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Résumé 

Les méthodes d'évaluation non destructive (ÉND) jouent actuellement un rôle 

grandissant dans les technologies modernes. Ces méthodes utilisent différentes techniques 

de mesure afin d'évaluer I'intégrité d'une structure ou d'un matériau sans l'endommager. 

Elles sont utilisées dans le domaine médical. sur la chaîne de production, pour des essais 

de structure et dans le domaine militaire. L'une de ces méthodes d'inspection concerne 

l'évaluation non destructive par thermographie (ÉNDT). Cette méthode est complètement 

sans contact et peut inspecter une grande surface dans un intervalle de quelques secondes. 

L'ÉNDT est aussi intéressante pour la détection de défectuosités dans les plastiques 

renforcés avec fibres de carbone (PRFC) qui sont largement utilisés en industrie 

aérospatiale, en  industrie automobile et dans d'autres industries. 

À cause de la nature non linéaire complexe du problème thermique inverse, I'ÉNDT 

a été considérée depuis plusieurs années comme une méthode qualitative d'inspection. 

Récemment, les réseaux de neurones ont été appliqués à I'ÉNDT afin d'extraire des 

informations quantitatives à partir d'images infrarouges. Les réseaux de neurone (RN) 

peuvent manipuler des problèmes non linéaires complexes à partir de données 

partiellement disponibles ou bruitées. Les travaux de recherche en ÉNDT quantitative basés 

sur les RN, ont jusqu'à présent été appliqués à des matériaux homogènes comme 

l'aluminium ou le plastique et la majorité de ces travaux utilisent des données 

expérimentales afin d'entraîner et tester I'architecture du réseau. 







Abstract 

Nondestnictive evaluation @DE) methods are now playing an increasing role in 

modem technology and human living systems. These methods use various measurement 

techniques to evaiuate the integrity of a structure or material without imposing harmful 

effect on the item. They find applications in medical, production line, structure testing and 

rnilitary fields among others. One such inspection method is called the themal 

nondestructive evaluation (TBDE) technique. This rnethod is totally non-contact and can 

inspect a large area in a matter of few seconds. TNDE is also attractive for detection of 

defects in Carbon Fiber Reinforced Plastics (CFRIP) which are widely used in aerospace, 

car and other industries. 

Due to the complex non-Iinearity nature of the inverse thermal problem, for long 

time TNDE has been limited as a qualitative inspection methods. Recently, neural networks 

have been applied to TNDE to extract quantitative information from recorded infrared 

images. Neural networks (NN) can handle cornplex non-linear problems with access to 

partially available or noisy data. Up to now, the quantitative TNDE research works based 

on developed NNs, were applied to hornogenous material such as aluminurn or plastic and 

most of them used experimental data to train network architecture. 

This thesis first deals with 3-D heat conduction problems to mode1 asyrnmetrical or 

non-homogenous samples inspected in pulsed thermography (PT), the numerical solution 
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CHAPTER 1 

Introduction 

1.1 Introduction 

Modem nondestructive evaluation (NDE) methods are now playing an increasing 

role in al1 aspects of material productions and applications Cl]. As it is well known, NDE 

uses various non-invasive measurement techniques to determine the integrity of a structure, 

component, o r  material without destruction of that item. During rnanufacturing NDE is 

used to produce defect-free components in a cost-effective manner. During service life of 

the component, assembly, o r  system, NDE is used to ensure that system fitness for service 

is maintained and, in some instances, to assess the remaining life effectiveness. 

Nondestmctive evaluation involves diverse fields of applied physics, expert 

systems, neural network, fuzzy logic, computer science, electronics and electrical 

engineering, materials science and engineering, mechanical engineering, and structural 

engineering. To meet the increased demand for robust and effectiveness inspection in 



complex NDE tasks, neural networks and fuzzy logic have been recently deployed in many 

problems Pl, P l ,  Pl ,  Pl ,  161, 171, [81, Pl. 

Ultrasonic, X-rays, eddy curent and magnetic flux leakage techniques are the most 

known among NDE techniques [IO]. One of the new method, which has emerged recently, 

is infrared thermography. It is a totally non-contact, non-invasive imaging method which is 

able to inspect a large area in a matter of few seconds. Infrared thermography is used 

routinely in industrial applications such as process control, in-process inspection, 

acceptance inspection (e.g. to provide quantitative information about subsurface flaws in 

aircraft structures), monitoring thermal conditions of electric power lines, district heating 

networks, electric circuits and components, heat exchangers, pipes and its insulations, 

cooling towers, and various machines and motors. Using infrared thermography in 

conjunction with other NDE methods also provides a total perspective of operating 

conditions of equipments and processes. Recent advances in infiared imaging technology, 

specifically deveIopment of high-density imaging sensors have opened new leveis of 

applications such as detection of subsurface delaminations and disbond defects in 

composites, sandwich panels and coated materiak [ll],  [12]. 

The effectiveness of the TNDE (Thermal Non-destructive Evaluation) technique 

depends not only on the instrumentation, but also on techniques that are used in conjunction 

with inspection to efficiently and accurately extract relevant information from acquired data 

[8]. Many processing techniques have been developed to clearly reveal and provide 

quantitative information conceming subsurface defects in TNDE. One such approach 

employs artificid neural networks which have recently obtained considerable success in a 

variety of applications [13], [14], [15], 1161, [17]. Neural networks are known for their high 

processing speed, high classification accuracy, low sensitivity to noise, and easy 

thresholding capability in order to provide binary images required for automated detection. 

In the present research, various interconnected feed-forward multi-layered neural 

networks and neuro-fuzzy systems are designed and evaluated in order to reveal and 

estimate defect depth in the inspected component by TNDE. By using the entire 

temperature versus time curve or thermal contrast curve as inputs to the neural networks 



and through suitable training, such networks can be made to respond in a desired way to 

various features of thermal curves. Cornparisons are made between neural network and 

neuro-fuzzy system results, simulations from a dedicated thermal mode1 and experimental 

results in terms of specirnen parameters and output signal (thermal contrast) estimation. 

1 3  Infrared Thermography 

Recent years have seen a considerable development in infrared sensing and imaging 

instruments for terrestriai use, particularly for mi l i tq ,  battlefield, airborne and non- 

destructive testing. Infrared system senses infrared radiant energy and produce useful 

electrical signals proportional to the temperature of the material surface to be inspected. 

Instruments using infrared detectors and optics to gather and focus energy from the material 

onto these detectors are capable of measuring material surface temperatures with 

sensitivities down to 20 mK (K is for Kelvin temperature) and with response time in the 

microsecond range [IO]. These important features, which are due to traveIing of the 

measured energy from the material surface to the sensor at the speed of Iight, allowed the 

field of infrared radiation thermometry to expand into real-time thermal scanning and 

thermal mapping. 

Infrared thermography is generally classified in two methods, passive and active 

thermograph y. 

1.2.1 Passive Thermography 

In many applications mentioned above, patterns are naturally obtained either 

statically ("one shot") or dynamically (recording of subsequent instantaneous values at the 

moment measurements are made). There are numerous instances where such thermal 

conditions are exploited by TNDE to reveal material or structural characteristics in the 

inspected parts. for example, the thermogram recorded from the outside surface of an 

insulated pipe carrying a hot fluid is relatively isothermal and warmer than ambient air. 

Insulation defects or voids will induce warm anomalies (often designated as hot spots) 

which will appear on the thennogram, allowing the thermographer to pinpoint areas of 

defective or darnaged insulation. Because of the constant heat flow from the hot fluid 

through the insulation to the ambient air, a static distinctive thermal pattern on the sample 



surface, is obtained [IO]. Figure 1.1 illustrates a typical infrared TNDE configuration using 

the passive method. 

METAL OCCLUSION VOID 
WARMER THAN AMBIENT 

4-- 
TEST SAMPLE 

IR IMAGER 

- -- - - -  

Figure 1.1 Typical TNDE configuration using the passive method. 

1.2.2 Active Thermography 

When there is no heat flow through the materia1 or the structure to be inspected, an 

active approach is used to generate a transient heat flow. In active infrared thermography, 

the sample is heated by an external controlled heat source and its surface temperature is 

monitored as a function of time through changes of emitted infrared radiation. The specific 

thermal properties of the material under test influence transport of heat thus causing surface 

temperature to change with respect to areas with different thermal properties. This allows 

to image subsurface anomalies such as disbounds [Il. Active infrared thermography is an 

economical and reliable NDE inspection method for large complex structures. It has 

specific advantages over other NDE methods. It offers single side inspection while large 

areas can be measured on complex geometries without significant dificulties [IO]. 

Depending on the heat source, active thermography is referred to pulsed thermography (PT) 

or lock-in-thermography (LT) [2], [18]. 



Zn PT, an heating pulse from a laser, flash Iamp or microwave heating source 

deposits heat on the sample surface in a short time [2], [19]. Following this pulse, the 

surface temperature increases Iinearly as r/R due to the cornbined effects of direct heating 

and thermal diffusion (r  is the time variable). Consequently, thermal diffusion from the 

surface changes the temperature near the defect region after a thema1 transit time 

approximately equal to &a, where z is the defect depth and a is the thermal diffusivity 

(a=k/pCp with k the thermal conductivity, Cp the specific heat, and p the mass density). 

In LT, a sine-shaped periodical heat flux at a given frequency o stimulates the 

sample surface. Following periodical heat injection, the surface temperature in stationary 

regime is recorded and time-delayed thermal waves due to defects can then be monitored. 

The phase image in LT is relativety independent of emitted thermal power and thus the SNR 

(signal-to-noise ratio) is improved with respect to PT while uniform heating sources are not 

mandatory. Using the phase image, LT allows to detect defects at depths up to about twice 

the thermal diffusion length (p) given by [2], [18]: 

In this thesis PT active thermography will be of interest. A typical PT active infrared 

thermography set-up configuration is shown in Figure 1.2. Here a flash-larnp heating source 

is used to inject the initial thermal perturbation heating pulse. After a quick heating of the 

sample, the temperature evolutions both over a surface point of the part and over a 

subsurface anomaly such as a delamination (e.g. presence of a subsurface air layer) are 

plotted in Figure 1.3 [ZO]. 
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Figure 1.2 Schematic diagram of a typical active infi-ared themography set-up. 
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Figure 1.3 Typical suifiace temperature variation curves in active themography. 

1.3 Artificial Neural Networks 

Nowadays, sequential digital cornputers dlow to deal with many tasks such as 

electronic communication, database (creation, manipulation, and maintenance), scientific 

and mathematical problem solving, word processing, graphics, desktop publication, etc. 

Moreover, most of the simple control functions that simplify our household tools and 



appliances and are now managed by digital electronics. In contrast, there are many 

problems that we are not able to solve due to their inherently parallel or complex structures 

not well fitted for sequential computer systems. For exarnple, how can we recognize a man 

in a crowd from a mere glimpse of his face? A computer cannot perform such a recognition 

task with ease [21]. 

The human brain consists of a large number (approximately IO") of highly 

connected neurons which have many desirable characteristics not present in modem 

sequential cornputers [22]. Some of these characteristics are: 

massive parallelism, 

distributed representation and computation, 

learning ability, 

generalization ability, 

fault-tolerance, and 

low-energy consumption. 

Our brain is able to organize neurons so as to perform highly complex, nonlinear, 

and distributed computations (e.g., perception, classification, prediction, and control of a 

process) rnuch faster than the most powerful digital computer in existence today [Zl]. 

Inspired by biological neural networks, artificial neural networks (NN) consist of a 

large number of simple, highly interconnected nonlinear processing units (neurons) that 

operate in parallel. The neuron itself can be defined as a non-linear thresholding unit, which 

receives inputs and produces an output which is a function of the sum of these inputs. Each 

interconnection between neurons has an associated connection weight that can be adjusted 

to achieve the desired network behavior through a training process. A typical NN 

architecture is shown on Figure 1.4. 

Although it is difficult to predict the future success of NN recently, different NN 

algorithms have been applied fruitfully to many problem areas. Advantages of NN include 

firstly, learning ability, and secondly versatile mapping capabilities from input to output. 

Moreover, NN can be deployed in applications for which it is not particularly easy to 

establish a direct input/output mathematical relationship. These information processing 



capabilities make it possible for NN to solve complex problems which are decomposed into 

a nurnber of relatively simple tasks [21]. Most interesting problems for computer scientists 

and engineers such as pattern classification, clustering, fimction approximation, prediction, 

optimization, content addressable memory, and control c m  be solved using NN [22]. 

