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(ABSTRACT)

The aim of this research is to calibrate conductive polymer nanocomposite materials for

large strain sensing and develop a structural health monitoring algorithm for gossamer

structures by using nanocomposites as strain sensors. Any health monitoring system works

on the principle of sensing the response (strain, acceleration etc.) of the structure to an

external excitation and analyzing the response to find out the location and the extent of

the damage in the structure. A sensor network, a mathematical model of the structure, and

a damage detection algorithm are necessary components of a structural health monitoring

system. In normal operating conditions, a gossamer structure can experience normal strain

as high as 50%. But presently available sensors can measure strain up to 10% only, as

traditional strain sensor materials do not show low elastic modulus and high electrical

conductivity simultaneously. Conductive polymer nanocomposite which can be stretched

like rubber (up to 200%) and has high electrical conductivity (sheet resistance 100 Ohm/sq.)

can be a possible large strain sensor material. But these materials show hysteresis and

relaxation in the variation of electrical properties with mechanical strain. It makes the

calibration of these materials difficult. We have carried out experiments on conductive

polymer nanocomposite sensors to study the variation of electrical resistance with time

dependent strain. Two mathematical models, based on the modified fractional calculus and

the Preisach approaches, have been developed to model the variation of electrical resistance

with strain in a conductive polymer. After that, a compensator based on a modified Preisach

model has been developed. The compensator removes the effect of hysteresis and relaxation

from the output (electrical resistance) obtained from the conductive polymer nanocomposite

sensor. This helps in calibrating the material for its use in large strain sensing. Efficiency of



both the mathematical models and the compensator has been shown by comparison of their

results with the experimental data. A prestressed square membrane has been considered

as an example structure for structural health monitoring. Finite element analysis using

ABAQUS has been carried out to determine the response of the membrane to an uniform

transverse dynamic pressure for different damage conditions. A neuro-fuzzy system has been

designed to solve the inverse problem of detecting damages in the structure from the strain

history sensed at different points of the structure by a sensor that may have a significant

hysteresis. Damage feature index vector determined by wavelet analysis of the strain history

at different points of the structure are taken by the neuro-fuzzy system as input. The neuro-

fuzzy system detects the location and extent of the damage from the damage feature index

vector by using some fuzzy rules. Rules associated with the fuzzy system are determined

by a neural network training algorithm using a training dataset, containing a set of known

input and output (damage feature index vectors, location and extent of damage for different

damage conditions). This model is validated by using the sets of input-output other than

those which were used to train the neural network.
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Chapter 1

Introduction

1.1 Gossamer Structures

Gossamer structures refer to inflatables or any other ultra light weight structures. Examples

include solar arrays, inflatable space antennas, space habitats etc. Highly flexible membrane

or shell-like elements are main components of such structures. The US National Aeronautics

and Space Administration (NASA) launched its first expandable satellite ECHO in 1998.

NASA began to look at inflatable structures to house astronauts in transit to Mars as well

as a habitat once they were on the surface. In 2006 Bigelow Aerospace launched a subscale

inflatable demonstrator called Genesis I. Figure 1.1a shows an inflatable Mars rover solar

array prototype developed by ILC Dover for the Jet Propulsion laboratory (JPL). This solar

array prototype is a working, full scale inflatable solar array for rover application [1]. An

ultra light weight space habitat TransHab developed by NASA to support a six members

crew for a long duration stay in space is shown in Fig. 1.1c. Outer part of the structure

1



Chapter 1. Introduction

is made of multi-layered shell. Inflation by air or a gas causes a pre-tension in inflatable

structures and keeps them in the desired shape and stiffness. In case of other membrane

type structures, the pretension is applied by pulling the structure at some strategic points.

The roof of the Denver international airport is an example of such structures. The main

advantage associated with the gossamer structures is their high strength and stiffness to mass

ratios. These structures have a minimal need for on site construction materials. Virtually

all of the assembly mechanism is inherent to the structure [1].

One of the major problems with gossamer structures is their vulnerability to structural

damages such as cracks, wrinkles (in case of single thin walled structures) and delaminations

(in case of multi-layered walls) etc. affecting their serviceability and safety. This necessitates

the development of an efficient structural health monitoring system for such structures.

1.2 Large Strain Sensor

In normal operating conditions, a ultra light weight, highly flexible structure can experience

normal strain as high as 50%. But presently available sensors can measure strain upto 10%

only. Standard foil resistive gage can measure strain of up to 2.5% or less. Strain sensors

made of the piezoceramic material, lead zirconium titanate(PZT) can measure up to 1−2%.

Polyvinylidene fluoride (PVDF) is a relatively flexible material with piezoelectric properties.

It can be used to measure strain up to 10%. Conductive polymer nanocomposite materials

have low elastic modulus (10MPa), high electric conductivity (sheet resistance is 0.1 to 1

/sq.) and can be stretched up to 200%. A review on sensors for gossamer structures can

be found in [2]. Calibration of conductive polymer nanocomposite materials as a large

2



Chapter 1. Introduction

(a) Solar Array Prototype (b) Inflatable Space Antenna

(c) Inflatable Space Habitat

Figure 1.1: Gossamer Structures

strain sensor is one of the goals of our research. But phenomena of both the hysteresis and

relaxation in the variation of electrical resistance with strain in these materials posses a

significant challenge in the calibration of these materials.

3



Chapter 1. Introduction

1.3 Mathematical Models for Hysteresis and Relax-

ation

Hysteresis represents a property of systems that show dependence on input history applied

to it i.e. output at any time instant depends on the input applied to the system both at

the present time as well as the previous history; consequently same instantaneous value of

the input can give different outputs depending on the entire input history. Variation of the

output with cyclic input in a system with hysteresis gives rise to a loop, called ‘hysteresis

loop’. Hysteretic phenomena are encountered in various branches of engineering, such as

magnetic hysteresis, electrical hysteresis, ferroelectric hysteresis, electron beam hysteresis,

adsorption hysteresis etc. Viscoelastic behavior of composite laminates [3, 4] and rheolog-

ical behavior of polymers [5] are other well known examples of hysteretic behavior. Some

studies on unsteady behavior of conductive polymers can be found in [6, 7, 8]. Knite et al.

[7] investigated the use of electrically conductive polymer composites as large-size flexible

pressure and stretch sensors for detecting dangerous deformations and vibrations of vehicle

components. They studied the change of resistance with strain at different concentrations

of carbon nano-particles in the conductive polymer composites and proposed a description

of the microstructure providing extremely strong tenso-resistive and piezo-resistive effects.

Rekhviashvili [8] developed an elementary theory of electrical conduction using the frac-

tional equation of motion. It was shown that current fluctuations in a polymer have a

spectral characteristic of the flicker type.

Different mathematical models have been developed, depending on the type of hysteretic

behavior, and successfully applied in these fields. Hysteresis models are either physics

4



Chapter 1. Introduction

based or empirical. Physics based models, being mainly microscopic and semi-microscopic,

involve application of an energy principle and thermodynamic, electromagnetic or other laws

depending on the behavior at the grain level [9]. The main disadvantage of such models

is the requirement of a large number of material parameters. As our goal was to develop

a mathematical model for the calibration of large strain sensor, we were more interested

in empirical models that require less number of parameters and are suitable for practical

applications, such as structural health monitoring of gossamer structures. We first reviewed

in detail two of the several existing hysteresis models, namely the Preisach and the fractional

calculus approaches.

Fractional derivatives were first discussed in 1695 by l’Hospital in a letter to Leibniz [10, 11].

Later on, researchers including Euler [12], Lacroix [13], Hardy [14], and Osler [15] made

significant contributions to the theory of fractional calculus. This approach has proven to be

very effective in modeling the dynamic behavior of different kinds, especially of viscoelastic

materials showing hysteresis coupled with relaxation. Nutting [16] observed that stress

relaxation could be modeled by fractional powers of time. This can be viewed as the

progenitor of the fractional calculus approach of modeling the viscoelastic behavior [17].

Gemat’s [18] observation on stiffness and damping properties of viscoelastic materials to

be proportional to the fractional powers of frequency was another motivating factor behind

this.

The basic principle behind this type of modeling is to express the relation of time dependent

output with the time dependent input by an equation involving fractional differential and

integral operators. By minimizing the sum of the square of difference between the output

obtained from the experiment and the output predicted by the model at the data points, the

5



Chapter 1. Introduction

values of different parameters (order of derivatives, integrals, coefficients multiplied with the

derivatives and integrals) are determined. Scott-Blair and Reiner [19], Belavine et al. [20]

applied fractional derivatives in the field of rheology and electro-chemistry, respectively.

Bagley and Torvik [21, 22] showed the use of fractional derivatives to model viscoelastic

behavior. Thermodynamic constraints, based on a nonnegative rate of energy dissipation

and nonnegative internal work were used for the selection of material parameters. They

claimed that mathematical models obtained by following this approach are accurate over

several decades of material property values. de Espindola, da Silva and Lopes [23] proposed

a model based on 4 unknowns in the fractional differential equation to identify different

mechanical properties of a viscoelastic material. They defined a complex transmissibility

function in the frequency domain. Unknown material parameters were determined by min-

imizing the sum of the square of the values of transmissibility at different frequencies. Horr

and Schmidt [24] modeled frequency dependent damping characteristics of viscoelastic ma-

terial using fractional derivatives. Davis et al. [25] used fractional derivative to determine

constitutive properties of brain parenchyma. They used fractional Zener model with four

unknowns and obtained relaxation and creep properties of the material.

Preisach [26] in 1935 developed the well-known model to represent path-dependent behavior

of magnetic materials based on some plausible hypothesis concerning the physical mecha-

nisms of magnetism. In this model, the output from a system with hysteresis is considered

as a weighted combination of the outputs from a number of elementary hysteresis operators.

Everett and Whitton [27] independently invented and developed the model for adsorption

hysteresis. Later on, several modifications have been proposed to take care of the depen-

dence of the output on the rate of the input, stabilization of the hysteresis loop etc. Cornejo
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and Missell [28] used Preisach model to model nanocrystalline magnets. Roshko and Huo

[29] characterized the irreversible response of a ferromagnet pervoskite (SrRuO3) with a

Curie temperature of 160K. Vandenbossche, Dupr and Melkebeek [30] investigated the ap-

plication of magnetic hysteresis measurement combined with the Preisach model for the

evaluation of fatigue damage progression. Determination of the weight function and very

high computation time are major problems in using Preisach model [31]. Schiffer and Ivanyi

[31] showed the use of wavelets to solve these problems. The weight functions were derived

for some operators and two-dimensional wavelet average interpolation transform was applied

to interpolate the function for other operators. Yunhe et al. [32] represented system out-

puts and Preisach function by wavelet approximation. A dynamic rate-dependent Preisach

model can be found in the book by Mayergoyz [33].

1.4 Compensation of Hysteresis and Relaxation

A system Γ2 is called the compensator (or inverse) of a system Γ1 if, for any initial state of

the system Γ1, there is a state of the system Γ2 such that, starting from these states, the

series connection of the two systems gives the identity transformation independent of their

order [34]. In case of a sensor with nonlinearities, a compensator is placed in series with the

sensor to remove the effect of nonlinearities present in the sensor from the sensed data to

facilitate its calibration.

Everett integral and Everett surface based algorithms, as discussed in Chapter 7 subse-

quently, are very common among the different compensation algorithms for Preisach hys-

teresis. Natalea, Velardib and Visonec [34] proposed identification and compensation of
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the hysteretic behavior of a Terfenol-D magnetostrictive actuator. Everett integrals and

the Preisach distribution function were analytically reconstructed by using both a fuzzy

approximator and a feed-forward neural network. Due to the filtering capabilities of the

neuro-fuzzy interpolators smoothing of the measured data was not required. Using the

Everett integrals and the Preisach distribution function, hysteresis compensator was devel-

oped. Davino et al. [36] proposed an Everett surface based fast compensation algorithm

for real time control of magnetostrictive actuators. They provided the Everett function

through a matrix, implementing its uniformly spaced samples. The problem of finding the

value of input from the output was solved simply by inspecting a lookup table according to

some rules that were presented in their paper. Cavallo et al. [37] generalized the approach

of Davino et al. [36] to develop the compensator for systems where output depends on

more than one input variable. For example, in micro-positioning tasks using ferro-magnetic

materials, output force can be a function of magnetic field and the pre-stress.

Galinaitis and Rogers et al. [38] proposed a bivariate Preisach model for compensation

of hysteresis. Their model was based upon the idea of finding a Preisach distribution

function for which a closed-form formula for the inverse operator can be obtained. They

proposed two easily invertible models. The first model treats the Preisach distribution to be

a function of two variables. This function has a value zero outside of the second quadrant

of the Preisach plane which causes the loops to exhibit a pronounced saturation effect. The

second model considers the Preisach distribution to be a function with one free variable.

This model shows comparatively less saturation effect. After that, they derived the Preisach

distribution functions which give the inverse of the above two models. Tan, Venkataraman

and Krishnaprasad [39] proposed a closest match algorithm for hysteresis compensation. In
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this method, the Preisach plane is discretized into a finite number of grids. The algorithm

aims to determine the input whose output matches the desired output most closely among all

possible inputs. Since the Preisach plane is discretized, the input can only take values from

a finite set. Viswamurthy and Ganguli [9] used the closest match algorithm for hysteresis

compensation in a piezoelectric actuator for helicopter vibration control.

Most of the presently available compensators are based on classical Preisach model and

they are effective in time independent static hysteresis. Research on a compensator for

piezoelectric actuators with consideration to both time independent hysteresis and time

dependent creep can be found in the works by Janocha et al. [40], Changhai et al. [41].

But literature on compensation of dynamic hysteresis is rather weak to the best of our

knowledge.

1.5 Damage Detection in Structures

Structural health monitoring systems are developed to detect damages in a structure in a non

destructive way. In a structural health monitoring system, response of the structure to an

external excitation is analyzed to detect the damages. Vibration based methods, ultrasonic

technique, acoustic emission method etc. are different techniques used in structural health

monitoring. Vibration based techniques use frequencies, mode shapes, frequency response

functions (FRF) as indicator of damage.

In wave mechanics based approach to structural health monitoring, the structure is given

a high frequency excitation by vibration of ultrasonic wave. When a propagating wave

encounters a crack, delamination or any other type of discontinuity, a part of the wave is
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reflected and a part of the wave is transmitted by the crack. This results in a difference

in the response (strain history, acceleration history etc.) of the damaged structure from

that of a healthy structure. So, the response of the structure is used for damage detection.

Acoustic emission, another such technique, is based on the principle of sensing the stress

wave emitted due to the propagation of a crack. Developing a good correlation between the

response of the structure and the damage status is very important for health monitoring.

