidity. Fig. 12 shows the variation of 
relative humidity for both the uncompensated and 
compensated sensor when the temperature of the 
ambient varies.  

 
 

 
 

Fig. 11. Response of the inverse model of Sensor 2. 
 
 

It is observed that for the compensated sensor, 
relative humidity (20 %) remains almost equal to its 
reference temperature value though the ambient 
temperature varies over the specified range but for 
uncompensated sensor relative humidity varies 
widely with temperature. The maximum temperature 
error in the range between 10 °C to 70 °C was 
12.45 % before compensation and 0.01 % after 
compensation. 
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Fig. 12. Variation of percentage of relative humidity  
for compensated as well as uncompensated Sensor 2. 

 
 

4.2. Temperature Compensation of Sensor 3 
 

The non linear response characteristic of the 
humidity sensor for an entire dynamic range of 
measurement is modeled based on power series 
expansion. The response of the sensor may be 
expressed as Y = a0 + a1x + a2x2 +…, where Y is the 
change in sensor capacitance and x is the applied 
humidity. The unknown coefficients an,  
n = 0, 1, 2, 3, …, represent the characteristic 
parameter of the humidity sensor. In this case from 
Fig. 5, we have seen that the capacitive response of 
the porous alumina sensor is non linear in nature. 
Analysis of the result show that the fitted curve 
equations for 3rd order polynomial (most suitable) of 
the sensor at 25 °C is expressed by 
 C = 0.0005RH 0.0338RH + 1.13RH + 44 (8) 
 

Again the variation of capacitance with 
temperature at a constant relative humidity 
(56.3 % RH) of a porous alumina sensor is non linear 
in nature as shown in Fig. 6. From this curve, we can 
find the nonlinearity factor (βNL) as 
 = 	_

×100 %, (9) 
 

where Clinear is the corresponding value of the 
capacitance from the linear curve, Cnonlinear is the 
value of the corresponding capacitance from 
nonlinear curve and Tlinear is the value of the 
corresponding temperature from linear curve. The 
response curve is piecewise linearized in two linear 
segments. The variation of capacitance with 
temperature from 10 °C to 60 °C can be plotted as 
shown in Fig. 13. 

Nonlinear Capacitance change with temperature 
is divided into two linear segments as shown in 
Fig. 14. Segment 1, temperature range is between  
10 °C – 30 °C (green line of the Fig. 14) and  
Segment 2, temperature range is between  
30 °C – 60 °C (red line of the Fig. 14). Each segment 
has linear equation which can be used to generate 
data for temperature compensation. 

 
 

Fig. 13. Capacitance vs. temperature from 10 °C to 60 °C. 
 
 

 
 

Fig. 14. Capacitance vs temperature with two  
linear segments. 

 
 

The equation for Segment 1 and Segment 2 are 
given as: 
 C1 = 0.162T + 87.70 (10) 
 C2 = O. 429T + 80.01 (11) 
 

Data for training the network have been obtained 
by using Equations (8), (10) and (11). Inverse model 
for temperature compensation has been developed. 
The optimum MLP structure of the inverse model has 
been obtained heuristically. The suitable MLP 
structure is 3-8-1. Here the normalized temperature 
and normalized capacitance are taken as the input 
patterns and the normalized relative humidity is 
taken as the desired output of the ANN network. 
Fig. 15 shows a comparison of the actual humidity 
with the estimated humidity from the ANN output.  

It is seen that estimated relative humidity using 
inverse ANN model closely represent the actual 
relative humidity. The maximum nonlinearity with 
desired linear fit is 0.2 %. The inverse model directly 
displays humidity. 

Similarly, this ANN model has also been tested 
for different temperatures at constant relative 
humidity. From Fig. 16, it is observed that for the 
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compensated sensor, relative humidity around (56 %) 
remains almost equal to its reference temperature 
though the ambient temperature varies over the 
specified range. The humidity value without 
temperature compensation is also shown in the same 
plot. It shows that without compensation, humidity 
value changes with change in ambient temperature. 
The maximum error between 10 °C to 60 °C 
temperature range was 5.69 % before compensation 
and 0.08 % after compensation. 

 
 

 
 

Fig. 15. Comparison between calibrated humidity  
with measured humidity of Sensor 3. 

 
 

 
 

Fig. 16. Variation of percentage of relative humidity  
for compensated as well as uncompensated alumina sensor. 
 
 

4.3. Temperature Compensation of Sensor 4 
 

In this case capacitive response is non-linear in 
nature as shown in Fig. 7. Similar experiments have 
done using inverse model of sensor as shown in 
Fig. 9. From the simulation results it is seen that 
minimum error achieved with different number of 
nodes in the hidden layers is 9 so the MLP structure 
should be 3-9-1. Fig. 17 shows a comparison of 
calibrated humidity with the measured humidity for 
the sensor. The maximum nonlinearity with desired 
linear fit is 0.2 %. Similar in previous one ANN 
model has been tested for different temperatures at 
almost constant relative humidity. From Fig. 18 it is 
observed that for the compensated sensor relative 
humidity around (50 %) remains almost equal to its 

reference temperature though the ambient 
temperature varies over the specified range. The 
maximum error between 25 °C to 85 °C temperature 
range was 16.7 % before compensation and 0.01 % 
after compensation. 

 
 

 
 

Fig. 17. Comparison of calibrated humidity with measured 
humidity of Sensor 4. 

 
 

 
 

Fig. 18. Variation of percentage of relative humidity  
for compensated as well as uncompensated Sensor 2. 

 
 
5. Conclusions 
 

In this work, we have investigated the effect of 
ambient temperature for different types of capacitive 
humidity sensors. The proposed ANN techniques 
based on inverse model of the sensor can eliminate 
the effect of temperature as well as nonlinearity of 
any humidity sensor over a wide temperature range. 
Even though sensor characteristics change with 
temperature, the proposed model performs quite 
satisfactory irrespective of ambient temperature 
variation. Thus we conclude that our ANN technique 
is the generalization of all kind of compensation of 
temperature characteristics whether it is linear or 
nonlinear including the non linearity of the sensor 
response curve with an accuracy of 0.2 %. Future 
work involves the hardware implementation of the 
compensating ANN inverse model using micro 
controller for real time humidity display. 
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