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ABSTRACT

This paper basically presents a modelling of sroapacitive humidity sensor in order to correct tiom linear
characteristics of capacitive humidity sensor (CH®) surveillance in supply chain smart capacitivenidity sensor are
integrated with RFID tag. Change in ambient temjpeealeads to non liner characteristics of capaeitiumidity sensor.
Under such condition to obtain correct humidityd®at, several techniques have been proposed. Mdproompensation
and self-calibration artificial neural network (ANMN proposed. A microcontroller unit based hardavexperimental set
up has been implemented and experimentally measlatdhas been used to train ANN. In this papeulsition results
have shown. This model can estimate the humidigr temperature variation from 20 C to 50 C with maxn full scale

error +1%.
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INTRODUCTION

Humidity sensor is widely used for much applicatamea such as food storage, agriculture, domegfitaaces
and climate control. Humidity sensor should haveedr response, low hysteresis and high sensittaityulfil the
requirement of such appliances. Power consumptiesponse time, low cost, and high stability are esamportant
parameter of smart humidity sensor that must bedisRFID integrated with smart sensors (includi®ig, relative
humidity, temperature etc) opens up much new diaa@pplication. An RFID tag equipped with smaepacitive

humidity sensor used for instant monitoring andféard quality training.

Capacitive technique is most widely used for hutyidéensor, where the RH change is detected by
humidity —induced dielectric constant change ohtfiim, where the most widely used material as hiityisensitive
dielectric are polyimide film as they provide highnsitivity, low response time and low power congtiom [1]. However
on comparison with offset capacitance there is k@apacitance change of the CHS (Capacitive hugnigd@nsor).
Due to its nonlinear response characteristics angérature dependence, difficulties arise in ontedébration and digital
interface for readout [2]. ANN can successfullyklaccomplex non linear modelling. Neural modellisgnuch faster than

physics/electromechanical model and has higherracguhan analytical and empirical model.

In this paper, humidity readout is carried out witlo MLPs. The first MLP provides calibrated respen

characteristics due to change in ambient temperaiire second MLP provides accurate humidity redou
CAPACITIVE HUMIDITY SENSOR

A block diagram of capacitive humidity sensor iswh in figure 1. There is two capacitive sensojsré¢ference
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capacitance and (2) sensor capacitance. The retemapacitance is generally not exposed to enviephrvhere as sensor
capacitance is mainly exposed to environment. Tangasure the reference capacitance must be knoevnexample,
if we have a sensor that has to variate from 6AQ0 pF, the reference capacitance value shouldppeodmately
80 PF [3]. The oscillator is to relate the changecapacitance to a voltage. A low pass filter reesothe oscillation
frequency leaving the voltage response and gairlifieespthe signal to the desired Vout range [4]. BAsolt V. is used.

From equation (1) voltage can be measured.

I

Reference Oscillator

Wout

C ) L.P.Filter Gain
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]

Figure 1: Block Diagram of Capacitive Humidity Sensr

Voue=V4c*(0.00474 * %RH * 0.2354) 1)

Behaviour of Capacitance SensortWhen the water vapour blows over the surface; ddisorbed on the surface.
The adsorbed molecule diffuse in the polymer indgch variation of its permittivity [5]. The variati in permittivity

causes variation in capacitance.
A
C =EOET Z

Wheres, is the dielectric constant for vacuung,. is relative dielectric constant for the polystiis thickness of

active layer and A is conductive area.

EXPERIMENTAL SET UP

Humidity ADC 5 Microcontroller LCD
sensor

Figure 2: Overall System Architecture

Figure 2 shows the overall system. A microcontrollmit based hardware experimental set up has been
implemented and experimentally measured data has bged to train ANN. Simulation result show thas tmodel can
estimate the humidity over a wide variation of temgiure 20 to 50 degree. This system measure thedhy and
provides an analogue signal that is converted dingital with ADC(Analog-to-digital converter). Thisignal is given to

microcontroller which perform the necessary procgsand display results on the LCD.
DESIGNING OF ANN MODEL

In general designing ANN model follows these stepstaDmllecting, Data pre-processing, Building netwyor

Training network, Testing network.
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Data Collection

In designing ANN model preparing and collectingadat the first step. The experimental set up resuits used

for database arrangement as (H, C, T, and V) wHasehumidity is capacitance, T is temperature ¥risl voltage.
Data Pre-Processing

Data Pre processing refers to transforming andyaimg the input and output variables to highligimpbrtant

relationships. The input and output variables atkifito the networks.
Building the Network

At this stage, the numbers of neurons in each f&ayeaining function, and transfer function in edaker is

specified. In this work feed forward MLP is used.
Training Network

Training set is the largest set used by the nenatalork to learn the pattern present in the datélLP-1 393 and
in MLP-2 262 data has been used.