So, a mathematical model is built to simulate the behavior of the structure. The simulation

is run for different damage conditions of the structure. Response of the structure with

different types of damage obtained from the simulation is used to relate the damage status

with the response of the structure using different pattern recognition techniques.

One core issue of the global vibration based damage assessment methods is to seek some

damage indices that are sensitive to structural damage [42]. Mode shape and mode shape

curvatures were previously used by many researchers as damage indices [43, 44, 45]. Re-

quirement of a large number of sensors for accurate determination of the mode shapes is

one of the major disadvantages associated with the mode shape based methods. According

to Farrar and Jauregui [46, 47], standard modal parameters such as natural frequencies and

mode shapes are poor indicators of damage and have higher statistical variability. Many

existing vibration based approaches for damage detection require the modal properties with

the aid of the traditional Fourier transform [48]. Researchers including Loewke et. al.

[49], Raghavan and Cesnik [50] and Pawar, Reddy and Ganguli [51] have successfully used

Fourier transform for structural damage detection. However, there are a few inherent char-

acteristics of the Fourier transform that might affect the accuracy of damage identification.

Fourier transform is a data reduction process which sometimes leads to the loss of damage
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information. Damage is typically a local phenomenon which tends to be captured by higher

frequency modes. These higher frequencies normally are closely spaced but poorly excited.

All these factors add difficulty to the implementation of the Fourier transform-based damage

detection techniques [48, 42].

Recently, researchers have shown great interest in using the wavelet decomposition of struc-

tural response for damage detection. Wavelets were first applied in geophysics to analyze

data from seismic surveys, which are used in oil and mineral exploration, to get pictures

of layering in the surface rock [52]. In wavelet analysis, a signal is decomposed using

shifted and scaled versions of a short duration wave, called the wavelet basis. Generally,

the wavelet basis functions have highier energy density than the sinusoidal basis functions

used in Fourier transform. Hence, wavelets require fewer coefficients than the sinusoidal

basis functions in Fourier transform to describe a signal. The main advantage gained by

using wavelets in signal analysis is the ability to perform local analysis of a signal, i.e. to

zoom on any interval of time or space. Wavelet analysis is thus capable of revealing some

hidden aspects of the data that other signal analysis techniques fail to detect. This property

is particularly important for damage detection applications [42]. A possible drawback of

the traditional wavelet transform is that the frequency resolution is quite poor in the high

frequency region. Wavelet packet transform which is an extension of the wavelet transform

makes it possible to combine the different levels of decomposition in order to achieve the

optimum time-frequency representation of the original signal [42, 53].

Law et. al. [42] used a wavelet packet based sensitivity method to determine damage in sim-

ply supported concrete beam. Measured response signals (acceleration and strain histories)

from the structure were first decomposed into wavelet packet components. Components
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that contain much of the structural system information were identified, and their energy

and sensitivity to local damage were calculated. The proposed method was also shown both

analytically and numerically not to be sensitive to the measurement noise. Sun and Chang

[48] used wavelet packet transform of the response (acceleration history) of a three span con-

tinuous bridge for damage detection. Measured acceleration signals were first decomposed

into component signals using the wavelet packet transform. Selected component energies

were used as inputs to an artificial neural network for damage assessment. The wavelet

packet transform based component energies extracted were proven to be good indicators

that can reveal the health of a structure.

Yam, Yan and Jiang [54] showed the use of wavelet packet transform in crack detection

for polyvinyl chloride (PVC) sandwich plates. At first, the structural response (voltage in

piezoelectric sensors) was decomposed into various components using the wavelet packet

transform. Damage feature proxy vectors were defined using the ratios of the energies of

the different response components in a damaged structure with those in an undamaged

structure. Using the damage feature proxy vectors for different damage conditions, an

artificial neural network was trained to detect damage from the damage feature proxy vectors

of an structure with unknown damage status.

Soft computing methods like neural network, genetic algorithm, fuzzy logic system etc. are

used for relating damage indices with the damage status of the structure. Artificial neural

network is an information processing tool inspired by the structure of biological nervous

systems. It is composed of a large number of interconnected processing elements. The

neurons and the interconnections are associated with biases and weights. By using a set of

input and output data the biases and weights in the neural network are adjusted to form a
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map between input and output. This is called training the network and the set of input is

called a training set. Advantages of this technique include self organization i.e. its ability

to create its own organization or representation of the information received during learning,

real time operation and the fact that some of the capabilities of the network are retained

even with major network malfunction. Its disadvantages are that it requires a large amount

of computer time for training and a slight tuning in the network is difficult when there are

small modifications in the model.

Genetic algorithms are search algorithms developed using the principle of natural popula-

tion genetics to evolve solutions to optimization problems. Genetic algorithm based damage

detection algorithms works on the principle of minimizing the difference between the mea-

surements obtained from analytical or numerical model and the experimental model. Ge-

netic algorithms are time consuming. So, they are not suitable for online monitoring. Fuzzy

logic systems address the uncertainties by linguistic reasoning. Fuzzy logic based structural

health monitoring systems can be tuned using human experience based knowledge when

sufficient data is not available. Fuzzy logic systems have a very simple mathematical con-

cept. They can be developed even with a small number of data sets and have the advantage

of adding more functionality without starting from scratch. However, fuzzy logic does not

have the capability of learning from data and being a manual process, it is time consuming.

Now-a-days researchers are developing different soft computing methods by hybridizing dif-

ferent techniques like fuzzy logic, genetic algorithm, neural network etc. to use the relative

advantages of these techniques.

Kim and Kapania [55] showed the use of artificial neural network (ANN) to solve inverse

problem in different engineering fields. Inverse problems investigated were damage detection
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in structures, detection of an anomaly in light-weight diffusion medium, such as human

tissue using optical imaging, and structural optimization of fiber optic sensor design. They

used principal component analysis and orthogonal arrays to reduce the size of the input

needed to train the neural network. Chakraborty [56] used ANN to determine the shape,

size and location of delaminations in fiber reinforced plastic composite laminates. He used

natural frequencies as the indicative parameter. Mahapatra et al. [57] proposed the use

of a reduction-prediction network combined with an independent component analysis to

quantify the damage due to transverse matrix cracking in multilayer composite laminate

beam using an acoustic wave. They used a spectral finite element model for the beam. A

micromechanics model for damage was incorporated in it. Spectral data generated by the

model was used to train the network. Yam, Yan and Jiang [54] proposed a vibration response

based approach using ANN for damage detection in composite structure. Vibration response

of the structure was decomposed using wavelet packet analysis and a damage feature proxy

was constructed using the wavelet packets. The damage feature proxy was used as indicative

parameter.

Oberholster and Heyns [58] used ANN to develop an online health monitoring scheme for

axial flow fan blades. Global blade mode shapes and their corresponding frequencies were

identified using stationary experimental modal analysis. They showed the possibility of

using classifying damage for several fan blades by using ANN with online vibration mea-

surements from sensors not necessarily installed on the damaged blades themselves. Liang

and Hwu [59] proposed an algorithm for online identification of holes and cracks in composite

structures using ANN. Static strains were used as the indicative parameter. Rao, Srinivas

and Murthy [60] used GA to determine the location and extent of damage in structure.
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Dynamic residual vectors obtained by introducing a simulated experimental data into the

eigenproblem were used to derive a global error. By using that error, the damage parameters

were determined.

Nag, Mahapatra and Gopalakrishnan [61] proposed a GA based method for identification of

delamination in composite structures. Response of the damaged structure in the frequency

domain was calculated using a spectral finite element model. Sensitivities of the objective

function with respect to different damage parameters was studied. Yang, Liu and Lam [62]

used an integral strain measured by fiber optics for detection of three-dimensional crack in

plates and shells. The square of the difference of the integral strain in a plate with an actual

crack and in a plate with a trial crack was used as the objective function. By minimizing

the objective function using micro GA, the location and the size of the crack were obtained.

Sawyer and Rao [63] proposed a fuzzy logic based method for structural fault detection

scheme. Structural response for different damage conditions were calculated using finite

element method and the fuzzy association of the responses with the damage conditions

were determined by supervised learning. They gave some numerical examples to show the

advantage of using the fuzzy logic based system in noisy and uncertain conditions. Soh

and Bhalla [64] proposed a fuzzy probability based damage model based on the extracted

equivalent stiffness to evaluate the extent of damage using the impedance data. This enabled

the calibration of the piezo-impedance transducers in terms of damage severity which could

serve as a practical empirical phenomenological damage model for quantitatively estimating

the damage severity in concrete.

Ramu and Johnson [65] integrated fuzzy logic system with artificial neural network for

damage detection. The advantages of using this integrated method was that it needs no
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additional efforts at the training level, but it can be used against fuzzy input by the end

user with the integration of the vertex method module. Pawar and Ganguli [66] developed

a genetic fuzzy system by hybridizing the best features of fuzzy logic and genetic algorithm

to detect damage from noise contaminated measurements. Using the changes in structural

measurements between the damaged and undamaged blade a fuzzy system was generated

and the rule-base and membership functions were optimized by genetic algorithm. They

showed that genetic fuzzy system (GFS) shows excellent robustness with noisy data, miss-

ing measurements and degrades gradually in the presence of faulty sensors/measurements.

Furthermore, the GFS can be developed in an automated manner resulting in an optimal

solution to the inverse problem of structural health monitoring.

1.6 Overview of the Present Research

This work is an investigation into the feasibility of developing a health monitoring system

for gossamer structures using conductive polymer nanocomposites as strain sensors. Find-

ing a large strain sensor is one of the major problems in structural health monitoring of

gossamers structures as mentioned in Section 1.2. Conductive polymers having suitable

electrical and mechanical properties can be a possible large strain sensor material. At first,

we performed conductivity test on a conductive polymer sample to study its variation of

electrical resistance with strain and observed the hysteresis and relaxation phenomena in

it. The anti-clockwise hysteresis loop formed by the variation of electrical resistance with

strain in our sample was found to move upward with number of cycles and to relax when

the input strain is kept constant. The hysteresis loop depends on the rate of the application
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also. Developing a proper mathematical model for this variation was necessary to calibrate

conductive polymers as the sensor. But the fractional calculus approach in its traditional

form did not lend its application to our data readily. We developed two models based on

some modifications of fractional calculus approach. The existing rate-dependent Preisach

model considers the relaxation parameters to be dependent upon the parameters control-

ling the static hysteresis. This increases computational complexity in the compensation of

hysteresis and relaxation. Here, we proposed a modified dynamic Preisach model which

considers the static hysteresis and relaxation to be independent phenomenon. After that

a hysteresis compensator was developed by using the modified Preisach model to calibrate

conductive polymers as a strain sensor. Next, we wanted to investigate the issues needed to

be resolved before the application of this sensor for structural health monitoring of inflatable

structures. We have taken a square prestressed membrane as an example structure. We

carried out finite element analysis of the membrane using ABAQUS to find out its response

to an uniform transverse dynamic pressure for different damage conditions.

Next, a neuro-fuzzy system was developed by hybridizing fuzzy logic with a neural network

to detect the location and extent of damages in the structure from the strain history at

a few selected points in the membrane. The neuro-fuzzy system uses some fuzzy rules to

detect the damages in the structure from the damage feature proxies defined by using the

strain history at different sensor locations. This model was validated by using an input-

output dataset on which the system has not been trained. Practically, the output from the

compensator can have high frequency noise of low magnitude, as the behavior of the sensor

material may still have some uncertainty associated with it. Fuzzy logic based systems

can account for these uncertainties by using linguistic reasoning, which is more robust to
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uncertainty than pure numerical reasoning. Efficiency of this trained neuro-fuzzy system

was checked by adding artificial noise to the simulated output of a structure with known

damage status and using that noisy output for damage detection by the neuro-fuzzy system.

Figure 1.2 shows the schematic view of our proposed health monitoring system.

Chapter 3 describes the experiment carried out in conductive polymer noanocomposites.

Chapter 4 and Chapter 5 describe modified fractional calculus and modified Preisach ap-

proaches respectively to model the variation of electrical resistance with strain in conductive

polymers. We propose a compensator based on the modified Preisach approach in Chapter

6. Chapter 7 proposes a neuro-fuzzy system. Chapter 8 shows the use of the neuro-fuzzy

system in detecting the damages in a square membrane using the response obtained from

the conductive polymer nanocomposite sensors fitted to the membrane.

Structure

Sensor

Sensor

Compensator

Compensator

Neuro-Fussy 
System

Data with Hysteresis

and Relaxation

Data without
Hysteresis
and Relaxation

Data without
Hysteresis
and 
Relaxation

the Structure

Damage Status of

Figure 1.2: Schematic View of the Proposed Health Monitoring System for Gossamer Structures
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Strain-Resistance Experimental Data

Conductivity tests were carried out on a conductive polymer sensor to study the variation

of its electrical resistance with strain. Experimental setup used for this test is shown in

Fig. 2.1. For first two sets of experiments, a linear stage (NLS4-10-25 by Newmark Systems

Inc.) was used to apply time dependent strain to the sensor. The top clamp of the linear

stage is fixed. The bottom clamp can move and apply strain to the material at a desired

rate. Movement of the bottom clamp can be controlled by ‘IMS Lynx Terminal’, a software

provided by Intelligent Motion Systems Inc. This helps us to apply strain to the material

at a desired rate. In the third set of experiments, a universal testing machine (eXpert 7603

by ADMET Inc.) was used instead of the linear stage. The universal testing machine has

a fixed bottom clamp and movable top clamp (Fig. 2.2). The movement of the top clamp

is controlled by MTESTQuattro, a software provided by ADMET Inc. The two ends of the

sample close to the clamps are connected to a 46-range digital multi-meter with interface to a

computer through serial port (RS-232). The multi-meter shows the resistance of the portion
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of the material between the connected ends. Readings of the multi-meter are stored in a

computer through a program ‘Meterview 1.0’, provided by Radioshack. Using this setup, a

time dependent strain can be applied to the sample and its resistance can be measured at

different time instants at different strain levels.

Time dependent cyclic strain input as shown in Fig. 2.3a with strain rate of 0.15%/sec

was applied to the system and time-dependent resistance was measured. Change in output

resistance with input strain and time is shown in Fig. 2.4 and Fig. 2.5 respectively. Output

obtained from the experiment contained high frequency noise which was removed by using

a low-pass filter to smooth the experimentally obtained curve. In Fig. 2.4a and Fig. 2.5

unfiltered and smoothed (filtered) data have been presented. Smoothed data obtained

after performing two sets of experiments has been shown to ensure the repeatability of

the experiment. Smoothed data obtained from first experiment has been used later on for

developing mathematical model. Let us term this dataset as Dataset-1. After this the

material was allowed to relax and another experiment was performed by applying a strain

as shown in Fig. 2.3b with a higher strain rate (0.3%/sec). Results obtained from this

experiment are shown in Fig. 2.6. Let us call it Dataset-2. Input strain applied in the third

set of experiment is shown Fig. 2.3b. Fig. 2.7 shows the result obtained from this. Let us

term it Dataset-3.