1.4 Related works 

Due to non-linear nature of IR thermography, its inverse problem has been studied 

for many yean by research groups. Although, various analytical, numerical or empirical 

models were established for simple cases, defect classification and quantitative solution of 

problems such as defect depth and thermal properties still remain important research areas 

in this field [23], [24]. NNs have recently been applied to solve inverse problems in TNDE 

by many research groups because they can solve non-linear problems with noisy or partially 

missing data. 

D. R. Prabhu and W. P. Winfree proposed two backpropagation NNs to detect and 

estimate corrosion in aircraft lap joints. The networks were trained using entire temperature 

versus time curves as input vectors and flaw/ no flaw or corrosion percentage as desired 

output. The combined result of these two networks shows both high classification and 

estimation accuracies [8]. 

Another research work was carried out on plastic material (PVC) by P. G. Bison, C. 

Bressan, R. Dismo, E. Grinzato, S. Marinetti and G. Manduchi. They also proposed two 

multi-iayer perceptron NNs as detector and estimator of delamination defect depth in PVC. 

Maximum contrast and corresponding time of occurrence were considered as network 

inputs. The outputs were defecthondefect status or defect depth. The authors mentioned 

the networks dlow to identify delaminations inside an opaque body and estimate the depth 

quite well [25]. 

In an other attempt, H. Trétout, D. David, J. Y. Marin and M. Dessendre used 

different temporal thermal data signatures to examine NN ability as classifier on composite 

aerospace structures. They provided 500 simulated thermal curves as training set, one half 

corresponding to sound area and the other half correspond to defect areas. The results show 



that the proposed NN c m  detect 13eflonTM defects up to 1.5 mm under the surface of a 

CFRP sample 191. 

Recently, Xavier Maldague, Yves Largouët and Jean-Pierre Couturier [2] and Steve 

Vallerand, Akbar Darabi, X. Maldague [3] and Yves Largouet, Akbar Darabi and Xavier 

Maldague [4] employed pulsed phase thermography (PET) to detect and extract 

quantitative information based on NN. In these studies, the network input is the phase 

vector for each pixel and the output is its corresponding depth. The results show that a high 

sarnpling fiequency is required to achieve quantitative analysis based on PPT [23. [4]. With 

respect to N N  architectures and learning algorithms, published results demonstrated that 

the muIti-layer perceptron using backpropagation learning algorithm provides better 

detection as compared to a Kohonen network 131. 

1.5 Research Objectives 

The main objectives of this research is to detect subsurface defects, characterize 

defect depth and size in non-homogeneous materiais such as CFRP using classical transient 

heat conduction modeling and artificial neural network approaches. 

Theoreticaily, solving the transient heat conduction equation with appropriate 

boundary conditions allows describing subsurface defects and anomalies of materials and 

complex structures [26]. The solution of the direct problem in infrared thermography 

provides useful information to interpret experimental data, optimize the active heat 

stimulation and scanning configuration, determine the limits of applicability of the 

therrnographic approach and, especially in this study, train desired NN or neuro-fuzzy 

systems. As it is known, the direct problem allows the temperature distribution to be 

computed for known defect geometry and thermal properties. In the present study a 

numerical solution of the three dimensionai heat conduction equation applied to TM)E is 

first given. This modeling allows us to take into account the lateral defect effects which are 

very crucial for non-homogeneous material in practice. The comparkon of numerical 

solution results with analytical solution results of similar problems is also discussed. 



In the present study, two interconnected feedforward multilayer NNs are proposed 

and evaluated in order to reveal and estimate depth of defect in the inspected componenti 

We also propose a neuro-fuzzy depth estimator. The proposed network inputs are the entire 

temperature versus time curve or thermal contrast curve. The training is only done with 

theoretical data. Theoretical data is interesting for two major reasons. Firstly a large 

training set is required which is difficult to obtain with real experiments. SecondIy 

laboratory samples are not enough representative [9], 

For example an architecture as shown in Figure 1.4 wiIl be defined to classify in a 

first step (flaw detector network) the thermal curves corresponding to each pixel of a 

sequence of infrared images and, in second step (estimator network) to proceed to the 

spatial analysis. 

Cornparisons will be made between the NN and neuro-fuzzy system results, 

simulations from the mode1 and actual experirnental results. 

The proposed method is believed to offer advantages in term of speed and efficiency 

as compared to current inversion techniques (analytical, or based on empirical 

relationships) [2]  [3] [8]. 
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I 

~ i .  1.4 TWO possible architectures forjfaw detector and esrimator network in 
W D E .  

Chapter one has presented an introduction to TNDE field, current works and thesis 

objectives. 

Chapter two is dedicated to analysis of the 3-D transient heat conduction problem 

applied to TNDE. The numerical solution is developed and equations for different 

boundaries and interior nodes are given. Then an analytical solution for 1-D heat 



conduction is denved, based on Duhamel's theorem. Finally, the numerical solution results 

obtained for a defect-fkee CFRP block are compared with the analyticai solution for a 

sirnilar heat conduction problem in TNDE. 

The implementation of the numerical modeling of heat conduction problem on a 

massively parallel machine (Maspar MP-1) is presented in chapter three. The modeling 

results are also compared with results From a commercial software available for modeling 

2-D heat conduction problems. 

NN basic theory for perceptron and multilayer feed-forward architecture is studied 

in chapter four. The abiiity of the multilayer backpropagation NN to solve nonlinear 

problem is examined with two examples. The first concems the approximation of sinc 

function (sin(x)/x) and the second, the approximation of themal contrat function for a 

CFRP sample containing ~ e f l o n ~  defects. 

Chapter five is first concerned with a detailed analysis of thermal data. Then two 

NNs are proposed as flaw detector and defect depth estimator with training based on the 

backpropagation algorithm. These networks are trained to characterize both air and 

~ e f l o n ~  defects contained in CFRP samples. The network performance is tested using 

simulated data, contaminated simulated data with white noise and finaily experimental 

data. 

A brief fuzzy theory and neuro-fuzzy system fundamentais are given in chapter six. 

The neuro-fuzzy defect depth estirnator is then proposed. The estimator performance is 

studied using simulated data, contaminated simulated data with white noise and 

expenmentai data. Finally, neuro-fuzzy depth estimator results are compared with NN 

depth estimator results obtained in chapter five. 

Chapter seven concludes the thesis and proposes future research works in this field. 
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CHAPTER 2 

A Review of ïkansient Heat Transfer Modeling 
Applied to Infrared Thermography 

2.1 Introduction 

Therrnographic nondestructive evaluation (TNDE) is attractive because of its non- 

contact nature, parallel imaging capabilities and rapid visualization of shallow subsurface 

defects, in particular within bonded structures [l] [SI. 

Generally, if the stimulating heat flux or  surface temperature histories at the surface 

of an inspected component with known subsurface properties are known, then the 

temperature distribution can be found. This is terrned the direct problem. In transient 

thermography, an heat flux is applied to the surface of the inspected material and then, 

subsequent surface temperature profiles are recorded by an infrared camera [3]. Subsurface 

defects cause perturbation of the heat fiow. The reconstruction of subsurface defect 



geometries from recorded surface temperature profiles is called the inverse problem in 

TNDE and it suffers from widely known difficulties such as ambiguity and instability due 

to noise [4]. The solutions of the direct problem, whereby the surface temperature 

distribution is computed for known defect geometries and thermal stimulation, provide 

useful information to interpret the experimental data, optimize the heat perturbation and 

scanning configuration, and determine the lirnits of applicability of the thermographie 

approach. Moreover in this study, it provides the desired training sets to neural networks. 

2.2.1 Conduction heat transfer 

When a temperature gradient exists in a body, experience shows there is an energy 

transfer from the high-temperature region to the low-temperature region. This energy is 

transferred by conduction. The French mathematical physicist Joseph Fourier (1768- 1830) 

gave the relationship between heat flow and temperature gradient for the first time in his 

analytic theory of heat. 

and isotropie solid as: 

The Fourier law of conduction c m  be expressed for a hornogeneous 

where q(ct) is the heat flux vector in the direction of the decreasing temperature, k 

is thermal conductivity of the material and VT(r;t) is the time-dependent temperature 

gradient which is a nonnal vector to the isothermal surface. Here, r is a spatial vector and t 

is the time variable. The units of the heat flux are w/m2, the units of the thermal 

conductivity are W/(m°C) and those of the temperature gradient are OC/m. 

For a medium with constant thermal conductivity k (Le., independent of position 

and temperature), as well as constant specific heat Cp, density p and no heat generation, the 

heat conduction equation can be formulated from Eq. (2.1) as: 



is the thermal diffusivity of the medium with units in m2/s. The Eq. (2.2) is called 

the diffusion or Fourier equation [5].  It follows that the heat conduction equation for an 

isotropic body in absence of volumic power density and expressed in a rectangular 

coordinate system (x, y, z)  is [6]: 

The differential Eq. (2.3) has nurnerous solutions. To obtain a solution, the 

differential equation of heat conduction requires to specify both boundary conditions and 

initial conditions (for time-dependent pro biem). The initial condition sets the temperature 

distribution at the initial time (t = 0) and the boundary conditions of the medium set the 

temperature or the heat flow at the boundaries of the region (e-g. a known temperature, an 

insulated boundary or heat dissipation by convection or radiation frorn the boundary 

surface). 

2.2.2 Convection Heat Transfer 

The convection heat transfer mechanism occurs in fluids or gas. The heat transfer is 

due to the net movement of macroscopic volumes of fluid or gas along a solid wall while 

temperature of both the fluid or gas and the solid surface are different. To express the overall 

effect of convection, the Newton's law of cooling is used [7]: 

Qconv = h(T,-  Tm) [ w / m L ]  

Where q,,,, is the heat Rux (loss) from the solid surface at temperature Tp T, is the 

temperature of the fluid at a distance far from the boundary, and ~ ( w ~ - ~ o c ' )  is the 

convection coefficient. 



Although h can be calculated analytically for laminar flow over bodies having 

simple geometries. an experimental approach is the only practical approach to determine it 

for flow over bodies having complex configuration. It is generaily available in tabular form. 

2.2.3 Radiation Heat Transfer 

Al1 substances above the absolute temperature (O K )  continuously ernit 

electromagnetic energy due to the molecular and atornic agitations associated with intemal 

energy of the materid. From the viewpoint of electromagnetic theory or alternatively from 

a quantum point of view, the waves or photons travel at the speed of light. The types of 

electromagnetic radiation can be classified according to their wavelength in vacuum. A 

portion of the electromagnetic radiation spectrum is shown in Figure 2.1. Thermal radiation 

lies in the range from about 0.1 to 1 0 0  p. Practically, infrared NDE applications discussed 

here lie in the 3-5 p z  and 8-12 pz corresponding to the two "transparent windows" of the 

atrnosp here 181. 

Radiation, which is the other mode of heat exchange, occurs at the surface of a solid, 

it is the electromagnetic radiation ernitted in a11 directions. This quantity q,& is given by 

the Stefan-Boltzmann law: 

where o = 5.6697 x  IO-^ w/(m2. K4) is the S tefan-Boltzmann constant and E is the surface 

ernissivity of the solid: "E expresses the ability of a given surface to absorb or release ener- 

gy, it varies from O for a perfect reflector (suc11 as mirror) to 1 for a perfect emittedabsorber 

(such as a black body)". Here, both T, and T' are respectively absolute temperature of am- 

bient and of solid surface [9].  
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Figun 2.1 Electromgnetic radiation spectmm (wavelength A in loglo m). 

2.3 F i ~ t e  Difference Modeling 

Obtaining an analytical solution from Eq. (2.4) is extremely difficult, except for 

certain simple geometries. Numerical computation techniques, based on discretization of 

space and time, such as the finite difference method and finite element method are often 

preferred for most prac tical problems. 

A comrnon technique for solving boundary-value heat conduction problems is the 

finite-difference rnethod in which the initial statement of the problem in differential form 

is changed to a finite difference statement by substituting difference relations for partial 

temperature derivatives of the time and space. The accuracy of a lattice function, Le. 

numerical solution obtained at the lattice points, depends on the parameters of the finite 

difference lattice (mainly its steps) and on the thermal characteristics of the material of 

interest. Therefore, when large temperature gradients arise in a body under the effect of 

high thermal effects and when there is difference between the geometry and thermal 

properties of contacting bodies, it is required to use a close-spaced nonunifom 

computational lattice which necessitates the use of great computational resources (large 

size of working memory and processor time). 