Testing Network

The performance of the developed model is testhizydtep. The comparison between initial databasethat
obtained after training, using the test base, atdis that our model express accurate response altbacitive humidity
sensor (CHS) [6].

e —
Data collection

‘ Data Pre-processing ‘

H

‘ Building Network ‘

U
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!

‘ Testing network ‘

Figure 3: Flow Chart of ANN Designing
THE MLP-BASED CHS MODEL

The proposed ANN model basically consists of twoRM T he first MLP is used to transfer the charasties to
the estimated characteristics. The second MLP tseztbmpensate the non linearity’s in sensor charestics and to

estimate the humidity readout.
MLP-1: Transfer of Sensor Characteristics

The scheme of Transfer of sensor characteristicsotonalized estimated response characteristic®us Sn
figure 6. The input to MLP-1 is temperature andagé. The desired output for MLP is estimated cidqace.
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MLP-2: Estimation of Humidity

The scheme of estimation of humidity is shown gufe 7. Here input to MLP-2 is estimated capaciaaicd
desired (target) output is humidity.
SIMULATION STUDIES

To evaluate the performance of MLP —based CHS medé&tnsive simulation studies have been carri¢d ou

Training and Testing of MLP-1

To transfer the sensor characteristics to estimegegonse characteristics an MLP with {2-5-1} aretiure is
considered. During training BP (Back Propagatioajadwas used and 393 training base data were chraseomly.
For testing purpose 114 databases was chosen rantlanvoltage was simulated within the range fri@124 to 3.24) and

then applied to MLP with temperature information.

= Eas: Vaidaten Pafomance is 021965 2t epoct 6
0= T T

—

— Vaieam

- Bast

o Error (mse)

W

W
Y
5

i | I |

b [ ] F
{2Emhs

Figure 4: Training Errors versus Number of Epochs h MLP-1
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Figure 5: MLP-1 Model for Transferring the CHS Response
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Figure 6: MLP-2 Model for Estimation of Humidity
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Table 1: Optimized Parameter for MLP-1

Training base 393
DEIEIESe Test base 114
Input layer 2
Nﬁ;‘ﬁﬁ:}gf Hidden layer 5
Output layer 1
Transfer Hidden layer Log-sig
Function Output layer Linear
Input Voltage | Temp
Max 3.475 30
Min 2.125 20
Output Capacitance
Max 7626
Min 3586
Architecture 2-5-1
Training Rule Backpropogation
£

Estimated capactance.

Figure 7: Neural Network Response for MLP-1
Training and Testing of MLP-2

To estimate the humidity a MLP with {1-4-1} architere was chosen for MLP-1. The input to MLP-1 is
estimated capacitance and target output is humidite training is done using BP (Back propagatialgorithm and
training 148 were randomly chosen. For testing psep76 data base were selected. In testing the artsop between
initial database and that obtained after trainumgjng the test base, indicates that our model sgpaecurate response
variation of the CHS [6]. This model provides thstimated humidity readout accurately that is indejeat on

temperature and non linear response characteristics

Best Validation Performance is 0.38978 at epoch 7
10 e T T T T
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Figure 8: Training Error versus Number of Epochs inMLP-2
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Figure 9: ANN Model Performances at 30 Degree

Table 2: Optimized Parameter of MLP-2

Training base 262
DElEloEsE Test base 76
Input layer 1
Nﬁg:ﬁg:\gf Hidden layer 4
Output layer 1
Transfer Hidden layer Log-sig
Function Output layer Linear
Input Capacitance (nf)
Max 7626
Min 3586
QOutput Relative Humidity (%RH)
Max 97
Min 40
Architecture 1-4-1
Training Rule Back propagation

RESULTS AND DISCUSSIONS

Experimental data has been measured at differemipdmmture using a microcontroller based hardware
experimental set up. Due to non linear respongesueal network has been trained, as described ddfothe end, results
of the neural network application to the sensogpoase are presented. Figure 4 shows the trainiog eersus the
number of epochs in MLP-1. For each of the 393 oamlg generated data set, we first trained the neétwdth the
training data up to 12 epochs. The best validaperformance is 0.21965 at epochFégure 7 shows the estimated

(via ANN) and the measured (via sensor) capacitaatee versus voltage for MLP-1.