2.1 Observations

1. Figures 2.4, 2.6 and 2.7 show that electrical resistance when plotted against strain gives

rise to an anti-clockwise hysteresis loop.
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2. Width of the loop does not necessarily remain constant with number of cycles.

3. The loop moves upward with number of cycles.

4. The width of the hysteresis changes for same type of cyclic input with different strain

rates.

5. Figure 2.4b shows that when the input is kept constant the value of resistance relaxes.

Conductivity test performed on conductive polymer nanocomposite sample has been de-

scribed. Phenomena of hysteresis and relaxation in the variation of electrical resistance with

strain has been observed. We have developed two mathematical models based on modified

fractional calculus and modified Preisach approaches. These models will be described in the

following two chapters.

Sample

Moving Clamp

Multimeter

Figure 2.1: Experimental Setup for Dataset-1 and Dataset-2
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Sample

Moving Clamp

MultimeterMultimeter

Figure 2.2: Experimental Setup for Dataset-3
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(c) Strain vs. Time (Dataset-2)

Figure 2.3: Applied Strain
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Figure 2.4: Resistance vs. Strain (Dataset-1)
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Figure 2.5: Resistance vs. Time (Dataset-1)
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Figure 2.6: Resistance vs. Strain (Dataset-2)
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Figure 2.7: Resistance vs. Strain (Dataset-3)

25



Chapter 3

Fractional Calculus Modeling

This chapter proposes two mathematical models developed by some modifications made to

the fractional calculus approach to model the variation of electrical resistance with strain

in conductive polymer nanocomposites. A brief introduction to fractional calculus is first

given. Behavior of different functions operated by fractional calculus operators are next

discussed. Then the two models are described. Results of these models are compared with

the experimental results.

3.1 Fractional Calculus Operators and Their Proper-

ties

Fractional calculus allows the definition of derivative and integral of generalized order. This

often helps in creating a compact representation of a system. Fractional derivative Da and

fractional integral Ja of a function u(t) can be defined as
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Da(u(t)) =
1

Γ(1− a)

d

dt

t∫
0

u(τ)

(t− τ)a
dτ (3.1)

Ja(u(t)) =
1

Γ(1 + a)

d

dt

t∫
0

u(τ)

(t− τ)−a
dτ (3.2)

Here, Γ is the gamma function and 0 < a < 1. Fractional derivatives and integrals at time

tm can be calculated numerically by using the following expressions [10, 67]

Da(u(t)) =
∆t−a

Γ(2− a)

[
(1− a)

ma
u0 +

m−1∑
j=0

(
(j + 1)(1−a) − j(1−a)

)
(um−j − um−j−1)

]
(3.3)

Ja(u(t)) =
∆ta

Γ(2 + a)

[
(1 + a)

m−a
u0 +

m−1∑
j=0

(
(j + 1)(1+a) − j(1+a)

)
(um−j − um−j−1)

]
(3.4)

where uj = u(j∆t). The time interval [0, tm] is divided into m equally spaced sections of

size ∆t.

In the frequency domain, the Fourier transform of u(t) and its derivatives and integrals of

order a are related by Eq.(3.5) and Eq.(3.6) respectively.

GD (ω) = (iω)a U (ω) (3.5)

GJ (ω) = (iω)−a U (ω) (3.6)
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where U(ω), GD(ω) and GJ(ω) denotes the Fourier Transform of u(t), its derivative and

integral.

Derivatives and integrals of a pure sinusoidal functions can be characterized by a phase shift

and modulation of amplitude, depending on frequency of the sinusoidal function and order

of derivatives and integrals as shown in the following equations

Da (Sin (ωt)) = ωaSin
(
ωt+

πa

2

)
+

(ωt)−1−a

ωΓ (−a)
− (ωt)−3−a

ω3Γ (−a− 2)
+ ....... (3.7)

Da (Cos (ωt)) = ωaCos
(
ωt+

πa

2

)
+

(ωt)−2−a

ω2Γ (−a− 1)
− (ωt)−4−a

ω4Γ (−a− 3)
+ ....... (3.8)

Ja (Sin (ωt)) = ω−aSin
(
ωt− πa

2

)
+

(ωt)−1+a

ωΓ (a)
− (ωt)−3+a

ω3Γ (a− 2)
+ ....... (3.9)

Ja (Cos (ωt)) = ω−aCos
(
ωt− πa

2

)
+

(ωt)−2+a

ω2Γ (a− 1)
− (ωt)−4+a

ω4Γ (a− 3)
+ ....... (3.10)

The first term in both Eqs. (3.7) and (3.8) shows a forward phase shifting of the periodic

function being operated by the differential operator by an amount πa
2

, where a is the order

of the derivative. When the derivative of the periodic function is plotted against the actual

periodic function, it gives rise to a clockwise hysteresis loop due to this forward phase shift as

shown in Fig. 3.1a. Similarly, the first term in both Eqs. (3.9) and (3.10) show a backward

phase shifting of the periodic function being operated by the integral operator by an amount

πa
2

, where a is the order of the integral. When the integral of the periodic function is plotted
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against the actual periodic function it gives rise to an anticlockwise hysteresis loop due to

this backward phase shift as shown in Fig. 3.1b.

A constant function x0 decays sharply while operated by fractional derivatives and increases

with time on being operated by fractional integrals as shown in Eqs. (3.11) and (3.12)

Da(x0) =
x0t
−a

Γ(1− a)
(3.11)

Ja(x0) =
x0t

a

Γ(1 + a)
(3.12)

Hence, under the operation of a fractional differential operator the non harmonic component

of a function dies out shortly and its harmonic components gives rise to closed loop clockwise

hysteresis and on the other hand the same function shows an anti-clockwise hysteresis with

hysteresis loop moving upward with number of cycles when it is operated by a fractional

integral operator.

−1 −0.5 0 0.5 1
−0.2

−0.15

−0.1

−0.05

0

0.05

0.1

0.15

0.2

Sin(2π/t)

D
0.

5 (S
in

(2
π/

t)
)

(a) D0.5(Sin(2π/t)) vs. Sin(2π/t)

−1 −0.5 0 0.5 1
−6

−4

−2

0

2

4

6

Sin(2π/t)

J0.
5 (S

in
(2

π/
t)

)

(b) J0.5(Sin(2π/t)) vs. Sin(2π/t)

Figure 3.1: Derivative and Integral of Order 0.5
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3.2 Development of Fractional Calculus Model

The main features of the hysteresis in the resistance-strain behavior of conductive polymer

are the following:

1. The anticlockwise hysteresis loop moves upwards with number of cycles and the width

of the hysteresis loop does not necessarily remain constant.

2. When the strain is kept at a constant level the value of the resistance is observed to

relax.

Based on these observations and the discussion in the previous section two models are

developed in this study to model these features. These models are based upon representing

the output resistance as a combination of different fractional order derivatives and integrals

with some modifications. In these models, an error function em has been defined:

em = Rex(tm)−R(tm) (3.13)

Rex(tm) is the value of the resistance obtained from experiment at t = tm and R(tm) is

the resistance obtained form the mathematical model. Then considering all the data points

in the interval [t0, tn], error e has been defined. Error e is minimized for all the models

to find the unknown parameters associated with these models. Error minimizations were

accomplished using the function ’fmincon’ in the optimization toolbox of MATLAB.

e =
n∑

m=0

(Rex(tm)−R(tm))2 (3.14)
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Chapter 3. Fractional Calculus Modeling

3.2.1 Model-1: (Combined Fractional Derivative and Integer Or-

der Integral Model)

In this model, a change in resistance R(t) due to applied strain ε(t), has been assumed

to be a combination of a linear function of strain, a fractional order derivatives of strain,

with each frequency component shifted backward and an integer order integral of different

powers of strain, multiplied by an exponentially decaying function. It can be written as

R (t) = C0ε (t) +
N∑
k=1

CkD
ak
Ph(ε(t)) +

M−N∑
l=1

Cl+N

t∫
0

e−pl(t−τ)ε (τ)ql dτ (3.15)

Dak
Ph is derivative of order ak with phase of the each frequency component of derivative

shifted by πbk/2, where bk < 0. If ε(t) can be written in terms of its Fourier components as

ε(t) =
N∑
i=0

xiCos(ωit) +
2N∑

i=N+1

xiSin(ωi−N t), D
ak
Ph can be defined as

Dak
Ph (ε (t)) = Dak (εPh (t)) (3.16)

where εPh(t) is given by the following equation

εPh(t) =
N∑
i=1

xiSin(ωit+
πbk
2

) +
2N∑

i=N+1

xiCos(ωi−N t+
πbk
2

) (3.17)

In the frequency domain, the Fourier transform of εPh(t) and GD
ak
Ph

(t) can be related to the

Fourier transform of ε(t) as:

εPh (ω) = ibkε(ω) (3.18)
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GD
ak
Ph

(ω) = ωaki(ak+bk)ε(ω) (3.19)

The phase shifted fractional order derivatives of ε(t) impart the anticlockwise hysteretic

nature to the variation of R(t) with ε(t). The terms in
M−N∑
l=1

Cl+M

t∫
0

e−pl(t−τ)ε(τ)qldτ are

functions of strain which keep increasing with time at a decaying rate for positive values of

the strain. These terms are used to take care of the property of the material which causes

its hysteresis loop to move upward with the number of cycles of applied strain.

By using the numerical scheme in Eq. (3.3) for fractional derivative and the trapezoidal

rule for integer order integral, instantaneous value of the resistance can be calculated at any

time instant tm as:

R (tm) = R1 (tm) +R2 (tm) (3.20)

where R1(tm) = C0ε (tm) +
N∑
k=1

Ck∆t
−ak

Γ (2− ak)

[
(1− ak)
m(ak)

εPh (t0) +

m−1∑
j=0

(
(j + 1)(1−ak) − j(1−ak)

)
(εPh (tm−j)− εPh (tm−j−1))

and R2 (tm) =
M−N∑
l=1

Cl+M
2

(
e−pl(tm−t0)ε(t0) + 2

m−1∑
j=0

e−pl(tm−tj)ε (tj) + ε (tm)

)
∆t

Here, t0 = 0. εPh(ω) can be calculated by using Eq. (3.17) after obtaining ε(ω) by performing

Fast Fourier Transform (FFT) of ε(t). Then by the Inverse Fourier Transform (IFFT) of

εPh(ω), εPh(t) can be obtained. εPh(t) depends on the unknown parameters bk. Unknown

parameters involved in Eq. (3.20) are Ck(k = 0, N), ak(k = 1,M), bk(k = 1,M), pk(k =

1, N −M), qk(k = 1, N −M). These parameters have been determined by minimizing e

in Eq. (3.14), where R(tm) is given by Eq. (3.20). The constraints used are 0 < ak(k =

1,M) < 1 and bk(k = 1,M) < 0.
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3.2.2 Model-2: (Fractional Integral Model)

In this model, the change in resistance has been taken as a combination of the changes in

resistance caused by the instantaneous strain ε(t) and its different fractional order integrals.

So, the governing equation for this model is

R(t) = C0ε(t) +
M∑
k=1

CkJ
ak(ε(t)) (3.21)

Using the numerical scheme described in Eq. (3.4), it can be written as:

R(tm) = C0ε (tm)+
M∑
k=1

Ck∆t
ak

Γ (2 + ak)

[
(1 + ak)

m(−ak)
ε (t0) +

m−1∑
j=0

(
(j + 1)(1+ak) − j(1+ak)

)
(ε (tm−j)− ε (tm−j−1))

]
(3.22)

Hence, in sub-model-1, the unknown parameters Ck(k = 0,M), ak(k = 1,M) were found

out by minimizing the error defined in Eq. (3.14), after substituting R(tm) from Eq. (3.22).

Constraints used in the minimization are 0 < ak(k = 1,M) < 1.

Sub-model-2 involves some modification of Eq. (3.21). In the frequency domain, Eq. (3.21)

can be defined as:

R(ωj) = C0ε(ωj) +
M∑
k=1

Ck(iωj)
−ak(ε(ωj)) (3.23)

According to the discussion in Section 3.1, multiplication of i−ak with each Fourier com-

ponent of strain causes a phase shift and imparts a hysteretic nature in the resistance-
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strain variation and multiplication of ω−ak with each Fourier component of strain causes

the resistance-strain variation to be dependent on the rate of the application of strain. Sub-

model 2 aims to take care of these two effects independently. Hence, Eq. (3.21) was modified

as:

R(ωj) = C0ε(ωj) +
M∑
k=1

Ck(iωj)
−akibkε(ωj) (3.24)

In time domain, Eq. (3.24) can be written as:

R(t) = C0ε(t) +
M∑
k=1

CkJ
ak
Ph(ε(t)) (3.25)

where JakPh(ε(t)) = Jak(εPh(t)), where εPh(t) can be calculated following the procedure de-

scribed in model-1.

Value of resistance at each data point can be calculated by the following equation

R(tm) = C0ε (tm) +
M∑
k=1

Ck∆t
ak

Γ (2 + ak)

[
(1 + ak)

m(−ak)
εPh (t0) (3.26)

+
m−1∑
j=0

(
(j + 1)(1+ak) − j(1+ak)

)
(εPh (tm−j)− εPh (tm−j−1))

]
(3.27)

In this sub-model, R(tm) has been used substituted in Eq. (3.14) from Eq. (3.27). By

minimizing e with constraints 0 < ak(k = 1,M) < 1 and −1 < bk(k = 1,M) < 1, unknown

parameters Ck(k = 0,M), ak(k = 1,M), bk(k = 1,M) have been determined.
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3.3 Results From Error-Minimization

Unknown parameters associated with different models have been estimated by minimizing

the sum of the squares of errors e in the time interval [0,200] seconds (considering the cyclic

variation of resistance with cyclic strain only) of Dataset-1. Parameter estimation was done

by assuming N=3 and M=6 and by assuming N=5 and M=8 to observe the improvement of

results with an increase in the number of unknown parameters. Using these parameters, the

output resistance due to the type of input in Dataset-1 has been determined and its variation

with strain and time has been shown from 0 to 400 seconds in Figs. 3.2 and 3.3b respectively.