23.1 Mathematical Approach 

Let us restrict Our attention to a three-dimensional planar problem and divide the 

body of interest into increments of equal size (called elements) as shown in Figure 2.2. 

Each element has its own thermal properties and an element boundary can also correspond 

to a material interface. The finite difference procedure is aiso called lumped capacitance 

because al1 of the conîrol volume therrnal capacitance is lumped at the central node point 

for al1 interior control volumes. The control volume boundaries are chosen to lie at the mid- 

plane of each element. This selection of control volume boundaries is somewhat arbitrary. 

The choice for control volume boundaries permits different materials to be present within 

a single control volume [7]. 

Figure 2.2 Three-dimensional mode1 for planur geometry showing elernentary volume. 

Assuming that the time of observation is small with respect to the heat front 

propagation, a11 surfaces can be supposed to be themally well isolated, except the extemal 

face of the sarnple on which heat exchanges occur (nodes located at (x, y, z = O)). In active 

pulsed thexmography, the surface heat exchanges consist generally into convective losses, 

radiative losses and perturbation fkom the heating source for a short time. 

To easily solve the direct problem in TNDE, we can consider that the initial 

temperature at al1 of the nodes is equal to the environment temperature which is (T,). 



23.2 Nodes on the Surface 

F h t ,  the generd energy conservation is applied to the elementary volume of the 

nodes on the surface subjected to heat exchange by convection and radiation with an 

environment at temperature T.. Figure 2.3 provides an expanded view of these elementary 

volumes. Assuming that the volumetric parameters p, Cp, k, 5> and k, are constant for each 

element, we make a @ansient energy balance on the node (k,m,O) by setting the energy 

conducted, convected and radiated into the node equal to the increase in the interna1 energy 

of the node. The result is: 

Figure 2.3 Expanded view of control volume surrounding arbiîrary sutjiace n o d e  (k,m,O) 

Where, h,,,, and hrd are respectively the convection heat-transfer coefficient and the ra- 

diation heat-transfer coefficient. In this relation the superscripts designate the time incre- 



ment and superscnpts p and p+l are respectively present and next iteration times. The Eq. 

2.7 for Tpk$, O) (next surface temperature OP the position (k ml) txwmes: 

2.3.3 Nodes Inside the Sample 

For a r b i u q  inteior node (4 m, n), Figure 24 ,  the differential equation which 

govems the heat flow is: 

We can now approximate the second partial denvatives with: 

and the time derivative in Eq. (2.9) by: 



Substituting Eq. (2. IO), (2.1 l), (2.12) and (2.13) in the Eq. (2.9) yields to: 

Figure 2.4 Espanded view of control volume surroundhg arbitrary interior node (k, m. n). 

2.3.4 Nodes on an Adiabatic(insu1ated) Boundary 

Consider a node (k, m, n) on an adiabatic (or insulated) boundary surface which is 

paralle1 to the X-Z plane, as shown in Figure 2.5. Let T(k ,,,, n )  be the temperature at the node 

('9 m p  n) and T(ic-~, n), T(k+l. m, n~ and T(k m. ml)* T(k, m. n+,) a d  T(k, m-1, n) be the 

temperature at the five neighboring nodes, as illustrated in Figure 2-5. The adiabatic 

boundary for which aTAy = O is equivalent to a symmetry condition for this boundary. 

Then, we consider the existence of a mirror-image point (k, m+l ,  n) of the node (k, m-1, n) 

with respect to this boundary. If the temperature at this image node is T(k ,+r, n), then by 

symmetry we have T(k ,+1, n)=T(k m-I, n). When the region and its mirror image with 

respect to the boundary are considered as a single region, the node (k, m, n) becomes an 



intenor point and finite-difference Eq. (2.14) is applicable with T(k ,+L n),T(k m.l, n). 

Then. the finite-difference equation for the node (k, m, n) on an adiabatic boundary surface 

parallel to the X-Z plane, as shown in Fig. 2.5 becomes: 

Adiabatic 
boundary 

Figure 2.5 Expanded view of control volume surrounding arbitrary adiabatic boundary node 
(k, m, n). 

2.3.5 Stability Criteria 

As it was mentioned, in finite- difference method each volume element behaves as 

a small "lumped capacity" and the interaction of al1 elements determines the behavior of 

the solid durhg a transient process. We can also express the energy balance on node i (Fig 

2.6) by using the concept of thermal resistance and capacity in analogy with the electric 

resistance and capacity as: 



where 

- R,  - - 6' for conciuction, 
k,Akij 

- for convection, R,  - - 
k , 4 ,  

The terrn qi is the heat generated in or added to the volume lump at i and j denotes 

al1 neighbonng nodes connected to node i. In Eq.(2.18), R, is the total thermal resistance 

and 6ii is the conduction distance between nodes i and j, kii is the heat conductivity dong 

6, and Akii is the cross-sectional area for heat conduction normal to Also, Ac@ is the 

cross-sectional area for heat convection nomal to tig and the terms Ci and respectively 

denote thermal capacity and volume element at the node i. 

Figure 2.6 Generul conduction node. 

The Eq. (2.19) for Trk;A, O) becomes: 



Considenng Eq. (2.20), we again have the convenience of solving for the 

temperature at time ( p t l )  and this requires only information at time (p). However, we also 

have a problem of stability. The value of qi influences the stability, we can thus choose a 

safe lim-t by observing the behavior of the equation for qi=O, then we can Say Eq. (2.20) is 

stable only if: 

After solving Eq. (2.20) for different nodes and boundary conditions, we have the 

task of choosing the time incrernent Ar required for the calculations. To ensure stability we 

must keep At  equal to or less than a value obtained from the most severe nodal relation 

given in Eq. (2.21) [7]. In this case we have: 

For example, for an interior node such as shown in Fig 2.4 in an isotropic medium 

(k,=&,,=k,=k), if we choose Ax=Ay=&=S, then the stability relation is given by: 



2.4 Analyticd Solution of the Heat Conduction Problem in Active IR 

Thermography 

In previous sections, we have considered the solution of three-dimensional non- 

homogeneous heat-conduction with time-independent boundary conditions. However, in 

active infrared themography, one of the boundary condition functions, for exarnple at 

boundary surface S,, is time dependent so that the related heat transfer equation and its 

boundary conditions can be expressed in the form [5]: 

v 2 ~ ( r ,  t )  = - aT(ry ' )  in the sample, t  > O a at 

T ( r y  t )  = O for t = O, in the sample (2.27) 

aT where - is the temperature derivation in the direction normal to the boundary surface Si 
an, 

and 61i is'defined as: 

To solve this problem, we define an auxiliary problem as: 

2 1 a@(r ,  t )  v a ) ( r , t )  = - 
a at 

in the sarnple, t  > O 

+ hi@ = a,, on boundary Si 
k%- 

, t > O  
i i = 1 ,  2, ...yiV 

@(r, t )  = O for t = O, in the sample (2.3 1) 

in which the boundary conditions, Eq. (2.30) do not depend on time. It can then be solved 



with the convenience of heat transfer techniques. Next, we can relate the solution of T(r,r) 

to the problem expressed by Eq. (2.25)-(2.27) to the solution of the awriliary problem @(r, 

t) using Duhamel's theorem as [SI: 

Now, suppose the boundary condition function fi(t), on surface SI .  has 

discontinuities due to heat source or changes in the ambient temperature as shown in Figure 

2.7. The solution given in Eq. (2.33) for this specific step shape boundary condition in the 

time interval (N-l)At c t < NAr becomes: 

where: 

A f j  = f +(rj) - f -(ri) 

is the step change of fi(r) at the tirne 5 = jAt and At is time step [5]. 

Figure 2.7 A srep-shpe finction as rite tirne dependent boundary condition 

The following step is to consider the pulse-transient IR thermography, in which the 

sample is heated by a heat pulse source and then a time sequence of images is recorded to 



process the temperature decay on the surface of inspected sample [Il. In non-flaw areas far 

from defects, we can suppose that the sample behaves as an adiabatic plate heated by a 

square pulse [IO]. This simple configuration is illustrated in Fig 2.8. 

at 
( 2  = O) 

Input heat fl 

Figure 2.8 (a)  Mode2 heating (b) shape of the heat pulse. 

The plate with thickness L is initially at zero temperature differential Le. O O C  with 

respect to ambient temperature. For times t > O the boundary surface at z = L is kept 

insulated while the surface at z = O is subjected to a heat pulse flux as: 

dT for O < ~ < Z ~  
-k- = f ( t )  = { O  for az c =\* 

Mathematically, this heat conduction problem can be expressed by: 

aT -k- = f ( t )  a t z  = O ,  t > O  az 



and corresponding auxiliary problem is given as: 

@(z,  t )  = O for r = 0. 

The solution of this auxiliary problem is [5]: 

00 

a 2 cos pmz ~ ( z ,  r )  = -t + - -2-(1 - e 
Lkz Lkzm=l  Pm 7 

where Pm = rmr / L. Now, if we apply Duhamel's theorem given by Eq. (2.34) with the con- 

sidered boundary conditions on the surface, f (t), the temperature at the surface sample is 

obtained with: 

DD 

2 2 2 
-m n: (Fo - Fo,) 

- e  (2.46) 

where Fo = a t / ~ ~  is the Fourier number and Foh = aTh/L2 is the Fourier number of time 

of maximum excess temperature. Figure 2.9 shows the temperature curve obtained from 

Eqs. (2.46) and (2.47) for a carbon fiber renforced plastic (CFRP) sample with thickness L 
6 2 1  = 2 mm, thermal properties a, = 0.42 x 10- rn f , k, = 0.8 wm-' OC* and a heat pulse with 

Q = 100 k ~ m - '  and g = 0.5 s as shown in Figure 2.8-b. 



l o L  r 
1 I 1 I 1 

O 1 2 3 4 5 6 
Time (s) 

Figure 2.9 Temperature evolution cuwe on the heated sugace of a CFRP sample (without 
defect), obtained from the analytical solution of the problem. 

2.5 Delamination Mode1 Description 

Delamination defects are characterized by air gaps between two plies in composite 

larninate materials such as CFRP. These structural discontinuities produce an interface 

thermal resistance that causes heat flux perturbation during the transient themographic 

procedure. 

The specimen studied is shown schematically in Figure 2.10. It is a CFRP block 

which contains an air gap as simulated defect. It is assumed that the sampIe surface is 

uniformly heated by a heating source (such as Rash larnps, laser or elecûical heaters) for a 

time 2. Here, we specify a finite-size delaminated defect involved into the solution of 3-D 

heat conduction equation (Eq. (24)) with boundary and initial conditions as follow [6]: 



Figure 2.10 Schematic diagram of the rnodeled CFRP sample. 

Here the initiai ambient temperature is set to O°C (273 K) for sake of simplicity, where LI ,  



Lz and L3 are the CFRP block dimensions, Q is the input heat flux, h, and h, are respective- 

ly convection and radiation heat exchange coefficients. 

In order to study the behavior of defect signals, we choose a sarnple which contains 

an air gap. The dimensions of the CFRP bloc k are LI = 96 mm, L2 = 96 mm and L3 = 2 mm. 

The defect is a 1.5 cm x 1.5 cm square with thickness of 100 p z  at depth 700 p z .  The 

thermal properties and heating-cooling parameters are respectively as follow: 

thermal properties: 

for CFRP 

-6 2 1 aX=a, ,=3.7x10 m S- 

6 2 1  a, = 0.42 x 10- rn S- 

k, = k, = 7 wm-' OC' (parallel to the fibers) 

k, = 0.8 wm'' OC' (perpendicular to the fiben) 

for air defect 

heating-cooling parameters: 

q = f O k ~ r n - ~ ,  hc=IO h, = 5.67 x 10-~wm-~ 

The computed temperature profiles over defect (*-doted curve) and sound (x-doted 

curve) areas on the sarnple surface are illustrated in Figure 2.1 1. As seen, the thermal 

perturbation due to defect is well distinguishable. In the next chapters, we will explain how 

it is possible to enhance the thermal contrast between these two curves and use it to reveal 

and estimate defects parameters. An example of such an enhancement is the defect-sound 

difference shown on Figure 2.1 1-b. 
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Figure 2-11 The cornputed temperoture evolution over: (a) defect and sound areas (b) their 
diflerence on the CFRP sample sur$ace 

As mentioned previously, it is extremely difficult to find an analytical solution for 

this problem. To evaluate the performance of Our 3-D simulation, we first suppose the 



sample shown in Figure 2-10 contains no defects. In this case, the problem can be analyzed 

as 1-D heat conduction problem as discussed in previous sections. We cm thus compare the 

computed temperature profile with the one obtained fiom the analytic solution of the 

problem described in section 2.5. In Figure 2.12, the "."doted curve corresponds to Our 

numerical solution and the "O" doted curve corresponds to the analytic solution of the 1-D 

heat conduction problem. These two curves match well (maximum discrepancy is less than 

1.6 OC after heating pulse), therefore Our numerical solution is accurate enough to be used 

for TNDE applications. 