Figure 8 shows the training error versus the numbbepochs in MLP-2. For each of the 262 randondgegated
data set, we first trained the network with thénireg data up to 13 epochs and the best validgt@formance is 0.38978
at epoch 7. As the number of training iterationo@@ys) increased, the performance for predictingtthi@ing humidity

continues to be improved=igure 9 shows the shows the ANN model performat@&® degree.
CONCLUSIONS

To obtain auto-compensation and auto-calibratiorthef non linear characteristics, an intelligent aiofbr
CHS using two MLP is proposed. The first MLP is dis® provide the estimated response characteristicany

temperature. The second MLP provides the accurataidity readout and compensate the nonlinearitysémsor
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characteristics. The proposed model estimates uwh@dity over wide range of temperatuk#ith this low power, linear

response and low cost devices can be developedcetHdimear response, low cost and low power are rttzén

requirements for RFID sensors and their applicatguch as medical supplies and traceability of fo@diucts.

REFERENCES

1.

10.

Burak Okcan and Tayfun Akin, Member, IEEE, “A Loveler Robust Humidity Sensor in a Standard CMOS
Process”, IEEE TRANSCATION ON ELECTRON DEVICE, v@, No 11, NOV, 2013.

Santanu K. Rath and Jagdish C. Patra and Alex Q. pfesents “An Intelligent Pressure Sensor with
Self-Calibration Capability using Artificial Neur&letworks”, IEEE, 2000.

José Pelegri-Sebastia, Eduardo Garcia-Breijo, J#végiez, Tomas Sogorb, Nicolas Laguarda-Miro, aosé
Garrigues, “Low-Cost Capacitive Humidity Sensor f&pplication within Flexible RFID Labels Based on

Microcontroller Systems” IEEE, vol 61, No.2.

Uma Sharma, Mahesh Sharma, Rajesh kumar “Smartc@i@paHumidity Sensor Based on Flexible RFID

Labels”,National Conference on “Emerging Trends in Mobitn@nunication”, March 2013.

D. T. Valarpriya, P. N. Prabhakaran & M. Renuga $[@e of High Sensitivity and Fast Response MEMS
Capacitive Humidity Sensor”, IJECIERD, vol.3, Is®jeJune 2013.

Kouda Souhil, Dibi Zohir, Barra Samir, Dendouga Alghani, and Meddour Faycal, “ANN Modelling of a
Smart MEMS-based Capacitive Humidity Sensor” Inéional Journal of control, Automation, and System
(2011).

Angie Tetelin and Claude Pelléflember, IEEE, “Modelling and Optimization of a Fa&tsponse Capacitive
Humidity Sensor” IEEE SENSORS journal, vol.6, Nal8ne 2006.

Aman Tyagi, Arrabothu Apoorv Reddy, Jasmeet Sin§hubhajit Roy Chowdhury “A Low Cost Portable
Temperature-Moisture Sensing Unit with ArtificialeNral Network Based Signal Conditioning for Smart

irrigation Application”,International Journal of Smart Sensing & Intelligeystem vol.4, No.1, March 2011.

Jalil Jabari Lott and Seyed Hossein Hosseini Nazjtaakzani “Using Fuzzy Network Method to Analysi® th
Performance of Wireless Sensor Networks”, J. Bagipl. Sci. Res., 2(1) 396-405, 2012.

Tomas Unander and Hans-Erik Nilsson “Charactenmatif printed Moisture Sensors in Packaging Suesile
Application”, IEEE SENSORS Journal, vol.9, No.8,gust 2009.

This article can be downloaded fromwww.impactjournals.us