Tables 1 and 2 show the unknown parameters obtained from the error-minimization. Using

the parameters in Tables 1 and 2, the variation of electrical resistance for input in dataset-2

was determined. Results are shown in Fig. 3.4. Tables 1 and 2 show percentage of difference

in different models using various number of parameters. The difference was calculated using

the expression
100
√∑n

i=0 |Rex(ti)−R(ti)|∑n
i=1 |Rex(ti)|

%. After that, error minimization was done using

the data corresponding to first two cycles ([0,200] seconds) of dataset-3. Using the paramters

obtained from this, variation of electrical resistance with strain was obtained as shown in

Fig. 3.5.

3.4 Discussion

Comparison with experimental Dataset-1 shows that all the models are appropriate enough

to simulate the path dependent behavior of these materials for that strain rate. An increase

in the number of terms involving both fractional derivative or fractional integral results

in improvement of result. Results from all the models with N=5 and M=8 (for model-1
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and model-3) show a quite satisfactory match with the experimental result with very little

differences.

Parameters determined by minimizing the error in the time interval [0,200] seconds of

Dataset-1 predict the relaxation in the time interval [200,400] seconds accurately as shown

in Figs. 3.3. However, the model involving fractional integral (model-2) is more accurate

as compared to the one involving fractional derivative (model-1). Including the effects of

phase shift and rate dependence independently (submodel-2 of model-2) imparts a greater

flexibility to this model. But comparison with experimental Dataset 2 obtained by applying

time dependent strain with higher strain rate shows that sub-model-1 of model-2 is not

robust enough to take care of input rate dependence. In Fig. 3.5, it can be observed that,

parameters obtained by minimizing the error in first two cycles predict the output in the

second two cycles efficiently in case of model-1 and submodel-2 of model-2. Submodel-1

of model-2 fails to prove its efficiency here. Hence, model-1, sub-model-2 of model-2 are

more applicable to our data. Sub-model-2 of model-2 matches the experimental results at

different strain rates with the minimum error.

In model-1, the C0 is the coefficient multiplied with the strain, Ck(k = 1,M) are coefficients

multiplied with derivative of strain of order ak(k = 1,M) with phase of each frequency

component shifted backward by πbk/2(k = 1,M)

In sub-model-1 of model-1, constant C0 is the coefficient multiplied with the strain, Ck(k =

1,M) are coefficients multiplied with derivative of strain of order ak(k = 1,M) with phase

of each frequency component shifted backward by πbk/2(k = 1,M)

Two mathematical models developed using a modified fractional calculus approach to model
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the variation of electrical resistance with strain in conductive polymer nanocomposite ma-

terials have been presented. Efficiency of the models have been shown by comparison with

experimental result. Another mathematical model developed using a modified Preisach

approach will be presented in the next chapter.
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Preisach Model

The modified Preisach model has been developed by using a modified version of the Preisach

hysteresis operator and a dynamic operator. At first the classical Preisach model has been

described. Then, modifications on the classical Preisach operators have been explained.

After that a new dynamic relaxation operator has been introduced. Next, the dynamic

hysteresis model using the modified Preisach operator and the dynamic operator has been

described. Comparison of the results obtained from the modified Preisach model with the

experimental results have beam shown.

4.1 The Preisach Model

Preisach model considers the hysteresis loop to be a weighted combination of output from

different independent hysteresis operators. Each independent operator γαβ is a mechanical

unit that up switches to a value +1 when the value of input u is α and is increasing and

44



Chapter 4. Preisach Model

downswitches to a value -1 when the value of input u is β and is decreasing. Variables α

and β are called the upswitching and downswitching values respectively. It will be assumed

subsequently that α ≥ β, which is quite natural from the physical point of view [33]. Figure

4.1 shows the behavior of γαβ. The ascending branch abcde is followed when the input in-

creases monotonically and the descending branch edfba is followed when the input decreases

monotonically. Each operator γαβ has a weight µ(αβ) associated with it. According to the

Preisach model output f(t) is given by Eq. 4.1.

f (u(t)) =

∫
T

γαβµ (α, β) dαdβ =

∫
T1

µ (α, β) dαdβ −
∫
T2

µ (α, β) dαdβ (4.1)

Figure 4.2 show the geometric interpretation of the Preisach model. The space spanned

by α and β is called Preisach-Mayergoyz (PM) [after Preisach, 1935; Mayergoyz, 1985]

space [68]. ∆ABC is the region where α ≥ β. This is the feasible region of PM-space.

The input protocol leads to a trajectory separating the PM-space into upswitched and

downswitched regions as shown in Fig. 4.2. T1 and T2 refer to the regions where operators

are in the upswitched and the downswitched states and T refers to the region containing all

the operators. Depending on the input history, T1 and T2 change.

At the beginning of the cycle, all the operators are in the downswitched state as shown in

Fig. 4.2a. The output f1 at this stage can be calculated using Eq. 4.1. When input reaches

a value u2, output f2 is given by Eq. 4.2. Figure 4.2b shows the regions where the operators

are at the upswitched and the downswitched states. At the end of the first half of the cycle,

all the operators come to the upswitched state. Equation 4.4 shows the value of output and

Fig. 4.2c shows the PM space. Now, after the input starts decreasing monotonically and
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reaches a value u again, the output reaches a value f4 as shown in Eq. 4.5. Regions with

the upswitched and the downswitched operators in the PM space are as shown in Fig. 4.2d.

Comparison of Fig. 4.2b and Fig. 4.2d shows that when the input increases monotonically

the operators in the region ABCD is in downswitched state at u and the operators in the

same region remains in upswitched state at the same value of input when the input decreases

monotonically. This creates a difference in output f4− f2 as given in Eq. 4.6 and causes the

hysteresis. At the end of the cycle all the operators go back to the downswitched state and

in the original Preisach model the output returns to its initial value. Figure 4.3 shows the

formation hysteresis in a complete cycle.

f1 =

∫
T

−µ (α, β) dαdβ (4.2)

f2 =

∫
T1

µ (α, β) dα−
∫
T2

µ (α, β) dαdβ (4.3)

f3 =

∫
T

µ (α, β) dαdβ (4.4)

f4 =

∫
T3

µ (α, β) dα−
∫
T4

µ (α, β) dαdβ (4.5)

f4 − f2 = 2

∫
DEBF

µ(α, βdαdβ (4.6)

The hysteresis operators described in the previous section give rise to a closed loop hysteresis
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Figure 4.1: Hysteresis Operator (γα,β(u)) in Preisach model

in a complete cycle and cannot model a relaxation of the output at a constant input. In our

model, upward shifting of the hysteresis loop has been taken care of by a modification of

the hysteresis operators and relaxation has been accounted for by the addition of a dynamic

operator, to be defined subsequently. The part of the output obtained from the modified

hysteresis operators is termed as static part of the output (fs) and the other part of the

output obtained from the dynamic operators is termed as dynamic part of the output (fd).

Total output from the system is the combination of fs and fd.

4.1.1 Modification of the Hysteresis Operator

For our problem, both the input strain and the output electrical resistance always remain

positive. So, α, β and output from each operator γαβ always remain positive. Hence, in the

downswitched state, output from each operator is zero. The hysteresis operator considered

in our model is shown in Fig. 4.4. Here, at α the operator upswitches by a value +1. But
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Figure 4.2: Preisach-Mayergoyz Space at Different Stages of the First Cycle
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(a) During the first half of the cycle when input in-
creases monotonically and reaches a value u2

(b) At the end of the first half of the cycle

(c) During the second half of the cycle when input
decreases monotonically and reaches a value u2

(d) At the end of the cycle

Figure 4.3: Variation of Output with Input at Different Stages of the First Cycle
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at β it does not downswitch fully. It downswitches by a value η which is an additional

parameter associated with each hysteresis operator and is being introduced in this study.

Due to this partial downswitching at β, the loop keeps shifting upward with the number of

cycles as shown in Fig. 4.4. If the value of η is more than 1 the loop will shift downward.

As the operators do not downswitch fully, at any time instant, an operator can be either

fully downswitched, upswitched or partially downswitched depending on the input history.

A partially downswitched state refers to the state of the operator after it downswitches by

η followed by any upswitching. It can also be called partially upswitched state. Output

of an operator at partially downswitched state after n number of upswitchings and partial

downswitchings will be n(1−η) and of an operator at on stage after n number of upswitchings

and partial downswitchings will be n(1 − η) + 1. Hence, static part of the output of the

system at any time t can be written as:

fs (u(t)) =

∫
T1

[n (α, β) (1− η (α, β)) + 1]µ (α, β) dαdβ+

∫
T3

n (α, β) (1− η (α, β))µ (α, β) dαdβ

(4.7)

where T3 refers to the regions where all the operators are in partially downswitched state.

Figure 4.8 describes the states of the operators in the PM space during different stages of a

cycle. Equations 4.8- 4.11 show the value of output at these stages. At the beginning of the

first cycle, the output is zero, as all the operators are in the downswitched state. When the

input increases monotonically and reaches a value u, the output is given by Eq. 4.8. States

of different operators in PM space at this stage is shown in Fig. 4.8a. Figure 4.8b and

Eq. 4.9 show the state of operators and the value of the output at the end of the first cycle.
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When the input starts decreasing some operators start downswitching partially as shown in

Fig. 4.8c. Equation 4.10 shows the value of the output at this stage. At the end of the cycle

all the operators come to a partially downswitched state as shown in Fig. 4.8d. Output at

this stage can be calculated using Eq. 4.11. Figure 4.5 shows the formation hysteresis in a

complete cycle.

fs2 =

∫
T1

µ(α, β)dαdβ (4.8)

fs3 =

∫
T

µ(α, β)dαdβ (4.9)

fs4 =

∫
T1

µ(α, β)dαdβ +

∫
T3

(1− n(α, β))µ(α, β)dαdβ (4.10)

fs5 =

∫
T

(1− n(α, β))µ(α, β)dαdβ (4.11)

In this way, a partial downswitching causes a difference between the outputs both at the

end and the beginning of the cycle. Consequently, the hysteresis loop keeps shifting upward.

4.1.2 Addition of a Dynamic Operator

The dynamic part of the output has been assumed to be the result of dynamic relaxation

operators. These operators have upswitching value ζ, but no downswitching value. When

the input monotonically increases and reaches a value ζ, an operator hζ upswitches to a
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Figure 4.4: Proposed Modified Hysteresis Operator

value
∑P

j=1Aj and then decays exponentially as given in Eq. 4.12. Here Aj(ζ), bj(ζ), cj(ζ)

(j = 1, .., P ) are unknown parameter associated with each dynamic operator. These need

to be determined from experimental data. The dynamic relaxation operators lie on a one

dimensional space spanned by ζ. Hence, for a given input history at time t, the dynamic

part of the output will be given by Eq. 4.13.

hζ (t) =

 0 if t < t0∑P
j=1Aje

−bj(t−t0)cj if t ≥ t0

(4.12)

fd(t) =

∫
Td

nα∑
i=1

P∑
j=1

Aje
−bj(t−tζi)

cj

dζ (4.13)

Here, Td refers to the domain where the operators are in the upswitched state. The shape

and size of Td depends upon the input history. Here, nζ refers to the total number of times
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hζ has been upswitched and tζi refers to the time instant at which hζ was upswitched for

the ith time. Total value of the output from the system is the combination of static and

dynamic part of the output obtained from Eq. 4.7 and Eq. 4.13.

4.2 Identification of Parameters

The objective of the present research is to identify parameters in the model from the ex-

perimental data. In our case, strain ε(t) is the input u(t) and electrical resistance R(t) is

the output f(t). Unknown material parameters can be found out by minimizing the error

of the output predicted by the mathematical model with respect to the experimental data.

Before that, some assumptions have been made regarding parameters associated with the

hysteresis and dynamic operators. For the hysteresis operators, PM space has been assumed

to be consisting of different bins (i, j)(i = 1, N ; j = 1, i) as shown in Fig. 4.7. Area under

each bin has the same values of µ and η. Bins of finer size improve the accuracy of the

model. Value of µ and η in bin (i, j) have been assumed to be a combination of M numbers

of different modal functions as shown in Eq. 4.14 and Eq. 4.15.

µ (i, j) =
M∑
l=1

bµlφµl (i, j) (4.14)

η (i, j) =
M∑
l=1

bµlφηl (i, j) (4.15)

The lth modal functions φµl and φηl are given by the following equations.
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φµl (i, j) = Cos

(
πmµli

N

)
Cos

(
πnµlj

N

)
+ Cos

(
πnµli

N

)
Cos

(
πmµlj

N

)
(4.16)

φηl (i, j) = Cos

(
πmηli

N

)
Cos

(
πnηlj

N

)
+ Cos

(
πnηli

N

)
Cos

(
πmηlj

N

)
(4.17)

Hence, µ(α, β) is a function of unknown parameters bµl , ml, nl and η(α, β) is a function

of unknown parameters bηl , ml, nl (l = 1, ..,M). Details of this modal function based

identification procedure can be found in a paper by Gueyer et al.[68].

Parameter Aj (ζ) of the dynamic operators has been assumed to be of the form Aj =

ajζ
dj(j = 1, .., P ) and bj (ζ) and cj (ζ) have been assumed to be same for all values of ζ. So,

unknown parameters associated with the dynamic part of the model are aj (ζ), bj (ζ), cj (ζ)

and dj (ζ) (j = 1, .., P ).

By using all these assumptions, electrical resistance can be written as a function of the

parameters bµl , mµl , nµl , bηl , mηl , nηl , aj, bj, cj and dj (l = 1, ..,M ; j = 1, .., P ). By finding

out the values of these parameters, the material can be characterized.

Now an error function can be defined as:

E =
N∑
i=1

(Re(i)−Rc(i))
2 (4.18)

Here, Re(i) is the electrical resistance obtained from the experiment and Rc(i) is the elec-

trical resistance obtained from Eq. 4.7 (using the assumptions described above) at the ith

data point. By minimizing this error, the unknown parameters have been found out.
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Table 4.1: Error and CPU Time Corresponding to Different Values of M and P

M P %Error (Dataset-1, Dataset2) CPU Time for Error Minimization(Seconds)
3 3 2.47, 4.3 1320
5 5 1.97, 2.71 1840
7 7 1.18, 2.1 2790

4.3 Results and Discussion

Unknown parameters associated with different models have been estimated by minimizing

the sum of the squares of errors E in the time interval [0,200] seconds (considering the cyclic

variation of resistance with cyclic strain only) of Dataset-1. Parameter estimation was per-

formed by assuming different values of M (number of modal functions for the distribution

of µ (α, β) and η (α, β) in the PM space) and P (number of exponential functions for the

dynamic operators hζ) to observe the improvement of results with an increase in number of

parameters. The error minimization has been carried out by using the function ’fmincon’

in MATLAB using a personal computer (Dell Precision PWS690) with 2.66GHz processor

speed and 2GB RAM. Using these parameters change in electrical resistance was found

out in the time interval [0,400] seconds. Figures 4.8a, 4.8b show the change in electrical

resistance with strain and time respectively for the type of strain input in Dataset-1. Corre-

sponding errors and CPU times have been tabulated in Table 4.1. After that using the same

parameters variation of electrical resistance for input in Dataset-2 was determined. Results

are shown in Figs. 4.9a and 4.9b. Table 4.1 shows the corresponding errors. Comparison

with experimental Dataset-1 shows that the model is appropriate enough to simulate the

path dependent behavior of these materials for that strain rate. An increase in the number
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of modal functions for the distribution of µ0 (α, β), µ1 (α, β) and η (α, β) in the PM space

and number of exponential functions for the dynamic operators hζ results in an improve-

ment of the results. Parameters determined by minimizing the error in the time interval

[0,200] seconds of Dataset-1 predicts the relaxation in the time interval [200,400] seconds

accurately as shown in Fig. 4.8b. Figure 4.9 showing the comparison with experimental

Dataset 2 obtained by applying time dependent strain with higher strain rate shows that

the model is robust enough to take care of input rate dependence. Figure 4.10 shows the

variation of electrical resistance with strain in first four cycles obtained using the param-

eters determined by using the data for first two cycles. This further proves the predictive

capability of the model.