Later in section 3.5, we will further assess the vaIidity of Our thermal modeling in 

presence of subsurface defects. 

10' 1 I I I I I 
O 1 2 3 4 5 6 

Time (s) 

Figure 2-12 Sueuce temperature evolution of CFRP block computed using analytical and 
numerical solution methods. 

2.6 Conclusion and Contribution 

In this chapter, we first discussed the fundarnentais of heat transfer such as 

conduction, convection and radiation heat transfer in section 2.2. The heat conduction 

equations for both homogeneous and non-homogeneous materials were given. Then, in 



section 2.3, finite difference modeling cf 3-D heat conduction was bnefly overviewed and 

we gave ail the required equations for different nodes and boundary conditions. The 

stability criteria for explicit finite difference modeling was also considered. The analytical 

solution of the 1-D heat conduction problem was described in section 2.5. The analytical 

solution for pulse-heated TM)E problem is obtained using Duhamel's theorem. Finally, the 

delamination mode1 description is given in section 2.6. A numerical and analytical 

solutions of computed temperature curves for an CFRP sample was obtained. Results 

showed our numerical simulation is adequately accurate and applicable for active TM)E 

tasks. 

The rnodeling presented in this chapter which provides a numerical simulation for 

understanding and modifying experimental setup parameters in active TNDE is a precious 

tool especially for NN training with various input data as we will see in next chapters. 
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CHAPTER 3 

Massively Parallel Tmplementation of the Heat 
Transfer Problem in IR Thermography 

3.1 Introduction 

As mentioned in the last chapter, a common technique for solving boundary-values 

of heat conduction probIems applied to TNDE is the finite- difference method in which one 

starts from the initial statement of the problem in differential form and translates it to a 

finite difference statement by substituting difference relations for partial temperature 

derivatives of the time and space variables. The accuracy of a lanice function, i.e. numerical 

solutions obtained at the lattice points, depends on the parameters of the finite-difference 

Iattice (its steps) and on the thermal characteristics of the samples [II. Therefore, when 

large temperature gradients arise in a body under the effect of high thermal effects and 

when there is a contrast between the geometry and thermal properties of contacting bodies, 

it is required to use close-spaced nonuniform computational lattice necessitating great 

computational resources. Problems with such computationai constraints can be solved 



successfully using a massively parailel algorithm ran on a parallel computer such as the 

Maspar (Massively ParaIIel Cornputer) available at Universi té Laval. 

In this chapter, we first introduce SIMD (Single Instruction, Multiple Data) 

processing and the MasPar system. In section 3-4, we present implementation of direct 

problem in infrared thermography on the MasPar MP-1. Advantages of such massively 

parallel modeling are explained in section 3-5. Implementation of the direct problem on 

parailel architecture was studied dunng accomplishment of my master degree [2].  Since 

then however, 1 had to bring some modifications to simulate sarnples including with 

multiple defects and lateral interaction between defects. These kind of samples will be used 

in the next chapters to extract training and test sets for neural networks or fuzzy systems 

applied to characterize defects. 

3.2 SIMD Processing 

Several computational models have been proposed for the so-called massively 

parallel computation, in which thousands or more PEs (Processing Elements) run in 

parallel. The SIMD mode1 seems one of the most promising models, although its 

application area is restricted as compared with other models. In fact, some commercial 

SIMD machines are now available and are k i n g  used for complex applications such as in 

meteorology. 

In general, a SIMD machine consists of a huge number of PEs and a front-end 

processor which controls the execution of PEs. Each PE has its own local memory. By 

operating on data in the local memory, each PE runs concurrent s t r e m  but in synchronism 

with other PEs. PEs do not have their own instruction streams but they simply execute 

instructions supplied by the front-end. Except for this last point, each PE can be regarded 

as an ordinary uni-processor. The front-end includes a workstation that runs an 

implementation of a UNIX operating system with standard y0. 

3.3 MasPar Parallel Processor 

The MasPar MP-1 is a SIMD with at Ieast 1024 (1K) PEs, the machine available at 

Université Laval has 2048 PEs. This machine consists of two parts: the front-end UNIX 

workstation and the back-end called the data parailel unit @PU). The back-end consists of 

an array control unit (ACU) which broadcasts instructions to PEs, and of the PE array, 



where PEs are aligned in a two-dimensional array. Figure 3.1 shows a diagram of this 

system [3]. 

A prograrn on the Maspar consists of fiont-end functions and ACU functions. 

Pualle1 computation begins by invoking an ACU function fkom a front-end function. The 

mernory size in each component is relatively small. The size of data memory in the ACU is 

128 K bytes and the size of the memory in each PE is 16 K bytes. Virtual mernory is not 

supported in these memories. 

The prograrn instructions are executed serially on each processor as on a 

conventional machine, the parallel nature lies in the fact that the instructions and variables 

are broadcasted throughout the parallel array. Such variables are declared plural variables 

and are allocated on the parallel processor array. Other variables which behave in the 

conventional way are called singular variables. 

Available programing languages are based on C and FORTRAN. However their 

extensions are provided allowing to use the parallel array. Our prograrns are wntten on 

MPL which is the parallel version of C. 

Front End 

Memory n 
DPU 

System bus 

Figure 3.1 MasPar System Diagram. 



3.4 Implementation of the Direct problem on MasPar 

The first example that we will study in this chapter is a cornmon task in TNDE. It 

concerns in the inspection of a carbon fiber reinforced plastic (CFRP) block containing an 

air gap as defect. Its governing heat conduction equations are given as Eq. (2.4) and Eq. 

(2.47) through (2.54). Boundaq and initial conditions are shown in Figure 2.10. they are 

solved by the finite difference method (explicit) on a uniform lattice. 

The sarnple contains 32 layers. In order to implement the program efficiently on the 

MasPar system, each layer is divided in a 32x32 matnx of small regions, since this matches 

the hardware configuration of PEs in the MasPar MP-1. Hence, a sampIe consists of 

32x32~32 nodes. Considering equations 2.8, 2.14 and 2.15, in each iteration, future 

temperature of these nodes are computed in parallel from their present temperature and the 

temperature of their neighbors. Since the MasPar system consists of only 2048 PEs 

(32x64), the following parallelization is then chosen to program the above computational 

task: 

divide the biock in the Z (vertical) direction into two partitions, . store the layers of X-Y planes one above the other. Figure 3.2 shows both physical sche- 

matic and allocation of the plural variables on the MasPar PEs array. 



Figure 3.2 a) Physical b) computational storage scheme. 

In Figure 3.2-b, each layer represents two layers of the CFRP sample block. The 

first layer is dlocated the 1st and 17th, the second is allocated the 2nd and 18th up to the 

last layer which is allocated the 16th and 32nd layers of a sarnple. 

3.4.1 Initiakation (kx, ky, kz, Cpt p Ax, Ay and Az) 

In our program, thermal properties (kx, ky, kz, Cp and p which are respectively 

thermal conductivity in x, y, and z direction, specific heat and density) and spatial 

increments (Ax, Ay and Az in x, y, and z direction) are defined as plural variables and are 

allocated identicdly on each PE. Therefore any part of the mode1 can be initialized non- 

homogeneousty depending on the different materials the sample is made of. So, if the 



sarnple has to  use close-spaced nonuniform computational lattices, the plural variable 

option gives us the opportunity to nonuniformiy initialize Ax, Ay m d  Az in space. 

3.4.2 Restriction of Boundary Conditions to Paraiiel Algorithm 

The boundary conditions, which are defined by Eq. 2.49 through 2.54, cause 

restrictions to  our parallel algorithm. To consider these conditions we can partition the 

processor-eIement array into different subsets as illustrated in Figure 3.3. 

Figure 3.3 Partrrtrtioning of the processor-element array into d~rerent subset for taking into 
account the boundav conditions in the computational algorithm. 

In subset 1,2,3,  or  4, two PEs are active a t  same time and in subset 5,6,7, or  8 we 

have just 30 active PEs but subset 9 contains 1800 active PEs. Now we can consider how 

the boundary conditions perturb the parallelism. For surface boundary condition Eq. 2.49, 

we have first to divide the processor-element array into two parts then to apply the above 

partitioning format for both iayer O and 16 (Figure 3.2-b). This means that the execution 

does not happen at the same time for both layers although for a given layer, it happens at 

the same time. 

3.4.3 Communication 

X-Net and Global Router are two mechanisrns to transfer information between 

different PEs in the processor-element array. X-Net allows communication between any PE 



with any other PE in the array that lies in a straight Iine from the sending PE in one of 8 

possible directions marked N, NE, E, SE, S, SW, W, and NW which can be in 

communication with the central PE. Hence, those PEs not shaded in Figure 3.4 cannot 

communicate with the central PE via X-Net [3]. 

SW S SE 

Figure 3.4 X-Net communication through 8 nearest neighbors on MasPax 

Simultaneous communication between any particular PE and the members of an 

arbitrary subset of PEs is managed by the Global Router. In general, X-Net communication 

are significantly faster than Global Router communication, but Global Router 

communication does not impose restrictions on which PEs cm be addressed. The 

bandwidth of X-Net is 16 times faster that of the Global Router. 

As shown in Figure 3.2 through Figure 3.4, future temperature of each element 

depends on eastem, western, northem, southem, up and down neighbors and its present 

temperature. Communications between central element and four E, W, N, and S neighbors 



are perforrned via X-Net. Furthemore, if we define the temperature variable as a plural 

vector, both up and down neighbors will be allocated on the same PE. There is no necessity 

of communication then between PEs except for the nodes .on 16th and 17th layer (Figure 

3.2-a) which comrnunicate via Global Router to respectively obtain down or up neighbor 

temperatures. 

3.5 Delamination Model Implementation on Marspar 

Let's again consider the delamination mode1 which was discussed in section 2.5. In 

this example we replace the air gap with a ~ e f l o n ~  block, with thermal properties k, = 5, 

= k, = kW= 0.0042 w(cm)-' OC' and a = 1.59 x Z O - ~  m2s-' as a simulated defect, this is 

commonly done [4], [5]. It is also assumed that the sample surface is uniformly heated by 

2 
the input heat flux Q = 1 W/cm during time s = 2 second. The initial and boundary 

conditions are defined as well through Eq. 2.48 to 2.54. F o r  this example the CFRF' block 

dimensions are LI = 64 mm, L2 = 64 mm and L3 = 12.8 mm and the defect 

dimensions are xd = 12 mm, yd = 12 mm and zd = 0.4 mm. Taking into account these 

parameters and the stability criteria given in Eq. (2.22), t h e  simulation parameters are 

defined as follow: 



Table 3.1 Shulation Parameters of CFRP block containing a ~eflon'~ gap as defeecr. 

Parame ters Values 

ppppp ~p - -  

* common values [4], [5] 

The mode1 presented in this section, is prograrnrned in MPL (Maspar Prograrnming 

Language) and executed on the MasPar computer. This gives us the opportunity to use the 

MPPE (Maspar Prqgramming Environment). MPPE is an integrated graphical environment 

for developing and debugging programs. It helps to visualize massively paralle1 data 

instead of dealing with nurnbers. Pattern matching is easier when done visually, especiaily 

with the huge data sets involved in massively parallel programs (more detailed descriptions 

of the system are given in the Maspar System Overview and MPPE Manuals) [3]. 

Figure 3.55-a and Figure 3.5-b show the position of the artificial delamination in the 

modeled CFEW sample. As rnentioned in Table 3.1 nz equals 32 which means we have 32 

layers in the sarnple mesh. In Figure 3.5-a the square contains al1 the points in the third layer 

for which the black dots with value of 0.0042 correspond to the thermal conductivity of 

~ e f l o n ~ ~  (defect). Defect size and position are shown as well. Figure 3.5-b shows al1 the 

points with a value of 0.008 corresponding to the thermal conductivity of CFRP (sound 
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Figure 3.7 Temperature distribution images over 32 layers of rnodeled CFRP sample when 
rhe contrast is maximum o n  the surJace. Norice the subtle dzrerences that vanishes 

temperature deeper in the sample layer (8 and deeper). 