In this chapter, description of the modified Preisach model and comparison of its result with

the experimental result have been given. A comparison of Table 5.1 with Table 4.1 and Table

4.2 shows that the modifed Preisach model simulates the variation of electrical resistance

with strain in conductive polymer nanocomposites with less error. We have developed a

compensator using the modified Preisach model to remove the effects of hysteresis and

relaxation from the output (electrical resistance) from conductive polymer nanocomposite

sensor. The details of the compensator will be presented in the next chapter.
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Figure 4.5: Preisach-Mayergoyz Space at Different Stages of the First Cycle
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(a) During the first half of the cycle when input in-
creases monotonically and reaches a value u2

(b) At the end of the first half of the cycle

(c) During the second half of the cycle when input
decreases monotonically and reaches a value u2
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(d) At the end of the cycle

Figure 4.6: Variation of Output with Input at Different Stages of the First Cycle
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Figure 4.8: Comparison of the Results from the Model with the Experimental Result (Dataset-1)
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Figure 4.10: Comparison of the Results from the Model with the Experimental Result (Dataset-3)
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Chapter 5

Compensator for Sensor Hysteresis

and Relaxation

This chapter describes a compensator developed by using the modified dynamic Preisach

model. At first, the concept of Everett integral and its use in calculation of output from a

system with hysteresis using the classical Preisach model is described. After that a modified

Everett integral for our modified Preisach model is proposed and calculation of the output

using this modified Integral has been explained. Then a compensation algorithm using

modified Everett integral has been described. Results of hysteresis compensation have been

presented. Efficiency of the compensator has been discussed by comparison of the strain

predicted by the compensator with the actual strain input.
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5.1 Everett Integral and Everett Surface

Everett Integrals and Everett surfaces are used to facilitate the calculation of output at any

time instant from the input history for a system with Preisach hysteresis. Preisach model

considers the output at time instant to be a weighted combination of the outputs from all

the hysteresis operators. Hence, calculation of output involves evaluation of 2-D integral

over the P-M space as described in Chapter 5. By using the Everett surface, an evaluation

of the 2-D integral over the PM space is avoided. Everett integral is used to calculate the

change in the value of output when the value of input changes from an extremum to a

different value. By plotting the Everett integral against current extreme value of input and

a new input value, a surface is generated. This is called the Everett surface. Use of Everett

surface in output calculations has been described in Section 5.3.

Everett Integral is defined as:

E (h1, h2) = fh2 − fh1 =


2

∫
D1

µ(α, β)dαdβ if h1 < h2;

2

∫
D1

−µ(α, β)dαdβ if h1 > h2.

D1 refers to the domain in the PM space in which the hysteresis operators are upswitched or

downswitched when the input changes from h1 to h2. Everett Integral E(h1, h2) represents

the difference in output when the input reaches a value h2 from an extreme value h1 and for

different values of (h1, h2) are plotted as a surface. This surface is called Everett surface.

For classical Preisach model, Everett surface is symmetric with respect to the line h1 = h2.
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Let us suppose that starting from time t0, the value of input changes as shown in Fig. 5.1.

At time instant tk, the current extreme value of input is 0 and the current value of input is

uk. The configuration of the PM space at time tk is shown in Fig. 5.2a . In between the

time instants t0 to tk, operators in the domain ∆OAB switches up. Hence, an increase in

the value of the output from the time instant t0 to the time instant tk can be calculated by

evaluating area integral over ∆OAB. This value termed E (0, uk) can be directly accessed

from the Everett surface generated for this system as shown in Fig. 5.3. After time instant

tn1, the value of the input starts decreasing from un1. At time instant tl, the current extreme

value of the input is un1 and the current value of the input is ul. Configuration of the PM

space at time instant tl is shown in Fig. 5.2b. Hence, a decrease in the value of the output

from time instant tn1 to tl can be calculated by evaluating area integral over ∆CDE, which

can be accessed from the Everett surface (Fig. 5.3).

Figure 5.1: Variation of Input with Time
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Figure 5.2: PM Space at Different Time Instants

5.2 Everett Surface Using Both Modified Presiach Hys-

teresis Operator and Dynamic Relaxation Opera-

tor

In case of the modified Preisach operator, we introduce a new Everett type integral that is

given as:

Fs (h1, h2) = fh2 − fh1 =



∫
D1

µ(α, β)dαdβ if h1 < h2;∫
D1

−η(α, β)µ(α, β)dαdβ if h1 > h2.

The modified Everett integral has the same significance for the modified Preisach model

as the classical definition has for the Classical Preisach model. However, due to the factor
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Figure 5.3: Everett Surface

η(α, β), Everett type surface is no longer symmetric with respect to the line h1 = h2 for the

modified Preisach model developed in this study.

To solve the problem of the compensation of hysteresis and relaxation, we add yet one more

term using the dynamic relaxation operators to the expression for the previously defined

Everett type integral Fs. Suppose that the current extreme value of input is h1. Then at

time instant tk−1, the value of input is hin. After that, at time instant, tk, the value of the

input rises upto h2. Using Eq. 4.10 contribution of the dynamic operators upswitched in the
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interval (tk−1, tk] can be written as
∫
D2

∑nζ
i=1

∑P
j=1 ajζ

dje−bj(t−tζi)
cj

dζ, where D2 refers to

the region of the dynamic operators which are upswitched in the time interval (tk−1, tk]. If

we assume that ∆t = tk− tk−1 is very small then it can also be written as
∫
D2

∑P
j=1 ajζ

djdζ.

By adding this quantity to the previously defined Everett type integral, we defined a new

quantity E1 (h1, h2, hin) for h1 > h2.

E1 (h1, h2, hin) = fh2 − fh1 =

∫
D1

µ(α, β)dαdβ +

∫
D2

(
P∑
j=1

ajζ
dj

)
dζ (5.3)

This quantity gives rise to a 3D surface. Input decreases monotonically when h1 < h2.

In that case only the dynamic operators upswitched previously, relax. Apart from that,

dynamic operators do not play any other role in this case. Hence, E2 contains only the

contribution from the hysteresis operators.

E2 (h1, h2) = fh2 − fh1 = −
∫
D1

η(α, β)µ(α, β)dαdβ (5.4)

5.3 Forward Calculation Using Everett Surface

Consider the cyclic input (strain) shown in Fig 5.4a. At time tk, between t0 and tn1, the

value of the output (electrical resistance) can be written as:

fui = fu0 + E1 (u0, uk, uk−1) +

∫
Td

(
nζ∑
i=1

P∑
j=1

ajζ
dje−bj(tk−tζi)

cj

)
dζ (5.5)
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Td refers to the region of the dynamic operators upswitched in the time interval (t0, tk]. The

current extreme value of input and output are zero. In between times tn1 and tn2, when

the strain keeps decreasing, the current extreme value of input and output are un1 and fn1

respectively. Output at any time tl between tn1 and tn2 will be given by:

ful = fun1 + F2 (un1, ul) +

∫
Td

(
nζ∑
i=1

P∑
j=1

ajζ
dje−bj(tl−tn1)

cj

)
dζ (5.6)

Td refers to the domain of the dynamic relaxation operators upswitched in (t0, tl] and this

domain is same as that of the operators upswitched in (t0, tn1], as none of the dynamic

relaxation operators are upswitched when the input decreases.

In this way, value of output can be calculated at any time step by using the surfaces formed

by the quantities F1 (h1, h2, hin) and F2 (h1, h2) .

t

u(t)

(t0,u0 )

(tn1,un1 )

(tn2,un2 )

(tn3,un3 )

(tn4,un4 )

(tk,uk) (tl,ul)

(a) Input Vs. Time

t

fsd(t)

(t0,fsd0)
(tn2,fsdn2 )

(tn4,fsdn4 )

(tn3,fsdn3 )
(tn1,fsdn1 )

(tk,fsdk ) (tl,fsdl )

(b) Residual Output Vs. Time

Figure 5.4: Cyclic Input and Residual Part of Output After Compensating for the Relaxation
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5.4 Compensation

The compensator works in two stages. At first, it removes the part of the output that results

from the relaxation of the dynamic relaxation operators.

At time instant tk, the contribution from the relaxation of the dynamic operators (up-

switched in the interval (t0, tk−1]) to output can be written as:

fd1 =

∫
Td1

(
nα∑
i=1

P∑
j=1

aju
dje−bj(tk−tζi)

cj

)
dα (5.7)

Here, Td1 refers to the domain containing the operators upswitched in the interval (t0, tk−1].

This quantity fd1 is subtracted from output at each time instant.

The residual part of the output is the result of the static hysteresis and the contribution

from the dynamic operators upswitched in (tk−1, tk]. Compensation for this residual part fsd

is done by inverse interpolation of the surfaces of F1 (h1, h2, hin) and F2 (h1, h2) . At time t0,

both input and output are zero. Input at time t = t1 can be found by inverse interpolation

on the surface E1 by considering h1 = 0, h2 = u1, hin = 0 and F1 = fsd1 − fsd0 = fsd1.

Similarly, at any time step tk (t0 < tk < tn1), input can be calculated by considering h1 = 0,

h2 = uk,hin = uk−1 and E1 = fsdk. After t = tn1, the value of fsd starts decreasing. That

means the value of input starts decreasing. So, the current extreme value of input changes

to un1 and the surface F2 needs to be considered for inverse interpolation. At any time

step tl (tn1 < tl < tn2), input can be calculated by considering h1 = un1, h2 = ul and

F2 = fsdl − fsdn1.
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5.5 Results and Discussion

Figure 5.5a shows the comparison of the hysteresis curve obtained from the modified Preisach

model with that obtained from experiment. The proposed compensation algorithm was ap-

plied to the output (change in electrical resistance) variation obtained from experiment to

predict the input (applied strain). Comparison of the strain predicted by the compensator

with the actual strain applied during experiment is in Fig. 5.5b. The difference between the

applied strain and that obtained from using the compensator to the measured resistance was

found to be 4%. The error was calculated by using the expression

∑i=n
i=1 (εp(ti)− εa(ti))2∑i=n

i=1 εa(ti)
2

,

where εp means predicted strain, εa means actual strain and n means number of data points.

The comparison shows a good accuracy of the compensator model.
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Figure 5.5: Comparison of the Results Obtained from Mathematical Model with the Experimental
Data

A compensation algorithm for rate dependent dynamic hysteresis has been proposed. Com-

parison of the input predicted by the compensator with the actual input proves the efficiency

of the compensator. Conductive polymer sensor with the proposed compensator put in series
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after it can be used for large strain sensing.
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Chapter 6

Neuro-fuzzy System

A neuro-fuzzy system is a type of fuzzy system that can be trained by a neural network

learning algorithm. Fuzzy logic systems can reason with imprecise information and are

good in explaining their decision. But they cannot automatically acquire the rules that

they use to make the decisions. On the other hand, neural networks are very good in

recognizing patterns although they are not good in explaining how they reach their decisions.

Neuro-fuzzy system formed by hybridizing neural network with fuzzy system makes use

of the advantages of neural network and fuzzy system. It has the structure of a neural

network where different unknown parameters associated with the fuzzy rules are adjusted

by adjusting the weights and biases in the neural network using a neural network training

algorithm.
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6.1 Fuzzy Logic System

A multi-input multi-output (MIMO) fuzzy system does a mapping from a set of input to

a set of output using some rules. For the application in structural health monitoring, a

damage feature index derived from the response of the structure to an external excitation

applied to the system are related to the damage status of the structure using the fuzzy rules.

6.1.1 Fuzzy Set

A fuzzy set is a set containing elements having varying degrees of membership (zero to one)

in the set. In a classical or crisp set, the transition for an element between membership and

non membership in a given set is abrupt and well-defined. The transition for an element in

a universe of discourse containing fuzzy sets can be gradual. Figure 6.1 shows fuzzy sets

V1, V2, V3 and V4 in a universe of discourse X.

6.1.2 Membership Function

Each fuzzy set is associated with a membership function. The membership functions de-

termine the membership values of the elements in each set. Mostly triangular, rectangular,

piecewise linear, sigmoidal and Gaussian functions are used as membership functions. Fuzzy

logic supports overlapping of membership functions. Triangular functions in Fig. 6.1, are

the membership functions.
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X
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Figure 6.1: Fuzzy Sets and Membership Functions

6.1.3 Fuzzy Rules

Fuzzy rules can be based on relation between different input components or can be based

on the similarity with inputs whose outputs are known. For a fuzzy system with m input

components (I1, I2,..,Im), a fuzzy rule can be ‘IF I1 is V1 AND I2 IS V2 AND... ANDIm IS

Vm, O IS C1’. V1, V2,..,Vm are fuzzy sets in the universes of discourse of inputs and C1 is a

fuzzy set in the universe of discourse of output. In this way, several rules can be defined to

map I1,I2,..,Im to O. The first part of the rule (‘IF I1 is V1 AND I2 IS V2 AND... ANDIm

IS Vm’) is called antecedent and the last part of the rule (‘O IS C1’) is called the conse-

quent. Mathematically ‘AND’ operation is denoted by min(µF1(I1)µF2(I2)..µFm(Im)) and

’OR’ operation is denoted by max(µF1(I1)µF2(I2)..µFm(Im)), where µFi(Ii) are the member-

ship functions corresponding to sets Fi. The consequence of the rule gives the degree of

membership of O in Ci.
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The concept of similarity is also often used in fuzzy logic system to define the rules. Here,

the similarity of the components of an input with the components of an input in a known

input-output set is measured. Henceforth, the sets of known input and output used for

similarity measurement will be termed as the reference sets. This measurement of similarity

indicates how close the input is with the input in a reference set. In this way, similarities

of an input with inputs in different known input-output sets are measured to predict the

output from the system. There are several measures of similarity, such as distance based

similarity measure, non α cut based similarity measure, α cut based similarity measure, and

Koczy’s similarity measure. Distance based similarly is mostly used for system identification

problems. Detailed discussion on different similarity measures can be found in [69]. Distance

of an input I from an input Xi can be defined as:

Di =
m∑
k=1

wk (Ik −Xik)
2 (6.1)

Based upon this similarity measurement, a fuzzy set can be defined. The membership value

Si in this set indicates the similarity of I with Xi. Definition of Si using linear and log-

sigmoidal functions are shown in Eqs. 6.2 and 6.3. If the output Yi, corresponding to the

input Xi, lies in the fuzzy set C1, then corresponding fuzzy rule can be ’IF I IS SIMILAR

TO Xi, THEN O is C1. The value of membership of O in C1 depends upon the degree of

similarity of I with Xi.

Si =


Di

Dimax
if Di < Dimax;

0 if Di > Dimax.
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Figure 6.2: Degree of Similarity Vs. Distance

Si =
1

1 + e(−m1Dimax−m2Di)
=

1

1 + e(−m1Dimax−
√∑n

k=1m
2
2wk(Ik−Xik)

2)
(6.3)

6.1.4 Defuzzification

Defuzzification is the technique of determining the crisp value of any variable from the

degrees of membership of the variable in different fuzzy sets. The crisp value of a variable

belonging to n numbers of fuzzy sets is given by

u =

∑n
i=1 µViu0i∑n
i=1 µVi

(6.4)

Here, u0i is the value at which the variable can have the maximum degree of membership at

fuzzy set Vi. This method is called the centroidal matching method. Among other methods

of defuzzification are MOM, SOM and LOM which stand for middle, smallest and largest of
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maximum respectively. These maxima based methods consider the fuzzy set in which the

variable u has the highest degree of membership. If more than one fuzzy set satisfy this

criteria, then among those fuzzy sets the one with middle, smallest or largest value of u0i

is chosen and corresponding u0i is taken as the crisp value of the variable. If the variable

has the maximum degree of membership at only one set, then u0i for that set is taken as

the crisp value of the variable. In that case, MOM, SOM and LOM methods give the same

result.

6.1.5 Structure of a Fuzzy Logic System

A fuzzy logic system has four components: 1) Fuzzifier, 2) Inference Engine, 3) Rule Base

and 4) Defuzzifier. Structure of a fuzzy logic system is shown in Fig. 6.3. The fuzzifier

fuzzifies the input i.e, determines the membership value of each input in each fuzzy set. For

example, input X1 will have membership value 0.3 for small, 0.4 for medium and 1 for large

sets according to Fig. 6.3. The rule base contains all the rules. These rules are applied to

the inputs by fuzzy inference engine and the degree of activation of the consequence of each

rule is calculated. From this, membership values of the output at each of the output fuzzy

sets are calculated. The defuzzifier determines the crisp value of the output from these

degrees of memberships.

6.2 Artificial Neural Networks

An artificial neural networks (ANN) is a soft computing system based on the operation of

biological neurons. It is mostly used for pattern recognition, classification etc. because of
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Input (crisp)
Fuzzification
Interface

Interface
Engine

Rule Base

Defuzzifier
Output (crisp)

Figure 6.3: Structure of a Fuzzy Logic System

its ability to capture and represent complex input/output relationships. An ANN consists

of a number of interconnected processing elements which are called neurons. Like biological

neural networks, artificial neural networks acquires knowledge through learning and store

knowledge within inter-neuron connection strengths known as synaptic weights. The main

advantages associated with ANN are that: i) it can learn from example and perform the

required task, ii)it can create its own organization or representation of the information

provided to it, iii) it can retain some of its capabilities even with major network damage.

An ANN consists of different neurons arranged in layers. The values of connections (weights)

between different neurons are adjusted to enable the neuron to perform a specific task.

6.2.1 Structure of a Neural Network

Figure 6.4 shows the structure of a neural network with one layer of neurons. The input

layer takes the input aj(j = 1, .., 4). Each element of the input layer is connected to the
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neurons in layer-1. Each connection between an input element pj and the ith neuron is

associated with a weight wij. Apart from that, the ith neuron may have a bias bi. Output

ci from the ith neuron is the sum total of weighted inputs and bias (
∑m

j=1wijpj+bi). Finally,

an activation function fi controls the output from the ith neuron. An activation function

can be linear function, step function, sigmoid function etc. Output from each neuron can

be written as:

O = fi(
m∑
j=1

wijpj + bi) (6.5)

A neural network can have single or multiple layers. Depending on the pattern of connections

between different layers neural networks can be of two types - feedforward networks and

recurrent networks. In the feedforward networks, the data flows from input to the output

layers, but there is no feedback connection i.e. there is no flow of data from output to

the input layer. Recurrent networks have feedback connections. In some cases, they have

dynamic properties i.e. the activations undergo relaxation and evolves to a stable state.

6.2.2 Training of Neural Network

Training of neural network involves adjustment of weights and biases so that a given set of

input produces a desired set of output. Training procedures can be categorized as supervised

training or unsupervised training. In supervised or associative training, a neural network

is provided with a set of input-output pairs. In unsupervised or self organization training,

a neural network is trained to respond to cluster of patterns within the input. There is no

apriori set of categories into which the patterns are to be classified; rather the system must
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Figure 6.4: Structure of a Single Layered Neural Network

develop its own representation of the input stimuli. Basically, all the training algorithms

involving adjustments of weights are variants of the Hebbian learning rule suggested by

Hebb in his classic book, Organization of Behavior [70]. If the ith neuron in the current

layer receives an input xj from the jth neuron in the previous layer and outputs xi, then

according to the Hebbian rule, the weight of the connection wij has to be modified by adding

∆wij to it, where ∆wij is given by the following equation

∆wij = γxixj (6.6)

γ is called the learning rate. In an another rule difference between the actual and desired

activation are used as the objective function to be minimized for adjusting the weights.

∆wij = γ (yi − xi)xj (6.7)
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Here, yi is the desired activation. This is called Widrow-Hoff rule or the Delta rule. In a

network consisting of single layer of neurons with linear transfer functions, the objective

function is a linear function of the weights and biases. So, the derivatives of the objective

function with respect to the weights and biases can be easily calculated. In a network with

multiple layers of neurons with non linear transfer functions, calculations of the derivatives

of the objective function with the weights and biases become complex. Back propagation

algorithm of learning makes the calculation of these derivatives easier. Detailed discussions

on the different learning rules can be found in [71, 72, 73].

6.3 Neuro-fuzzy System

In a fuzzy logic system, the input characteristics are mapped into membership functions,

membership functions are mapped into output membership functions and output member-

ship functions are mapped into single valued output or decision related to output represented

by linguistic variable. If similarity based rules are used then the input characteristics are

mapped into degrees of similarity as discussed in subsection 6.1.3. The degrees of similari-

ties are mapped into output. We used similarity based fuzzy rules for our damage detection

problem. Here, weights wk defined in Eq. 6.1 and the parameters associated with definition

of degree of similarity Dimax,m1,m2 defined in Eqs. 6.2 and 6.3 are the unknown values

to be determined to define our similarity based fuzzy logic system. These values are deter-

mined from a number of sets of known input and output called the training sets. For this

purpose, a neuro-fuzzy system has been defined by hybridizing the fuzzy logic system with

a neural network so that these unknown parameters can be determined by neural network
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training algorithms using the training sets. A generalized structure of a neuro-fuzzy system

based on similarity based fuzzy rules is shown in Fig. 6.5.

The neuro fuzzy system accepts input with m components. Its output has one component.

The input layer accepts input components Ii(i = 1, ..,m) as input. The neuro fuzzy sys-

tem uses n number of reference sets for similarity measurement. In layer-1, the square of

the difference of each component from the corresponding components of the input in ith

reference set is calculated. Here, Aij = (Xij − Ij)2. The weighted sums of the squares are

calculated in the next layer. Here, Di =
∑m

j=1w1ijAij is the distance of I from Xi. Now,

Di(i = 1, ..,m) is added to bias bi(i = 1, ..,m) and operated by the transfer function which

results in degree of similarity Si of I with ith reference set Xi in the next layer. Choice

of the transfer function f depends upon the definition of similarity used (subsection 7.1.3).

For example, if the similarity Si is defined using log-sigmoidal membership function, then

log-sigmoidal transfer function will be the best choice. Hence, the weight W1ij in the ith

neuron will correspond to the value of m2
2wj and bias bi will correspond to the values of

m1dimax in the definition of the similarity given by Eq. 6.3. Thus, by adjusting the weights

W1ij and biases bi(i = 1, .., n; j = 1, ..,m) using a neural network training algorithm, the

various parameters associated with the fuzzy logic system will be tuned. The output layer

has p number of neurons. The ith neuron in the output layer gives the membership value

OBi of the output at the ith fuzzy set in the universe of discourse of output. OBi is the

weighted combination of degrees of similarities calculated in the previous layer. OBi can be

calculated as OBi =
∑p

j=1w2ijSj.

From the available actual output, membership value of each output component in each fuzzy

set can be calculated. Let us term the membership value of the actual output in ith fuzzy
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set as OBT
i . Now, this network is trained.

During training OBT
i (i = 1, ..., p) (p =number of fuzzy sets for output) are considered as the

target output. Weights and biases in the layer-1 and the output layer are adjusted by the

training process and that completes the definition of the rules. By using this trained network

OBi(i = 1, ..., p) for any input I(i = 1, .., n) can be calculated and then by defuzzifying

OBi(i = 1, ..., p), the output of the system can be determined.

b1

bn

Figure 6.5: Neurofuzzy System

The structure, components and working principle of a neurofuzzy system have all been

described. In the next chapter, use of this system for the structural health monitoring will
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be shown.
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Chapter 7

Damage Detection in a Prestressed

Membrane Using a Neuro-Fuzzy

System

In this chapter, a neuro-fuzzy based damage detection system has been developed. A

prestressed square membrane is taken as our example structure. Damages at the different

parts of the structure have been modeled as reduced stiffness. The structure undergoes

transverse vibration under the action of a transverse dynamic pressure. The neuro-fuzzy

system accepts a wavelet based damage feature index vector as input and gives the damage

status of the structure as the output. The wavelet-based damage feature index vector is

determined by decomposing the vibration response of the structure using wavelet analysis.
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7.1 Description of the Structure

Figure 7.1 shows the square membrane under study. The membrane is made of a linearly

homogeneous elastic isotropic material. Its four edges undergo specified amount of initial

in plane displacement, ∆. This keeps the membrane under prestress. All the displacement

components at all of the four edges of the prestressed membrane are locked. A transverse

pressure varying sinusoidally with time is applied to the membrane. The pressure is applied

uniformly over the surface of the membrane. The membrane was divided into 16 zones as

shown in Fig. 7.12. Each zone can have a certain damage status. Damage in the membrane

is modeled as reduced modulus of elasticity. Hence, P% damage in a certain zone means

that the value of the modulus of elasticity E in that zone is (1 − 0.00P )Eun, where Eun

means the modululs at the undamaged state. At the undamaged state, all of the 16 zones

have the same value of Eun.

7.2 Finite Element Analysis of the Structure

Finite element analysis of the prestressed membrane under the transverse dynamic pres-

sure was carried out using ABAQUS. ‘ABAQUS CAE’ was used for the preprocessing and

‘ABAQUS Standard’ was used for the solution.

At first, a square membrane section was defined. Using the partition tool, the membrane

was divided into 16 zones of equal size. This allows us to define different material properties

at different zones. Next, the membrane was discretized into a set of finite elements as shown

in Fig. 7.3. Each of the element has four nodes. Displacements along the three directions
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Figure 7.1: Prestressed Membrane Under Study

are taken as the degrees of freedom at each node in the elements. Membrane element ‘M3D4’

available in the ABAQUS element library was used for that.

Analysis was done in two steps. The first step involved a static analysis. In this step,

displacement ∆ = 0.006m at the edges (Fig. 7.1) was prescribed as the boundary conditions.

After this step, the length of the edges of the membrane becomes 0.6m and the membrane

becomes prestressed. In the next step, a time dependent uniform transverse pressure P (t)

was prescribed. This step calculates the time dependent response of the membrane to the

time dependent pressure using the implicit time integration scheme. In both the steps,

nonlinear strain-displacement relationships were considered.
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Figure 7.2: 16 Zones in the Prestressed Membrane

(a) No. of Elements=32 (b) No. of Elements=64

Figure 7.3: Finite Element Meshes for the Prestressed Membrane
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7.3 Results of the Finite Element Analysis

Values of different parameters considered in the analysis were as follows:

L = 0.588m

h = 0.001m

∆ = 0.006m

P = 10Sin(15.8πt)kN/m2

E = Eun = 10MPa

ν = 0.33

ρ = 1100Kg/m3

Here, L is the length of the membrane before prestressing, h is the thickness of the mem-

brane, ∆ is the amount displacement at the edges, P is the applied uniform transverse

pressure, E is the modulus of elasticity, Eun is the modulus of elasticity at the undamaged

state, ν is the Poisson’s ratio. At first, the simulation was run for a damaged membrane. We

assumed a 40% damage in zone 1 (Fig. 7.12). Hence, the value of the modulus of elasticty

at zone 2 was considered to be 6 MPa. Rest of the zones were assumed to be undamaged.

The simulation was run thrice using different numbers of elements and different values of

the time steps for the implicit numerical integration. Figures 7.4 and 7.5 show the variation

of the transverse displacement and normal strain along the Y direction with time at the

point (0.2m, 0.2m) in the damaged membrane. In the figures, n means the total number of

elements and ∆t means the value of the time step used in the finite element analysis. The

errors are calculated using the relation Error =
∑N

i=1(Sji−S3i)
2/S2

3i. Here, Sji is the values
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Figure 7.4: Variation of the Transverse Displacement at (0.3m, 0.3m) in the Membrane with 40%
Damage at Zone-1

of the quantities (displacement and strain) at the ith data point in the jth data and N is

the total number of data points in a data. We can observe little difference in results for the

dynamic analysis run using n = 32 and ∆ = 0.0003; n = 64 and ∆ = 0.0003 and n = 64

and ∆ = 0.00015. This proves the convergence of the finite element solution obtained using

ABAQUS. Now, the simulation was run for different damage levels at various locations using

n = 32 and ∆ = 0.0003. Figure 7.6 shows the variation of the normal strain along the Y

direction at the point (0.2m, 0.2m) in the undamaged membrane.