The image, which is presented in Figure 3.7. shows the temperature distribution 

over 32 layers in the modeied specimen. This image has been obtained at the time themal 

contrast is maximum on the surface of the sample. The third square (Mue) concerns the 

third layer of the sample which contains the delamination-type defect. The defect effect is 

also revealed on the other layers (above or below the real defect position) but it is seen more 

clearly at defect interface. 

In chapter 2 we compared the numerical solution with its analytical solution for an 

homogenous CFRP sample in order to check the accuracy of Our numencal solution. To 

compare the simulation results on MasPar computer with a sequentiai program, we have 

modeled a sirnilar direct problem with 'TERMO,HEAT," a commercial software which is 

available in Our laboratory. The temperature evolution and contrast on the sample surface 

for both paralle1 and sequential versions are respectively shown in Figure 3.8 and Figure 

3.9. Differences between two programs are small (less than 5 O C  at maximum) which brings 

us confidence in Our mode1 and implementation that will be used thereafter. 

3.6 Advantages of the Direct Problem Lmplementation on MasPar System 

Firstly, the cornparison with known dedicated programrning systems for high- 

accuracy computations on sequential computers shows that the MasPar system ensures 

simi1a.r accuracy of results. Moreover, it provides very high performance due to effective 

use of massive parallelism. For example, in the sequential version of the direct heat 

conduction problem applied on infrared thermography, the region temperature values are 

represented by 32x64 arrays, and thus the loop body consists of two inner loops, one for the 

y axis and the other for the x axis. In the parallel version, the matrix of regions is directly 

mapped ont0 the physical matrix of PEs. Thus the Ioop body contains no inner loops. 

Instead, each PE obtains values from its neighbors to compute the next temperature values 

for the element that the PE is responsible for. Compared with the interpreted execution of 

the sequential version, it is clear that the parallel version runs quite faster. 

Second y, the MasPar s ys tem comes with the MasPar Programrning Environment 

(MPPE) which is an interactive set of tools for debugging and optimizing Our Maspar- 

compiled program. MPPE simplifies Our development effort by providing a graphitai and 

intuitive environment for our work. It is used to: 

- step through Our program, 



- inspect parailel data values, 

- graphically display usage of the data processing elements in the DPU (Data Parallel Unit), 

- and finally allows the processing time to be reduced. 

Among disadvantages of the MasPar are the limited number of PEs available and 

also the Iirnited availability of such a machine worldwide. 

i sound area - ciefect 

A Temperature evolution 
? 8 -  ', 
V 

o. 
O 5 10 15 20 25 30 35 

Time(s) 

Figure 3.8 Erne dependence of (a) surface temperature and (b) the thermal contrast of 
CFRP rnodeled sample containing delamination defect in parallel simulation. 
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Figure 3.9 ïïme dependence of (a) sur$iace temperature and (b) the t h e m l  contrast of 
sequential version "TERMO.HEATn for a similar CFRP modeled sample containing 

delamination defect. 



3.7 Conclusion 

Modeling of delamination-type defects in CFRP and parallel implementation 

results on MasPar MP-1 were explained in this chapter. Here, the MPPE (MasPar 

Prograrning Environment) allows us to investigate what is happening in our program at 

crucial points by providing different ways to examine the variables, expressions, and 

routines. Vïsualization of defect effects in different regions of the sample at different times 

is very simple using MPPE which makes easy to modify the modeling of direct problern. 

Although we demonstrated the clear superiority of a parallel approach with respect to a 

sequentiai approach in term of execution speed, recent developments of high speed 

sequential machines bring now sufficient performance to implement the 3-D direct problem 

on them. This is why the MasPar cornputer available at Université Laval has been out of 

service since 1998. 
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CHAPTER 4 

Artficial Neural Networks 

4.1 Introduction 

The theoretical work on artificial neural networks (NN) began in 1943 with the 

classical papa of McculIoch and Pitts in which the authors introduced the brain as a 

computer, consisting of well-defined computing elements, the neurons [l]. As compared to 

silicon logic gates, neurons are five or six orders of magnitude slower. In a current silicon 

chip events happen in the nanosecond (IO-' s) range, whereas neural events happen in 

millisecond (10-~ s) range. The human cortex contains about 10 billion neurons and 60 

trillion synapse or connections [Z]. However, perceptual decisions such as face recognition 

are typically made by humans within a few hundred rnillisecond. This irnplies that the brain 

runs paralle1 prograrns of about 100 steps long to perform such perceptual tasks. 

A general NN comprises two main sets of components-neurons and interconnected 

weights, whose functionality is roughly based on biological neurons. It resembles the brain 



in two aspects. The first, knowledge, is gained by the network through a Iearning process, 

and the second, inter-neuron connection strength known as synaptic weights are used to 

store the knowledge. 

In this chapter we present a simplified description of neural networks (NN) and 

explain how these artificial neurons can be interconnected to form a variety of network 

architectures. We wi 11 also study perceptron training algorithms in feed forward ne tworks, 

so that they can Iearn to solve classification problems. Finaliy, the chapter continues with a 

detailed study of the back propagation algorithm. This generalized LMS (Least Mean 

Square) algorithm can be used to train multilayer networks. 

4.2 Artificial Neurons 

A typicai multiple-input neuron is shown in Figure 4.1. The information processing 

perforrned in this way can be summarized as follows: The individual inputs xl,  xl ,  ..., x~ are 

multiplied by corresponding weights wlPl, wle2, .... wl R. The weighted signals and neuron 

bias b are surnrned to produce an overall neuron activation signal n [3] : 

This may be represented in matrix forrn: 

n = W X + b  

where for single neuron, matrix W has just one row. The output y is then given as: 

y = f ( W X + b )  (4.3) 

where y is the output of the unit, f is a linear or nonlinear &ansfer function, X is input vector, 

W is weight matrix and b is bias or a threshold value for the artificial neuron. 



Figure 4.1 A lypical multiple-input neuron. 

The actual output y depends on the transfer function f that is chosen. Three of the 

most commonly used transfer functions are illustrated in Figure 4.2. The first function 

(Figure 4.2(a)) is a threshold function which is sometimes called step o r  hard-lirnit transfer 

function. Therefore, the output y given in Eq. 4.3 is "O" if the function argument (neuron 

activation signal) is less than " 0  or  "1" if its argument is greater than or  equal "O". Figure 

4.2(b) shows a linear transfer function. The output of such a function is equal to its input: 

The third transfer function is a sigrnoid function which is represented in Figure 4.2(c). Its 

output can be written as: 

The Eq. (4.5) implies that the sigmoid transfer function takes input n with any values be- 

tween plus and minus infinity and translates the output y into the range "O" to "1". 



Figure 4.2 The most commonly used transfer functions in U N S :  (alhard lirnit (bllinear (c) 
sigrnoid trange r jûnction. 

4.3 Network Architectures 

The architecture or connection pattern of neurons in artificial NN (ANN) specifies 

its physical layout, Based on the connection pattern, two difTerent classes of networks are 

identified [4] : 

feed-forward networks, in which architectures have no loops and, 

recurrent networks, in which architectures have at least one feedback loop. 

The feed-forward networks are made up of sets of neurons arranged in Iayers that 

have unidirectional connections between them. The outputs of feed-forward networks are 

made of only one set of values for a given input vector and is independent of the previous 

network state. They are also called memory-less or static networks. 



The recument networks consist of a single layer of neuron with each neuron feeding 

its output to the inputs of al1 other neurons. It can include self-feedback loops (feeding its 

output to its own inputs) or contains hidden neurons. Their output values depend of 

previous network state and they can modify the inputs of the neurons when a new input 

vector is presented to the network. Therefore they are called dynarnic networks [SI, [6], [7]. 

4.4 Learning 

One of the interesting properties of neural networks is their ability to l e m  from 

their environment in order to improve their performance 181. Suppose, we have a set of P 

input-output pairs, (xi, yl), (x2, yz), ..., (x,y,) which are sarnples from function fi 

Rn + Rm . In other words, the function f maps n-dimensional vectors x to m-dimensional 

vectorsy. The network has learned the function f if its response is: 

y = f (x )  for al1 x (4.6) 

and it has partially learned the function f if it responds with y' close to y given in Eq. (4.6). 

In NN, learning means any change in any synaptic parameters (weights and biases) 

when the networks are stimulated by their environment. Learning paradigms fa11 into three 

main classes: supervised, unsupervised, and hybnd. Supervised Iearning rules use pattern 

class information (output target vectors) and determine weights and biases to allow the 

network to produce answers as close as possible to the target vectors. In contrast, 

unsupervised Iearning rules use only critics on the network correction not target vectors 

themselves. Unsupervised learning networks adaptively regroup patterns into clusters or 

decision classes. In hybrid leaming, part of synaptic-values are often determined through 

supervised learning, and the others are adjusted through unsupervised learning. 

4.5 Perceptron Learning Rule 

The perceptron, LMS, and back-propagation are the most known supervised 

learning algorithms. The perceptron is a feed-forward network with one output neuron that 



separates linearly separable sets of input patterns. It is based on an error-correction mle. 

The error-correction rules use the error signai [3]: 

e = t - y  

to modify the connection weights and biases to gradually reduce this error. 

Now, let us consider a single neuron perceptron network with adjustable weights 

and bias as shown in Figure 4.3. The output of the network is given by: 

and its value is: 

if n>,O y = hardlim(n)) = 
otherwise 

Inputs Neuron 

m m  

Figure 4.3 A typical single neuron perceptron network. 

Therefore the linear equation 

defines the decision boundary (a hyperplane in the n-dimensional input space) that halves 

the space. The perceptron learning rule is provided with a set of exarnples of proper net- 



where xp is an input vector to the network and t, is the corresponding output target. 

After initiaiizing the network, the input vectors are applied to it. The network error for the 

jth iteration is defined as: 

d j )  = W )  - Y ( j )  (4.12) 

Consequently, the synaptic weights and bias will be updated according to: 

w ( j  + 1 )  = w ( j )  + a e ( j ) x ( j )  (4.13) 

Where w ( j )  is the synaptic weight vector, x(  j) is the input vector, and b( j )  is the bias at 

jth iteration, a is a constant leaniing rate, and w ( j  + 1 ) and b( j + 1 ) are respectively syn- 

aptic weight vector and bias for the (j+l)th iteration. 

Both Eq (4.13) and Eq.(4.14) are rules for updating the network connection 

parameters until al1 pattern vectors are correctly classified. The proportiondity factor 

a e ( j )  is zero or vanishingly small if the given pattern x ( j )  is correctly classified. In most 

cases, it is impossible to satisfy al1 the equations: 

This means the network corrections never stop. To ensure the convergence, learning 

rate a should decrease as iteration proceeds. However, when the network has converged it 

does not necessarily yield valid synaptic parameters thaï will classify al1 patterns correctly. 

To give an example, we consider a two-input perceptron with one neuron as shown 

in Figure 4.4. It is sufficient to solve a problem such as the NAND gate implernentation 

which is Iinearly separable into two classes. This network is provided with a set of 

examples corresponding to the NAND gate tmth table as 191: 



The input vectors c m  be divided into two classes. Three of them associated with the 

output target 1 and the last one associated to output target O. We initialize the synaptic 

weights and bias to random values. Figure 4.5 shows how this initial network (dash-dotted 

line) halves the input space. As shown the o and +'s (the two input patterns) are not 

correct1 y posi tioned- 

NAND GATE 

Inputs Neuron 

m m  

Figure 4.4 A two-input single neuron perceptron. 

Next the network is ready to be trained. The Figure 4.6 shows how the network 

gradually adjusts its synaptic weights and bias to divide the input space until al1 of the 

vectors are classified properly. Dash-dotted and dotted lines show respectively initial and 

intermediate states of the network, while the solid Iine shows the final solution. 



aNANO gate inpuitaors and initiai dassification line 
15, 1 

Figure 4.5 Input vector and initial decision boundary for a No-input single neuron 
perceptron. 

a NAND gate inpu itaors to be dassified 

Figure 4.6 Final decision boundary for a two-input single neuron perceptron, NAND gare 
implementation problem. 



The Exclusive OR function "XOR "is the best known case of a non-IinearIy 

separable logic gate, the tmth table is given by Cg]: 

XOR GATE 

Lets use a perceptron with two input cells and one output cell. This perceptron has 

also hvo weights WI and W2 which connect the inputs to the output. If the threshold b = 0. 

then association of the input values (1,O) to the output '1' implies WIv1 > O and the fact of 

associating the input values (0.1) to the output '1' implies W I, 2 > O. Next, if we enter (1.1) 

as inputs, the perceptron output's is '1' based on the equation: 

This is the opposite of how we want to train the proposed perceptron. So, it is thus 

impossible to find the correct WlVi values in this case. To solve non-linearly separable 

problems such as the "XOR problem, we need hidden neurons or layers. This is discussed 

in next section as in the case of multi-layer perceptron or back-propagation neural 

networks. 

4.6 Back-Propagation Learning Rule 

In contrast to the sequential nature of the Von Neuman machine, the back- 

propagation neural network is a processing system that can examine al1 the pixels in the 

image in parallel. M i l e  the perceptron and LMS (Least Mean Square algorithm) are single 

layer networks used to solve classification problems which can be Iinearly classified, the 

back-propagation network consists of hidden layers to enable solving complex and non- 

linear classification problems. It can adapt itself to "learn" the relationship between a set of 



example patterns and apply the same relationship to a new input pattern. It can focus on 

specific features when an arbitrary input resemble other patterns seen previously, such as 

those pixels in a noisy image that "look" like a known object or character submerged in the 

noise. Rumelhart et al. popularized the back-propagation aigorithm in 1986 121, [5]. Since, 

then, it has been used to solve efficiently different and various problems. 

Inputs First Layer Second Layer ThUd Layer 

Figure 4.7 A three-layer feed-fonuard neural network. 

To describe the back-propagation algonthm, let us consider a three-layer perceptron 

l as the one shown in Figure 4.7. Each layer has its own connection weight matrix W , its 

1 I f own bias vector b , a net input vector n , and an output vector s is the nurnber of 

neurons in each layer. Superscript 1 identifies the layer nurnber. The output vectors can be 

descri bed as [3] : 

The extemal input vector is: 



and the network output vector is: 

L 
Y = Y  

where L is the network layer's number. 

Suppose, the back-propagation algorithm is provided with a set of input/output 

vector pairs as training set: 

Now, we want to train the network. As each input vector is presented to the network, 

its actual output y is compared to corresponding target vector. The back-propagation 

algorithm (a generalization of the LMS algorithm) should adjust the synaptic parameters in 

order to minimize the mean square error [3]: 

Where z is the synaptic parameters vector and E is the expectation taken over al1 of the 

training set. 

To approximate the mean square error, we replace the expectation of squared error 

by the squared error itself at iteration k : 

From Eq. 4.22, we can drive the approximate steepest descent algorithm for multi-layer 

network in matrix form as: 



where a is the learning rate sL is the sensitivity of F to the accumulate input vector at layer 

l that c m  be given by [3]: 

w here: 

Here, f ' is the transier function of the neurons in layer 1 . 

Now, we can see in Eq. 4.26 how the sensitivities are propagated backward through 

the network. If we know the sensitivity of the last layer we can then compute other 

sensitivities with Eq. 4.26 as: 

The last layer sensitivity vector sL c m  be derived as: 

Within a more generaI frarnework, the learning procedure consists to present the 

inputs to the network and then ask it to modify its weights so that the corresponding output 

is found. After initiaiizing the network, the algorithm propagates the inputs ionvard until a 

computed output is obtained it then compares the computed output with the desired output 

to get the emor. If this error does not satisfy the error constraint it will be propagated 

backward through the network to modiQ the weights so that in the next iteration, the error 

made between the calculated and known outputs is minimized. This process is repeated 

until a negligible error is obtained. 



Multi-layer feed-forward NN have been successfully applied to pattern recognition 

and function approximation during the paît decade [2], 151, Dl. For exarnple, consider a 

sinc(x) (sin(x)/x, x x [ 4 7 t  44) function shown in Figure 4.8. Now, in order to approximate 

the sin&) function we propose a two layer feed-fonvard NN, 10 neuron with the 'tansig' 

(Figure 4.2) activation function in hidden layer and one output neuron with the 

'straightline' (Figure 4.2) activation function. First, the network is trained with inputhrget 

data pairs which are represented by bold dots on the figure. Perfùrmance, MSE, of the 

network for 100 epochs during the training procedure is depicted in Figure 4.9. The 

network performance is tested by both training data and test data. The network outputs are 

respectively defined by circle-dots and square dots on the figure. The star-dot point 

corresponds to network output at  x = O where sin(x)/x c m  not be defined mathematically. 

The next example empioyes multi-Iayers feedforward neural network to 

approximate temperature evolution function given in section 2.4. For this purpose two 

architectures are tested. It should be noted that the network output precision depends on the 

number of the neurons in the hidden layer. On the other hand, if the number of the hidden 

neurons is increased then the training procedure time will augment. Figure 4.10 shows the 

results obtained for two cases. The top figures illustrate respectively the approximated 

function and network performance for a network with 18 neuron in hidden layer and the 

bottorn figures are related to the estimated function and network performance for a network 

with 30 neuron in hidden layer. 



Figure 4.8 Estimted sin(x)/x function by a two layer feedforward neural network, IO neuron 
with 'tansig ' activation finction in hidden layer and one output neuron with 'purelin' 

activation finction. Bold dots, circle-dots, square-dots respectively correspond tu training 
data, the network output for training data and the nehvork output for test data. 

Figure 4.9 The network's MSE. mean square error; during training procedure 
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Figure 4.10 Estirnated temperature evolution finction and neiwork pe$onnance: for two 
feedforward network with 18 neuron (top figures) and 30 neuron (bottomfigures) in hidden 

layer: 

4.7 Conclusion 

In this chapter perceptron and multi-layers feedfonvard NN were studied. The given 

example shows that the perceptron networks can be applied to the simple linear 

classification problems. However it can not treat the nonlinear classification problems such 

as the thermal evolution function approximation problem applied to TNDE. For this case, 

multi-layer feedforward NNs are well suited to achieve pattern recognition and nonlinear 

function approximation problems. It is assumed that the multi-layer feedforward NN with 

enough neurons in the hidden layer can achieve any complex nonlinear function and 

classification applications. The major disadvantages of feedfonvard neural networks are 



their supervised nature and tendency to converge to local minima. Faster convergence 

should be provided by using some algorithrns such as the Levenberg-Marquardt 

optimization algorithm although these algorithms require much more memory during the 

training procedure. 
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CHAPTER 5 

Neural Networks Based Defect Detection in TNDE 

5.1 Introduction 

For several years, infrared measurement and inspection techniques have been used 

to inspect and evduate subsurface defects, thermophysical non-homogenei ties of material, 

coating thickness and hidden structures. Based on thermal wave propagation and 

attenuation analysis, each thermal non-homogeneity perturbs the propagation of the 

thermal waves and changes the temperature response on the specimen surface compared to 

the surrounding sound region. This themal perturbation is recorded by an infrared detector 

to provide information for further processing [l], [2] ,  [3]- 

In active TNDE, thermal stimulation can be done by a pulse (Pulsed Thermography, 

"PT') or sinusoidal (Modulated Thermography, ''hfï") heating source. In the PT approach, 

the sample under investigation is heated for a time period varying from ps to S. The duration 

of the heating pulse depends on thickness and thermophysical properties of the sample. 



Usually, the analysis of the transient temperature is done in the time domain. Recently, a 

frequency anaiysis of PT based on the Fourier trmsform has been employed to detect and 

characterize subsurface defects. This approach is cailed PPT (Pulsed Phase Themography) 

with advantages of both PT and MT approaches 141. 

In recent years many researchers have used neural networks to solve complex non- 

linear real world problems. Neural networks (NN) are potentially powerful, robust and 

adaptive tools for detecting and classifying targets under changing signature or 

environmental conditions. They can learn from provided training set and generalize these 

examples to sirnilar data which are not contained in the training set [SI, [6]. 

Artificial neural networks (ANN) as a TNDE defect detector and classifier have 

been proposed in the past few years 171, [8], [9], [IO], [ll], 1121. Multilayer perceptron were 

employed to detect and characterize defects using phase data extracted from the PPT 

method [7], [9]. These studies revealed that phase data has lirnited sensitivity to noise and 

requires sufficiently high sarnpling rate with respect to thermal properties of specimens to 

achieve its complete potential. A cornparison of Kohonen and perceptron NNs 

performances applied to TNDE was made in [8]. This study showed the perceptron NN 

achieves much better detection result. In [10], two multi-layer neural networks were used 

to reveal and estimate corrosion severity in aluminum. The networks inputs are temperature 

vs. time curves and their outputs show defect or non-defect alann and corresponding 

estimated depth for processed pixel. The other attempt involves the use of experimental and 

simulated data combined together to train multi-layer networks with input vectors 

containing only the maximum contrast and its occurrence time for each pixel, while the 

output indicates estimated depth and defect or non-defect a lam for each pixel [Il], 1121. 

In this chapter, we will investigate the development and use of various NN 

architectures for defect feature extraction and detection for non-homogeneous matenal 

such as CFRP in TNDE. We intend to use only simulated data during the training phase. 

This allows to train NNs with non-redundant and representative data on one hand and study 

noise effect on NN performances on the other hand. 



5.2 Thermal Data 

In chapter 2, we discussed the fundamentah of heat transfer, numericd and 

analytical solution of direct problem in TNDE, with and without subsurface delamination 

defects. Massively parallel implementation of numerical modeling on a MasPar was given 

in chapter 3. Now, in this chapter, our numerical modeling is used to produce the necessary 

synthetic thermal data containing different output signatures of defects buried in the 

sarnples. The features of the generated data is also studied. 

Let us consider a CFRP sample block with dimension of 2 mm x 9.6 mm x 9.6 mm 

(Figure 2.10). This sample contains five air delaminations of different sizes positioned at 

depths 0.2,0.6,0.7, 1.0 and 1.4 mm as shown in Figure 5.1. 

The surface temperature of sample in Figure 5.1 is computed with a heat pulse of 

half a second duration, following which the temperature is computed for five seconds. The 

temperature vs. time curves comesponding to al1 sample surface pixels (32 x 32), sound 

area, defect area and central pixels for dl five delamination-type defects dong with one 

randomly chosen pixel located in the sound area are respectively shown in Figure 5.2(a), 

(b), (c), and (dl. 



sample seen frorn top-view 

Depth profile 

Five air delamination defects 
(A, B, C, D, El 

Depth and Size as: 

A: depth 0.6 mm, size 0.9 cm x 0.9 cm 
B: depth 1.4 mm, size 0.9 cm x 0.9 cm 
C: depth 1.0 mm, size 1.5 cm x 1.5 cm 
D: depth 0.2 mm, size 0.9 cm x 0.9 cm 
E: depth 0.7 mm, size 1.5 cm x 1.5 cm 

Figure 5.1 An CFRP block sarnple, which contains five air delaminations of thickness 100 
p z ,  defects at shown depth. 



Figure 5.2 Tempe rature vs. time curves for simulated CFRP sample, (a )  al2 sampie sueace 
pixels, (b) sound area, (c) defect areas, (d) central pixels of al1 five delamination- type 
defects(red) along with one randomly chosen pixel of sound area (green) temperature 

curves. Diflerences are due to dlyerent defect deprhs. 



As seen in Figure 5.2(a) to 5.2(d), classiQing sound and defect areas in two 

different classes is not evident in most cases if we consider temperature evolution on the 

sample surface as input data to the neural network. Figure 5.2 (b) reveals that al1 pixels 

corresponding to sound area have approximately equivaient temperature evolution curves. 

Also, Figure 5.2(c) shows that it is very difficult to classiQ temperature evolution data to 

five different classes to define five different depths of inserted defects in sarnple. 