7.4 Wavelet Based Damage Feature Index

Structural damage enhances and suppresses some components of the vibration response.

This results in an energy increase or energy decrease in different components corresponding

91



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

Time (Seconds)

S
tr

ai
n

 

 

n=32, Δt=0.003S (Error=0.16%)
n=32, Δt=0.003S (Error=0.10%)
n=64, Δt=0.0015S

Figure 7.5: Variation of the Transverse Displacement at (0.3m, 0.3m) in the Membrane with 40%
Damage at Zone-1

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
0.02

0.04

0.06

0.08

0.1

0.12

0.14

Time (Seconds)

S
tr

ai
n

Figure 7.6: Variation of the Normal Strain Along the Y Direction at (0.3m, 0.3m) in the Undamaged
Membrane
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to different frequency bands of the response. Based on this observation, vibration response

of the structure (strain history at the sensor locations) has been decomposed into a few

components with different frequency bands and a damage feature index vector has been

defined. Components of this array indicate the energy increase or decrease in different

components of the vibration response. Wavelet analysis has been used to decompose the

vibration response into different components. A detailed description of this can be found in

[74, 54]

7.4.1 Wavelets

The kernel or the prototype function used in the wavelet transform is called wavelet. Haar

wavelet, Daubechies wavelet, Meyer wavelet, Morlet wavelet etc. are examples of different

wavelets. Wavelets show some common properties which are discussed below.

i) Wavelets are compactly supported in both time and frequency domain. ii) Energy content

of a wavelet, i.e. its L2 norm is finite.

E =

∞∫
−∞

|ψ(t)|2dt =
1

2π

∞∫
−∞

|ψ̂(ω)|2dω <∞

iii)Wavelets have zero L1 norm.

E =

∞∫
−∞

|ψ(t)|dt = 0
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7.4.2 Continuous wavelet transform

Continuous wavelet transform Wx (a, b) of a signal x (t) can be defined as:

Wx (a, b) =

t2∫
t1

x (t)ψ∗
(
t− b
a

)
dt (7.1)

Here a, and b are dilation and translation parameters, respectively. Wx (a, b) are the wavelet

coefficients for different values of a and b, and ψ∗
(
t−b
a

)
is the complex conjugate of the

translated and dilated version of the mother wavelet ψ (t). The original signal x(t) can be

recomposed from the wavelet coefficients using the following equation

x (t) =
1

Cψ

∞∫
−∞

∞∫
−∞

Wx (a, b)ψ

(
t− b
a

)
dadb (7.2)

where, Cψ = 2π
∫∞
0

(|ψ(r)|)2dr/r <∞ [74, 54].

7.4.3 Wavelet Packet Analysis

One of the main drawbacks associated with the continuous wavelet transform is redundancy

in the sampling of a and b. This problem is solved by sampling (a, b) in such a way that the

set of discrete wavelets are complete in the space L2(R), but not redundant. For example,

if the sampling lattice is a = am0 , b = nb0a
m
0 , where m,n, then the scaled and translated

version of the wavelet can be written as: ψmn(t) = a
−m/2
0 ψ

(
a−m0 t− nb0

)

If this set is complete in L2(R) for some choice of ψ(t), a, and b, then {ψmn} are called affine
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wavelets [74]. A sampling with a0 = 2 and b0 = 0.5 is called the dyadic sampling which is

mostly used in the wavelet packet analysis.

The details of wavelet packet analysis (WPA) algorithm can be found in [54, 74]. In wavelet

packet analysis, multiresolution analysis of the signal x(t) is performed using wavelets. For

that, depending on the wavelet function, a scaling function φ(t) is defined. The scaled and

translated version of the scaling function is defined as:

φmn(t) = a
−m/2
0 φ

(
a−m0 t− nb0

)

Now, the signal x(t) can be decomposed into an approximation Ax(t) and a detail Dx(t).

Approximation Ax(t) and the details Dx(t) are the combinations of the translated versions

of the scaling function and the wavelet respectively with m = 1.

Ax(t) =
∑
n

A1nφ1n(t) (7.3)

Dx(t) =
∑
n

D1nψ1n(t) (7.4)

Approximation coefficients A1n and the detail coefficients D1n are obtained by transforming

x(t) using the scaling function and the wavelet respectively.

A1n(t) =

t2∫
t1

x (t)φ∗1ndt (7.5)
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D1n(t) =

t2∫
t1

x (t)ψ∗1ndt (7.6)

Approximation Ax(t) and detail Dx(t) can further be decomposed into their approximations

(AAx(t) and ADx(t)) and details (ADx(t) and DDx(t)), by following the same procedure

using m = 2. Multi resolution analysis using wavelet packet transformation can be shown

by a binary tree structure (Fig. 7.7). Thus, jth level decomposition of the function x(t)

gives rise to 2j sub-signals.

x(t)

Ax=x11
Dx=x12

)(1 tnψ)(1 tnφ

)(2 tnφ )(2 tnψ )(2 tnφ )(2 tnψ

AAx=x21 ADx=x22 DAx=x23 DDx=x24

Figure 7.7: Wavelet Packet Tree

7.4.4 Definition of a Damage Feature Index

Let us assume that the vibration response of the structure xi(t) at the ith measurement

location is decomposed into xiL,j (t)
(
j = 1, 2, ..., 2L−1

)
, where L is the selected layer number
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in the wavelet tree, then the original signal x(t) = xi0,0 (t) can be expressed as:

xi0,0 (t) =
2L−1∑
j=1

xiL,j (t) (7.7)

The energy of the jth sub-signals xiL,j (t) in the time-interval [t1, t2] can be expressed as

UL,j =

t2∫
t1

|xiL,j (t) |2dt (7.8)

Assuming that the energy of the jth order sub-signals of the intact and the damaged struc-

tures are U0
L,j and Ud

L,j respectively, a non-dimensional damage feature index can be com-

posed as

Vd = {v1, v2, ....., v2L−1}T (7.9)

Here, vj =
UdL,j
U0
L,j

.

Generally, different structural damage type, location and severity will match one by one with

different damage feature index vectors. Therefore, the element values of different damage

feature proxy vector Vd not only indicate the differences between the intact and damaged

structures, but also imply the changes in the various states of different structural damages.
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7.5 Input and Output

The structure has strain sensors placed at four locations (Fig. 7.12). Wavelet packet

analysis up to level-2 is performed on the history of normal strain along Y direction obtained

from each sensor and damage feature indices are calculated. Hence, we get four numbers

of damage feature indices from the data obtained from each sensor. Combining all the

damage feature indices from the four sensors, we get a damage feature index vector with 16

components. This damage feature index vector is taken as the input by our NFS. We used

‘Haar’ wavelet for our damage detection problem. Figure 7.8 and 7.9 show the scaled and

translated versions of the Haar wavelet and the corresponding scaling functions respectively.

The four subsignals obtained after the WPA up to level-2 of the strain history (Fig. 7.5)

at the sensor location-1 (0.2m, 0.2m) of the prestressed membrane with 40% damage at

Zone-1 are shown in Fig. 7.10. Figure 7.11 shows the subsignals obtained after the WPA

on the history (Fig. 7.11) at the sensor location-1 of the undamaged prestressed membrane.

The damage index vector corresponding to the sensor location-1 for this damaged membrane

was {1.2038, 0.8491, 0.9788, 3.124}. Following this procedure, the damage index vectors were

obtained by analyzing the response from all the four sensors locations for membranes with

different levels of damage at different locations.

The structure is divided into 16 zones (Fig. 7.12). We formed 16 neuro-fuzzy networks to

determine damage in 16 zones. A zone can be undamaged, moderately damaged or highly

damaged (Fig. 7.13). These three damage levels are the three fuzzy sets in the universe

of discourse of damage level. Output of the NFS has three components. Each component

refers to membership value of the damage in the corresponding location in a specific fuzzy

set of damage.
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Figure 7.8: Haar Wavelet
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Figure 7.9: Scaling function for the ‘Haar’ Wavelet

100



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

0 0.5 1 1.5 2 2.5 3 3.5
0.05

0.1

0.15

0.2

0.25

0.3

Time (Seconds)

A
A

(a) AA for the damaged membrane

0 0.5 1 1.5 2 2.5 3 3.5
−10

−5

0

5
x 10

−3

Time (Seconds)

A
D

(b) AD for the undamaged membrane

0 0.5 1 1.5 2 2.5 3 3.5
−4

−3

−2

−1

0

1

2
x 10

−3

Time (Seconds)

D
A

(c) DA for the damaged membrane

0 0.5 1 1.5 2 2.5 3 3.5
−8

−6

−4

−2

0

2

4

6
x 10

−4

Time (Seconds)

D
D

(d) DD for the undamaged membrane

Figure 7.10: Multiresolution Analysis of the Strain History at (0.2m, 0.2m) in the Damaged Mem-
brane

7.6 Implementation of the Neuro-fuzzy System

We defined 16 neuro-fuzzy systems for damage detection. Each of the neuro-fuzzy system

is used to detect damage in one of the 16 zones (Fig. 7.12) in the membrane. Each of the

neuro-fuzzy system has the same structure as shown in Fig 6.5. The network was constructed

using the ‘Neural Network Toolbox’ in MATLAB. In the input layer, the neuro-fuzzy system

accepts damage feature indices obtained from four sensor locations as input. Each input
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Figure 7.11: Multiresolution Analysis of the Strain History at (0.2m, 0.2m) in the Undamaged
Membrane

I has 16 components. Following the same procedure described in section 7.3, degree of

similarity of the input with the inputs in reference sets are obtained in layer-2. In layer-2,

‘logsigmoid’ transverse function available in the ‘Neural Network Toolbox’ in MATLAB has

been used for all the neurons. The output layer gives the membership values of damage in

each fuzzy set of damage status. By centroidal matching technique of defuzzification defined

in section 7.1.3, damage status is obtained from the output. In this way, by using 16 neuro-
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Figure 7.12: Sensor Locations and Damage Zones in the Membrane

fuzzy systems damages at 16 locations are quantified from the strain history obtained at

four sensor locations.

7.7 Results and Discussion

At first, we assumed that the membrane can have only one damaged zone at a time. Data

for damage status of 0%, 20% and 40% at each zone was taken as both the reference and

the training sets to train the neuro-fuzzy network. Rest of the data from simulation was

taken as the testing set. Figure 7.15 and Table 7.1 show the comparison of the damage

status obtained from the neuro-fuzzy network with the actual damage status. There are

two entries for each case in each zone. The upper entry is the actual damage status and the
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Figure 7.13: Fuzzy Sets for Damage

lower entry is the predicted damage status. It can be observed from Fig. 7.15 and Table 7.1

that the trained neuro-fuzzy can predict damage status for single damage cases properly.

But, in case of multiple damage cases its accuracy reduces. This is because of the networks,

not being trained with data for multiple damage. Next, an artificial noise was added to the

input, i.e. the strain history obtained for different damage cases using the random number

generating function ‘rand’ in MATLAB. Noisy strain history is the summation of the actual

history and the random number (in the range [0:0.02]) generated by MATLAB for each time

instant. The neuro-fuzzy networks were trained using the noisy data. Figure 7.16 and Table

7.2 show the damage status predicted by the neuro-fuzzy network for noisy data. After this,

the networks were trained for multiple damage cases. Table 7.3 shows some of the damage

cases in the reference sets. The network was trained using the reference sets. Figure 7.17

and table 7.4 show the damage status predicted when the trained networks were simulated

using testing cases for multiple damages. Next, artificial noise was added to strain histories
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b1

bn

Figure 7.14: A Neurofuzzy System

for both training and testing sets for multiple damage. Figure 7.18 and Table 7.5 show the

result from the testing cases for noisy multiple damage data.

From the above results, it can be concluded that the proposed neuro-fuzzy scheme is ca-

pable enough to detect damage from vibration response. Fuzzy logic makes it effective in

accounting for noise.
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Figure 7.15: Comparison of Predicted Damage with Actual Damage Obtained After First Training
Without Noise
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Figure 7.16: Comparison of Predicted Damage with Actual Damage Obtained After First Training
With Noise
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Figure 7.17: Comparison of Predicted Damage with Actual Damage Obtained After Second Train-
ing Without Noise
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Figure 7.18: Comparison of Predicted Damage with Actual Damage Obtained After Second Train-
ing With Noise

109



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

T
ab
le

7.
1:

C
o
m

p
a
ri

so
n

of
P

re
d

ic
te

d
D

am
ag

e
w

it
h

A
ct

u
al

D
am

ag
e

O
b

ta
in

ed
A

ft
er

F
ir

st
T

ra
in

in
g

W
it

h
ou

t
N

oi
se

D
am

ag
e

C
as

e
N

o.
Z

on
e1

Z
on

e2
Z

on
e3

Z
on

e4
Z

on
e5

Z
on

e6
Z

on
e7

Z
on

e8
Z

on
e9

Z
on

e1
0

Z
on

e1
1

Z
on

e1
2

Z
on

e1
3

Z
on

e1
4

Z
on

e1
5

Z
on

e1
6

1.
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
2.

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
02

0.
00

0.
02

0.
00

0.
03

0.
01

0.
00

0.
00

0.
00

0.
30

0.
00

0.
01

0.
00

0.
00

0.
00

3.
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

39
.0

0
0.

00
0.

00
0.

00
0.

00
0.

03
0.

00
0.

06
0.

00
0.

02
0.

00
0.

00
0.

00
0.

00
0.

04
0.

00
4.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

02
20

.0
0

0.
00

1.
10

0.
10

0.
00

0.
20

0.
00

0.
00

0.
09

0.
00

0.
01

0.
00

0.
25

0.
50

0.
00

5.
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

1
0.

20
0.

02
0.

00
0.

00
0.

00
0.

10
0.

00
0.

00
1.

20
0.

00
0.

01
0.

00
0.

00
0.

00
6.

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
20

.1
0

0.
02

1.
01

0.
00

0.
00

0.
10

0.
01

0.
20

0.
01

0.
00

0.
01

0.
00

0.
02

0.
00

7.
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

39
.9

6
0.

00
0.

01
0.

02
1.

00
0.

00
0.

00
0.

09
0.

00
0.

00
0.

00
0.

09
0.

00
0.

00

8.
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

10
.1

1
0.

00
0.

00
0.

20
0.

01
0.

00
0.

00
1.

09
0.

00
0.

03
0.

00
0.

00
0.

00
0.

00
0.

80
0.

00
9.

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
30

.1
0

0.
00

0.
00

0.
02

0.
00

0.
01

0.
00

0.
00

0.
00

0.
00

0.
01

0.
00

0.
00

0.
02

0.
00

0.
00

10
.