To enhance thermal data difference between sound and defect areas, we can use 

thermal contrast curve as input. There are four informative parameters which are mostly 

employed in transient TNDE [l], [13]. The first is the temperature difference over defect 

which is given by: 

The "AT-image" obtained from this equation looks like a raw IR image and depends 

Iinearly to the absorbed energy. The second contrast parameter can be defined by: 

Here, C(t) is the thermal contrast, TdefeCt(t) and TdefeCt(r = 0) are respectively temperature 

over defect area at time t and the beginning of the process t = O. Temperatures over sound 

area at time t and (t = 0) are respectively Tm,,.&) and Tm,,& = O). A third definition of 

the thermal contrast is presented as: 

where Cr is known as the mnning contrast, it is less affected by surface optical properties 

if ernissivity and absorptivity parameters are the same for both defect and sound areas. The 

input heat pulse shape and duration affects weakly the running contrast pararneter. Finally, 

the fourth contrast pararneter is named normalized contrast and is given by: 



where is the maximum temperature for defect area and PSaUJP) is the max- 

imum temperature for sound area. The normaiized contrast is independent on both absorp- 

tivity variation and heating non-uniformly but it depends on heat pulse shape and duration 

i 141. 

Figure 5.3 (a, b, c and d) shows respectively AT-image, contrast, running-contrast 

and normalized contrast curves for the sample of Figure 5.1. The curves with green dash- 

doted line are contrast curves over the randomly chosen sound pixel and contrast curves 

with red line are related to the central pixels of the defects. Cornparison of these contrast 

curves to the absolute temperature curves depicted in Figure 5.2 indicates they can be 

classified in different classes depending on their pixel thermal properties as defect or non- 

defect. After having classified pixels into defect and non-defect classes, then the pixels 

corresponding to defects can also be classified into different classes with respect to their 

depths. It should be mentioned that in this sample, the contrast curves corresponding to the 

defects located at depths 1.8 mm or deeper are approximately the same as the contrast 

curves for sound pixels. In these cases, we can not classify those pixels as a non-defect 

pixel. This means there are lirnits for maximum depth estimation which depends on our 

setup parameters (heat source power, pulse duration), defect thermal properties or defect 

size and specimen thermal parameters. For instance in this case the parallel to the fiber 

thermal conductivity is 8.75 times greater than the perpendicular thermal conductivity 

meaning only relatively close to the surface defect can be detected by TNDE (that is about 

1.8-2 mm at most in the case of CFRP specimens for which k,, is about 10 times greater than 

kl to the fiber). 



y 2- defect E 
3- defect B 

E 
O 4- defect A 

' \  5- defect D 

Figure 5.3 Temperature contrast vs. time curves for one randornly chosen sound pixel 
(green) and central pikels of f i e  air defects (red) which are located in the CFRP block ut 
depth 0.2, 0.6, 0.7, 1.0 and 1.4 mm (Figure 5.1). (a) AT-image, (b) contrast, (c) running- 

contrast and (d) nomtalized con trust. 

5.3 Defect Detector Network 

Neural networks can be considered as parallel processors. They are composed of a 

large number of highly interconnected processing elements (neurons) working together to 

solve specific problems. In this study we are only interested in multi-layer perceptron 

networks (MLP) which are supervised networks (chapter 4). The MLP network is a 

nonparameûic technique for performing a wide variety of detection and estimation tasks. 



The MLP network can be trained using the back propagation algorithm which has been 

probably the most used learning algorithms in the recent years. This algorithm is applied to 

a wide variety of real problems [IS]. 

The most important problems that must be solved when a back-propagation NN is 

used are the determination of the nurnber of neurons in each layer, the connections and their 

weights. In feedforward networks (MLP), connection weights are initialized to random 

values and then adjusted during training procedure to satisfy a specific error goal. We have 

exarnined many different feedfonvard network architecture as defect detector. This study 

indicated there is a correlation between the maximum defect depth at which the contrast 

over a defect area is different from contrast over a sound area and the optimum number of 

units in the hidden layers. 

After different tests, we settled for a 30 x 15 x I defect detector network whose 

architecture is shown in Figure 5.4. This network was trained using 130 input-output pair 

vectors extracted from the samples which contained air delamination defects in different 

depth and configurations, 105 input vectors were running-contrast curves over defects area 

and 25 were over sound area. Figure 5.5 illustrates maximal points of input curves and 

desired output which is 'O' for non-defect pixel and 'I' for defect pixel. 

The trained network was provided with nine other simulated samples containing 

five air delamination defects as the sarne shape of defects which were used dunng the 

training procedure. As shown in Figure 5.6, the deepest defect is located at depth 1.4 mm 

and the shallowest defect is located at depth 0.1 mm. The network output results for these 

test sampIes are shown in Figure 5.7 and Figure 5.8. Figure 5.7 shows that the detector 

network detected al1 the defects in nine simulated samples. The white and black pixels in 

this figure define respectively defect and sound areas. Figure 5.7 shows the error pixels 

(white pixels) which are 3.2% of the total pixels. This means the network correctly 

classified 96.8% of the total pixels. 



Flaw / No FIaw 

Figure 5.4 A three layer defect detector network architecture. 
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Figure 5.5 B e  m&al points of thermal contrast curves and corresponding desired 
outputs. 



Figure 5.6 The simulated samples depth profile which were deployed to examine defect 
detector network performance. 



Figure 5.7 Defect detector output images for nine different simulated data sets, white pixels 
represent defect areas. 

Figure 5.8 Error images for the above defect detector output results. White pixels shows 
pixels incorrectly detected as defect or non-defect pixels. 



Table 5.1 Cincinnati Electronics IRC-160 noise standard deviation 

The second experiment involved the use of additive noisy data to examine the 

proposed network performance. The task was similar to the one above but noisy data was 

generated based on white Gaussian noise with different temperature noise standard 

deviations * T ( ~ )  as input test signals. The temperature noise standard deviations at 

different temperatures for the available Cincinnati Electronics IRC- 160 infkîred camera are 

given in Table 5.1 [Io]. As seen in Table 5.1 the Cincinnati Electronics IRC-160 noise 

standard deviation decreases when the specimens temperature increases. Also, we know 

that in active themography the sample is heated for a short period of time by the heating 

source. Consequently, the sample surface temperature will be above the ambient 

temperature (about 25.0 O C )  for most of our applications. Therefore, we can suppose the 

Cincinnati Electronics IRC-160 noise standard deviation in the worse case for our 

applications is = 0.039 or smaller. Despite of this, the previous experiment data sets 

were contaminated with white Gaussian noise with noise standard deviation %(OC) = 0.054 

and also, in a second trial with cT( '~)  = 0.039. The detectot network output results for these 

additive noisy input data sets are respectively presented in Figure 5.9 (a) and (b). In this 

experiment for both cases the defect detector is able to reveal d l  defects contained in the 

sample. However the network output results are degraded by the presence of white 

Gaussian noise in the input data sets. For contaminated 



Figure 5.9 Defect detecfor output images for the simulated data sets which are contaminated 
with a white Gaussian noise (a) a = 0.054 and (6) O = 0.039. 



input data sets with noise of OT(Oc) = 0.054, the overall output results error is 11.2% and 

with the noise with o ~ C C )  = 0.039, it is 6.3%. 

In order to investigate the lateral extension of defects on the output results, the 

network was provided with the temperature contrast vectors extracted from the surface 

temperature evolution of the sample s h o w  in Figure 5.10. The defects in previous tests are 

enough distanced from each other and for each defect, al1 pixels are laid at sarne depth with 

regular defect shapes. Therefore, temperature perturbations due to the defects are 

syrnmetrical in defect areas and around them. In next test, the sample contains a T-shape air 

defect (Figure 5.10 (a)) in which the pixels depth gradually changes (Figure 5.10 @)). This 

type of defect requires a three dimensional heat transfer modeling such as Our 3-D thermal 

simulation implemented on the Maspar cornputer. 

SarnpIe seen from top-view 

Depth Profile 

Figure 5.10 A CFRP sample containing a T-shape air defect with shown depth profile. 



In this case the network correctly classified about 95% of the image pixels and the 

T-shape defect as well as show in Figure 5.1 1 (a). The network error image is shown in 

Figure 5.11 @). This confirms that the lateral defect effect is more significant in shallow 

defect areas (see arrows). 

Figure 5.11 The detector network output resuk a) White area detected as defect; b) the error 
pixels (white) which are incorrectly class$ed as defect or sou& pixels. 

5.4 Experimental Results for Detector Network 

The network classification ability is now evaluated in this section using real thermal 

data sets. In our laboratory, al1 the available CFRP samples contained ~ e f l o n ~ ~  

delamination defects. Therefore, we have to provide simulated samples containing 

~eflon- delamination defects in order to train the detector network. 

In this simulation procedure, we suppose the samples surface are submitted to a heat 

source with power of about 100 KW/rn2 for a 0.5 second period of time. Similarly to the 

previous study, each sample contains five ~ e f l o n ~ ~  defects with different size at different 

depths. One of the sample is depicted in Figure 5.12. 



Figure 5.12 One of the simulated CFRP sample containing ~ e j i o n * ~  defecrts. It is used in the 
training procedure for experirnental results: a) top-view of the sample; b) the sample depth 

profile. 

The simulated contrast data in this study shows that the contrast signal over a 

~ e f l o n ~ ~  defect with dimension 0.6 mm x 0.6 mm x 100 jm is considerably different from 

sound area if its depth is smaller than 1.1 mm such as for defects A, C, D and E. The contrast 

signal is the same as sound pixel if the defect is located deeper than 1.1 mm like defect B. 

This is due to low thermal conductivity perpendicular to the fiber as said before. The central 

pixel contrast signals for these defects are shown in Figure 5.13. The running contrast 

signals corresponding to defects A, C, D and E can be classified into different classes 

comparing to the sound area contrast signal. However the contrast signal corresponding to 

defect B will be classified to the same class as the sound area (we intentionally added 0.005 



as offset to this contrast signal just for k i n g  distinguishable fkom the sound pixel contrast 

signai (the dash-doted curve in Figure 5.13)). 

1 I I 1 1 1 
O 1 2 3 4 5 6 

time (s) 

Figure 5.13 The running contraît signal over ~ e f o n ~ ~  defects A. B. C, Dy E and sound area 
(dash-doted curve) for the sample shown in Figure 5.1 1. The defects depth are respectively 

0.9. 1.2, 0.5, 0.3, and 0.8 mm. 

Moreover for each defect in which al1 the pixels laid in the sarne layer, the number 

of representative pixels depend on the defect size. The simulated data for CFRP sample 

containing ?'eflonTM defect shows that the temperature contrast amplitude for each defect 

pixel is related to the pixel distance from the defect center due to the lateral thermal 

diffusion [17]. The maximum contrast occurs at the central pixel while the minimum 

contrast belongs to the farthest pixel frorn the defect center. For example, Figure 5.14 shows 

contrast curves of al1 12 pixeIs in defect E region. Although, the amplitude of these contrast 

signals Vary over pixels of the defect laid at fixed depth from sample surface, the time of 

the maximum amplitude is grossly the same for al1 of them. Therefore, it is sufficient to 

define four representative pixels among these 12 pixels to correctly represent defect E to 

the network during the training procedure. 



Figure 5.14 The running contrast signal curves for ail defect E pixels which shows they can 
be classïjîed in four eutegories. 

Considering the above mentioned criteria, the defect detection network was trained 

with 136 norrnalized contrast vectors chosen from both sound and defective areas. After 

training, two CFRP sarnples were used in the testing phase. The geometry of the first 

sarnple which contains various inserted rectangular ~ e f l o n ~  defects with thickness 50 p z  

at different depths is shown in Figure 5.15. Many experiments were conducted to record the 

sequential temperature profiles for different areas of this CFRP sample. In these 

experiments, first, the sampIe is heated by two flash lamps with a total power of 80 kW and 

then the surface temperature profiles are recorded for 5 seconds. Unfortunately, this 

procedure did not revealed al1 of the known buried defects. This is mainly due to the highly 

anisotropic nature of CFEW non-uniform heating, flash heating (the heating period is too 

short to penetrate deep within the specimen), noise and other errors in the expenmental 

procedure. 
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Figure 5.15 The CFRP sample layout which is used to test the experimental peflormance of 
the detector network (sample courtesy of CNR, Padova, Italy). 



Nevertheless usef'ul data was obtained from these experiments. For defect areas #1 

(depth = 0.15 mm) and #2 (depth = O 4 6  mm) the recorded infiared data was filtered both 

in time and spacial domains. Next the running contrast vector was given as input to the 

network. The maximum contrast image and detector network output results for this 

expriment are shown in Figure 5.16. In the maximum contrast image (Figure 5.16 (a)), we 

can observe only defect #2 with ambiguity on its border and also noise al1 over the image. 