0.
00

9.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

8.
98

0.
00

0.
00

0.
00

0.
00

0.
00

1.
09

0.
00

0.
00

0.
00

0.
01

0.
00

0.
22

0.
00

0.
00

11
.

0.
00

35
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
35

.0
5

0.
00

1.
03

0.
00

1.
00

0.
00

0.
04

0.
00

0.
00

0.
00

1.
08

0.
00

0.
06

0.
00

0.
00

12
.

0.
00

0.
00

23
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
24

.1
4

1.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
01

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

13
.

0.
00

0.
00

18
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
18

.1
2

0.
00

0.
00

0.
00

1.
03

0.
00

0.
10

0.
00

0.
00

0.
40

0.
00

0.
20

0.
00

0.
20

14
.

0.
00

0.
00

36
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
35

.9
1

0.
01

0.
00

0.
23

0.
05

0.
00

0.
03

0.
00

0.
00

0.
00

2.
02

0.
00

0.
00

0.
00

15
.

10
.0

0
0.

00
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
9.

75
0.

00
4.

60
0.

00
0.

12
0.

00
0.

00
0.

00
0.

00
34

.2
9

0.
00

9.
00

0.
00

0.
04

2.
00

6.
00

16
.

20
.0

0
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
16

.1
1

0.
01

45
.1

0
1.

01
10

.2
3

0.
00

1.
20

0.
00

0.
00

5.
28

28
.1

0
0.

05
0.

00
0.

80
0.

00
0.

90
17

.
30

.0
0

0.
00

0.
00

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

25
.6

9
0.

01
0.

01
24

.1
2

0.
04

0.
98

0.
67

7.
01

0.
00

6.
32

1.
12

5.
65

65
.3

4
0.

44
2.

13
0.

45

110



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

T
ab
le

7.
2:

C
o
m

p
a
ri

so
n

o
f

P
re

d
ic

te
d

D
am

ag
e

w
it

h
A

ct
u

al
D

am
ag

e
O

b
ta

in
ed

A
ft

er
F

ir
st

T
ra

in
in

g
W

it
h

N
oi

se

D
am

ag
e

C
as

e
N

o.
Z

on
e1

Z
on

e2
Z

on
e3

Z
on

e4
Z

on
e5

Z
on

e6
Z

on
e7

Z
on

e8
Z

on
e9

Z
on

e1
0

Z
on

e1
1

Z
on

e1
2

Z
on

e1
3

Z
on

e1
4

Z
on

e1
5

Z
on

e1
6

1.
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
2.

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
20

.9
0

0.
34

0.
00

0.
35

0.
21

3.
02

1.
10

0.
59

0.
10

0.
90

0.
00

2.
01

1.
09

0.
01

1.
90

0.
01

3.
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.1

0
1.

01
0.

61
0.

03
0.

38
0.

43
0.

01
0.

35
0.

01
0.

02
0.

10
0.

00
0.

98
0.

00
0.

20
0.

09
4.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
1.

00
18

.3
2

0.
04

0.
56

1.
23

0.
05

0.
32

0.
05

1.
33

1.
34

0.
05

1.
82

0.
84

0.
09

0.
34

1.
09

5.
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
02

38
.0

2
2.

09
0.

22
0.

02
0.

00
0.

08
1.

43
0.

04
0.

40
1.

04
0.

06
0.

03
0.

40
1.

00
0.

10
6.

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

05
0.

30
21

.0
2

0.
09

1.
03

0.
32

0.
43

0.
76

0.
10

0.
09

0.
02

0.
97

0.
94

0.
20

0.
20

2.
00

7.
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
04

41
.9

5
0.

03
0.

56
0.

23
2.

91
5.

00
1.

01
2.

11
0.

00
00

20
1.

00
0.

00
2.

09
0.

00

8.
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

9.
12

0.
32

3.
98

0.
55

0.
01

0.
70

0.
03

0.
52

0.
56

2.
09

0.
65

0.
01

0.
00

3.
02

2.
54

0.
00

9.
30

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

31
.1

2
0.

93
0.

43
2.

43
0.

45
0.

20
0.

45
0.

00
0.

00
1.

09
0.

00
1.

45
0.

02
0.

04
0.

21
2.

04
10

.
0.

00
9.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

54
10

.0
1

0.
97

0.
06

0.
30

0.
23

0.
11

2.
06

0.
00

0.
02

0.
00

3.
43

0.
34

2.
11

0.
00

0.
00

11
.

0.
00

35
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
34

.3
4

0.
34

0.
98

0.
43

8.
08

1.
09

1.
43

0.
98

0.
45

1.
00

2.
01

0.
45

3.
09

0.
33

2.
98

12
.

0.
00

0.
00

23
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

02
0.

44
21

.5
4

0.
45

0.
34

2.
12

0.
09

0.
04

0.
00

2.
00

0.
22

1.
00

0.
03

0.
20

0.
60

0.
02

13
.

0.
00

0.
00

18
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
18

.0
1

2.
01

0.
03

0.
07

2.
98

0.
45

3.
98

0.
45

0.
02

0.
50

0.
90

0.
45

0.
44

0.
67

14
.

0.
00

0.
00

36
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

04
37

.1
3

0.
70

0.
78

0.
20

1.
04

0.
00

3.
00

0.
50

0.
16

0.
00

0.
65

2.
00

1.
65

0.
45

15
.

10
.0

0
0.

00
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
11

.3
4

0.
30

8.
13

0.
54

0.
22

0.
00

0.
01

0.
00

0.
21

37
.2

2
0.

01
6.

98
0.

10
0.

02
7.

99
0.

00
16

.
20

.0
0

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
30

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

14
.2

2
0.

20
34

.1
1

0.
02

11
.0

0
2.

00
0.

00
6.

12
0.

00
0.

00
34

.1
0

4.
00

0.
00

0.
00

3.
00

0.
00

17
.

30
.0

0
0.

00
0.

00
30

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
34

.1
7

0.
05

0.
21

23
.1

5
0.

55
0.

43
2.

01
0.

00
0.

00
5.

54
0.

44
3.

02
67

.9
3

0.
00

2.
11

0.
00

111



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

T
ab
le

7.
3:

D
am

ag
e

C
as

es
in

th
e

R
ef

er
en

ce
S

et
fo

r
S

ec
on

d
T

ra
in

in
g

D
am

ag
e

C
as

e
N

o.
Z

on
e1

Z
on

e2
Z

on
e3

Z
on

e4
Z

on
e5

Z
on

e6
Z

on
e7

Z
on

e8
Z

on
e9

Z
on

e1
0

Z
on

e1
1

Z
on

e1
2

Z
on

e1
3

Z
on

e1
4

Z
on

e1
5

Z
on

e1
6

1.
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
2.

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
3.

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
4.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
5.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
1.

06
0.

00
0.

09
0.

00
0.

00
6.

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
7.

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
8.

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
9.

20
.0

0
0.

00
40

.0
0

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
10

.
40

.0
0

0.
00

20
.0

0
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

11
.

20
.0

0
20

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
12

.
10

.0
0

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

13
.

0.
00

10
.0

0
40

.0
0

0.
00

0.
00

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

14
.

20
.0

0
0.

00
40

.0
0

0.
00

30
.0

0
0.

00
0.

00
0.

00
30

.0
0

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
15

.
40

.0
0

0.
00

40
.0

0
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

16
.

20
.0

0
20

.0
0

0.
00

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

112



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

T
ab
le

7.
4:

C
om

p
ar

is
o
n

of
P

re
d

ic
te

d
D

am
ag

e
w

it
h

A
ct

u
al

D
am

ag
e

O
b

ta
in

ed
A

ft
er

S
ec

on
d

T
ra

in
in

g
W

it
h

ou
t

N
oi

se

D
am

ag
e

C
as

e
N

o.
Z

on
e1

Z
on

e2
Z

on
e3

Z
on

e4
Z

on
e5

Z
on

e6
Z

on
e7

Z
on

e8
Z

on
e9

Z
on

e1
0

Z
on

e1
1

Z
on

e1
2

Z
on

e1
3

Z
on

e1
4

Z
on

e1
5

Z
on

e1
6

1.
40

.0
0

0.
00

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.0

1
0.

40
0.

00
0.

00
18

.9
9

0.
01

0.
20

0.
00

11
.2

1
0.

01
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
2.

0.
00

20
.0

0
0.

00
0.

00
10

.0
0

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

02
19

.2
1

0.
01

0.
00

11
.2

1
0.

00
0.

00
19

.2
1

0.
00

0.
00

0.
01

0.
00

0.
00

0.
00

0.
00

0.
00

3.
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

40
.0

0
30

.0
0

0.
00

0.
00

0.
00

0.
00

0.
11

0.
00

0.
21

0.
12

1.
00

0.
00

19
.1

1
0.

02
0.

03
0.

21
43

.1
1

29
.2

3
0.

01
0.

11
0.

02
4.

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
38

.9
1

0.
11

0.
01

0.
22

1.
23

0.
02

21
.0

9
0.

21
0.

01
1.

01
28

.9
9

0.
02

0.
03

0.
20

0.
00

5.
0.

00
0.

00
20

.0
0

0.
00

15
.0

0
0.

00
0.

00
0.

00
0.

00
37

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

1.
43

0.
33

19
.3

2
0.

21
16

.1
3

1.
09

0.
07

0.
04

0.
04

38
.1

2
0.

12
0.

00
0.

00
0.

23
0.

00
0.

00
6.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

0.
00

10
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
21

.2
3

0.
32

0.
12

0.
23

1.
32

18
.2

3
0.

32
0.

20
0.

00
0.

00
12

.3
2

0.
00

1.
11

1.
32

0.
00

7.
20

.0
0

0.
00

40
.0

0
0.

00
20

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

19
.2

2
0.

22
39

.3
2

0.
02

21
.0

9
0.

79
0.

12
0.

09
1.

32
0.

32
0.

01
1.

43
0.

43
1.

08
0.

06
0.

98
8.

40
.0

0
0.

00
20

.0
0

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

40
.1

1
0.

33
19

.1
2

0.
22

36
.9

8
0.

32
1.

32
0.

01
1.

02
37

.9
0

0.
00

1.
09

0.
00

91
.0

0
0.

00
1.

09

113



Chapter 7. Damage Detection in a Prestressed Membrane Using a Neuro-Fuzzy System

T
ab
le

7.
5:

C
o
m

p
a
ri

so
n

of
P

re
d

ic
te

d
D

am
ag

e
w

it
h

A
ct

u
al

D
am

ag
e

O
b

ta
in

ed
A

ft
er

S
ec

on
d

T
ra

in
in

g
W

it
h

N
oi

se

D
am

ag
e

C
as

e
N

o.
Z

on
e1

Z
on

e2
Z

on
e3

Z
on

e4
Z

on
e5

Z
on

e6
Z

on
e7

Z
on

e8
Z

on
e9

Z
on

e1
0

Z
on

e1
1

Z
on

e1
2

Z
on

e1
3

Z
on

e1
4

Z
on

e1
5

Z
on

e1
6

1.
40

.0
0

0.
00

0.
00

0.
00

20
.0

0
0.

00
0.

00
0.

00
10

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

38
.6

2
0.

07
0.

89
0.

00
18

.3
2

0.
65

1.
23

0.
11

8.
23

0.
01

0.
00

0.
00

0.
12

0.
01

0.
02

0.
00

2.
0.

00
20

.0
0

0.
00

0.
00

10
.0

0
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

19
.1

1
2.

12
0.

01
8.

14
0.

23
2.

00
17

.9
9

0.
02

2.
12

0.
01

1.
04

0.
11

0.
00

2.
21

0.
00

3.
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

40
.0

0
30

.0
0

0.
00

0.
00

0.
00

0.
00

0.
23

1.
78

1.
45

0.
56

0.
34

0.
00

18
.0

1
0.

21
0.

22
0.

00
43

.0
1

27
.1

2
0.

13
0.

01
1.

21
4.

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

30
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
37

.2
1

0.
31

0.
12

0.
45

1.
23

1.
04

22
.1

2
0.

22
0.

00
1.

21
31

.4
5

0.
32

1.
21

0.
00

0.
00

5.
0.

00
0.

00
20

.0
0

0.
00

15
.0

0
0.

00
0.

00
0.

00
0.

00
37

.0
0

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

2.
00

0.
26

19
.0

1
0.

31
14

.1
3

1.
41

0.
71

1.
62

0.
82

38
.6

2
1.

19
0.

02
1.

09
0.

01
0.

00
0.

00
6.

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
20

.0
0

0.
00

0.
00

0.
00

0.
00

10
.0

0
0.

00
0.

00
0.

00
0.

00
0.

02
19

.0
1

0.
31

0.
00

2.
01

0.
00

22
.6

5
0.

11
0.

00
0.

00
0.

21
9.

00
0.

1
1.

00
0.

00
2.

01
7.

20
.0

0
0.

00
40

.0
0

0.
00

20
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
22

.4
3

0.
11

42
.2

3
0.

11
19

.1
2

0.
33

0.
90

0.
01

1.
42

0.
00

0.
00

0.
00

0.
00

0.
00

0.
00

2.
01

8.
40

.0
0

0.
00

20
.0

0
0.

00
40

.0
0

0.
00

0.
00

0.
00

0.
00

40
.0

0
0.

00
0.

00
0.

00
0.

00
0.

00
0.

00
39

.0
1

0.
21

18
.0

2
1.

23
38

.0
1

2.
21

0.
00

3.
00

0.
01

38
.0

2
0.

0
1.

01
0.

00
0.

01
0.

00
0.

00

114



Chapter 8

Summary and Conclusions

1. Experiments have been carried out on conductive polymer to investigate its feasibility for

using it as a large strain sensor. Phenomena of hysteresis and relaxation have been observed

in the variation of electrical resistance with strain in conductive polymer.

2. Two mathematical models based on some modifications on fractional calculus and

Preisach approaches have been developed to model the change in the electrical resistance due

to applied time dependent strain in the conductive polymer. Numerical results show a good

agreement between the results obtained from the mathematical model and the experimental

result.

3. A compensator based on the modified Preisach model has been developed to compensate

the effect of hysteresis and relaxation. The efficiency of the compensator has been discussed

by comparison with experimental results.

4. Finite element simulation using ABAUS has been run to find out the response of a

prestressed membrane with different damage levels at different locations.
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Chapter 8. Summary and Conclusions

4. A damage detection algorithm has been developed using artificial neural network and

fuzzy logic. Using the simulated data obtained from the finite element analysis, the neuro-

fuzzy system has been trained. It has been shown that the trained neuro-fuzzy system can

detect damage from the dynamic response of the structure and can account for noise to a

great extent.

The large strain sensor with compensator, mathematical model of the structure and the

neurofuzzy system can be used to develop an integrated structural health monitoring system

for gossamer structures.
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