It seems that most part of this noise is due to the non-homogenous thermal properties of the 

CFRP sample that can not be reduced or completely removed by conventional data 

processing methods. The detector network result for these contrast input vectors, supposing 

that the reference pixel temperature (sound pixel) is the average of the whole sarnple 

temperature is given in Figure 5.16 (b). As seen in this figure, the network is able to reveal 

both defects #l and #2. Figure 5.16 (c) shows the network output image when we choose 

another pixel in the left-up corner area as reference pixel. In this figure false alarm pixels 

are significantly reduced. From these two binary images we obtain the third binary image 

in which both defects are more clearly detected (Figure 5.16 (d)). Further erosion and 

dilatation processing could help cleaning up the resulting image, this is however not the 

goal of the present work[19]. 

The second test was done on another CFRP sarnple which contains two circular 

~ e f l o n ~ ~  defects with I O  mm diameter at depth 2 and 3 mm. In this experience the sarnple 

was also heated by the flash heating source and the surface temperature was recorded for 5 

second. The maximum contrast image is shown in Figure 5.17 (a). In this image one c m  

roughly detect one of the defects while non-uniform heating is evident d l  over the sample. 

Now if we suppose the average contrast signal, as reference contrast signal then the detector 

network output obtained is the image represented in Figure 5.17 (b). Although, false alarm 

pixels are seen al1 over the network output image, both defects are well detected. Moreover, 

in this case, if we choose another pixel as sound pixel we obtain a different result such as 

shown in Figure 5.17 (c) in which just one of the two defects is revealed but with false alarm 

pixels significantly reduced. 



Figure 5.16 The detector network output results and maximum contrast k g e s  over defects 
#I and #2. (a) maximum contrast image; (b) the network output image supposing average 
contrastas reference contrast; (c) the network output image supposing one of the upper- 

left pixels as sound pixel; (d) Zogical (AND) combination of images (6) and (c). 



Figure 5.17 The detector network output results ctnd maximum contrast images for the CFRP 
sample containing two circular TtefonTM defects with lûmm diameter at depth 2 and 3 mm. 
(a) maximum contrast image; (b) the network output image supposing average contrastas 
reference contrast; (c) the network ourput image supposing one of the upper-lefi pixels as 

sound pixel. 



5.5 Defect Depth Estimation Network 

Extraction of the subsurface defect properties such as depth, themal resistivity and 

size is called inverse problem in TNDE. Many research works have k e n  conducted to solve 

the inverse problem in TNDE in recent years. Analytical solution for some simple 

geometries cm be derived by using Green Functions but for most practical cases, such a 

solution becomes more complex or impossible [ZJ, [18]. 

As said before artificial neural networks (ANN) are modem aiternative to classical 

data analysis methods and they have been employed to solve real complex problems in 

many applications. In this section, a depth estimator network is trained on mathematical 

modeling data generated to simulate an experiment such as the specimen of Figure 5.1. The 

simulated CFRP sarnples contain air gaps with 100 p z  thickness as defects at different 

depths. The simulated data study shows that an air gap defect can produce considerable 

contrast signal on the sample surface, if we restrict ourselves to stimulated conditions 

proposed in section 5.4 (that is to detect defects up to depth 1.5mm). The estimator network 

with 20 input, 15 hidden and 15 output neurons was provided with about 140 input/output 

vectors as training set. 

The input vectors for the depth estimator network are contrast vectors as for the 

defect detector network but now the output vectors are defined as pixel depth. If the pixel 

processed belongs to the sound area the output vector value will be zero. Otherwise if it is 

a defect pixel with specific depth then the output vector value should correspond to the 

defect pixel depth (expressed in mm). 



(a) 
depth (mm) 

depth (mm) 

Figure 5.18 me original and estimted defect depth proJile for a sarnple which was used 
du ring îraining procedure: (a) original depth; (b)estirna fed depth for input data without 
noise; (c) estimated depth for contaminated input data with a Gaussian noise (O = 0.033 

and q = 0). 



The estimator network performance is also tested by both simulated and 

experimentai data The first data set is obtained from the same sample which was used 

during training procedure. The contained defects have respectively been located at depth 

1.1 0.9, 0.5, 0.8, and 0.3 mm The original and estimated depth profiles pixel by pixel are 

shown in Figure 5.18. Figure 5.180) shows the network response to input contrast data 

without additive noise while Figure 5.18(c) depicts the estimated depth profile for 

contaminated input data with a Gaussian noise (0 = 0.033 and q = O). Comparing these 

results with the original depth profiles, we find out that the network can precisely estimate 

dl defect depths. The estimated defect depths are 1.2, 0.9, 0.5, 0.8 and 0.3 mm. The additive 

noise increases the error pixels and in some case modifies the estimated depth. This c m  be 

seen in Figure S. 19. 

Figure K I 9  The original and estimated depth images for a sample which was used during 
the training procedure: (a) original depth; (b) estimated depth for input data without noise; 
(c) estimated depth for contaminated input data with a Gaussian noise (a = 0.033 and q = 

0)- 



We tested another data set which was not used in the training phase. This sample 

contained the same type of defects as the previous sample but with depths of 0.1. 0.4, 1.2, 

1.4, and 0.5 mm. The estimator network detected four out of five defects and estimated theïr 

depth appropriately (Figure 5.20 (c)). Despite of having an high amplitude contrast &ta, 

one of the defects which is located at depth 0.1 mm was not detected by the network. This 

can be due to the training data set which did not provide contrast signal for such a close to 

the surface defect. 

We atso examined the estimator network performance with a simulated data set 

extracted from the sampIe which contains a T-shape defect as shown in Figure 5.10. The 

depth is gradually changed row per row or column per column as seen in Figure 5.21 (a). 

Although, such kind of defects was not present in the training set, the network was able to 

estimate accurately the depth of the pixels. The network output is depicted in Figure 5.21 

(b). This figure shows that most of error pixels have estimated depths greater than their 

neighbor defect pixels depth. To show the estimated depth accuracy, we represented the 

depth profile by removing al1 of the error pixels in Figure 5.21 (c). This figure shows that 

the estimated depth profile is quite exact as compared with the sarnple profile in Figure 5.21 

(a). 



(a) 

depth (mm) 

Figure 5.20 The estimator neiwork response to a data set which has not been used dumg 
training phase: (a) and; (b) original and; (c) estimated depth procfile. 
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Figure 5.21 Depth profiles of a CFRP sample which contains a T-shape air defect: (a) the 
modeled sampk depth profile; (6) estimated depth profile; (c) the estimated depth pr@e 

with error pixels removed fmm the plot. 



5.6 Experimental Results for Estimator Network 

As mentioned in section 5.4 the available CFRP specirnens contain ~ e f l o n ~ ~  

delamination defects such as the one shown in Figure 5.15. Considering simulated results 

explained in section 5.4, it was said that we can detect and classify defects up to 1.1 mm 

under the sample surface. If the required accuracy is 100 p z  then the depth estimator 

should be able to classify the input vectors into 11 different classes. One of such a network 

that we propose as estimator network is built with 15 input, 15 hidden and 4 output neurons. 

This network is trained with 136 simulated contrast /depth vectors. The selected pixels are 

the same as those chosen for the detector network training set. After training, we provide 

the experirnental data such as for the sample shown in Figure 5.15 to the estimator network. 

The network is able to detect and estimate both defect presence and depth.The estimated 

depth is about 0.3 mm for one and 0.4 mm for the other defect as shown in Figure 5.22 and 

Figure 5.23. Refemng to Figure 5.15, depths should be 0.15 mm and 0.46 mm. However, 

these vdues are obtained from the construction layout of the specimen, they are not 

measured values, this possibly explain the noted differences (e-g. shifting of prepreg during 

curing) . 
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Figure 5.22 The estimator neural network ouput for a CFRP sample containing ~ e f l o n ~ ~  
defect: (a) 30 depth ,profile: (b) depth image (sample of Figure 5.14) 
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Figure 5.23 Filtered outpur of the es t imtor  neural network for a CFRP sample containing 
TiejIonTM defect: ((a) 3 0  depth profile; (b) depth thimage (sample of Figure 5.14). 



5.7 Conclusion and Contributions 

Thermal data, raw temperature and contrast data, presented here showed that raw 

temperatures for defect region and sound area which are very close prevents reliable 

classification of different regions. To enhance raw temperature difference between sound 

and defect regions we used the thermal running contrast data curves to obtain better 

classification results. Two multilayer backpropagation neural networks were employed for 

defect ktection and depth estimation of specimens under investigation in TNDE. The 

simulated data results have shown that if the networks are properly trained they can 

accurately detect and estimate defect depth even if the input data is contarninated with 

noise. Also, experimental results have demonstrated that N N  trained by mathematical 

modeling data c m  provide a reliable mean to c haractenze defect parameters in TNDE. This 

is one of the contribution of this work to TNDE. 

To maintain a high degree of classification accuracy, the networks should be trained 

by representative and non-redundant data sets. Training time for detector network, 

depending on the number of training set vectors, is about two to ten minutes using back 

propagation learning algorithm and for estimator network, it varies from ten minutes to two 

hours. 
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CHAPTER 6 

Defect Characterization in TNDE Based on Neuro- 
Fuzzy Computation Techniques 

6.1 Introduction 

Similar to neural networks, fuzzy systems estimate a function without a 

mathematical rnodel of how outputs depend on input data. This property gives opportunity 

to the system to learn frorn experience with numerical or linguistic data. This classifies 

them as model-free estimator systerns. Fuzzy systems are based on fuzzy sets which were 

first proposed in 1965 by Lotfi A. Zadeh [Il. Fuzzy sets are extended forms of conventional 

"Boolean" sets that can handle the concept of partially true values between "cornpletely 

true" and "cornpletely false," to deal with vagueness and uncertainty related to human 

linguistic and thinking principles of every day life [Il, [2] ,  [3], 141. 



In many areas such as pattern recognition, communication, control, and so on, 

system modeling is an essential aspect, but on the other hand, traditional quantitative 

modeling techniques have significant limitations to solve other problemw Neuro-Fuzzy 

computing approaches to system modeling also attracted the attention of many researchers 

in the past several years CS]. This attraction is based on two key advantages of neuro-fuzzy 

systems. First, comparing to traditional quantitative modeling techniques, these systems are 

model-free and they do not require a mathematical description of the system- On the other 

hand, neuro-fuzzy methods posses both the low-level learning and computationai power of 

neural networks and advantages of high-level human-like thinking of fuzzy systems [BI, 

~71. 

To build-up a fuzzy system, first one should provide linguistic variables in place of 

or in addition to numerical variables. Then, the system requires some IF-THEN fuzzy rules 

to characterïze simple relations between fuzzy variables. Finally, complex relationships 

should be established by fuzzy reasoning algorithms for proposed fuzzy system. In general, 

fuzzy system modeling can be classified in two basic types. The first type was pioneered by 

Mamdani and Asilian in 1975. This system was applied to the regulation of a stearn engine. 

The antecedent and consequent variables of IF-THEN rules are fuzzy in this system. This 

kind of model is also considered as a qualitative system modeling which uses human-like 

language expression Es]. The second type of fuzzy system modeling method, uses fuzzy 

inputs and rules but its outputs are non-fuzzy sets. This type of fuzzy model was initialIy 

proposed by Takagi and Sugeno [9]. It provides a powerful tool for modeling of complex 

nonlinear problems. 

6.2 Fuzzy Logic 

6.2.1 Definitions 

To understand fuzzy logic, first the concept of a fuzzy set should be studied. A fuzzy 

set is an extension of a two-valued (cnsp) set in which the boundary of each class is clearly 

defined. Let A and B be subsets of the universe X. The principle of cnsp set theory union, 

intersection, complement, equality, and inclusion, are defined as follows: 



. Union: 

A u B  = { x l x ~  A W X E  B )  

. Intersection: 

A n B  = { X ~ X E  A , X E  B) 

. Cornplement of A: 

For exarnple: suppose the universe X defines the number of people ages: 

X = {OSx l130) ,  

the subset A is the people ages under 35 years old: 

A = { x l x ~  X , x 5 3 5 )  

and subset B is the people ages above 15 years old: 

B = { x l x ~  X,x215) .  

The union, intersection and complernentary of subsets A and B can be given 

as: 

A n B  = { X ~ X E  X, 1 5 I x S 3 5 ]  

The properties for ordinary set, such as associative, distributive, double negative, 

commutative, De Morgan, and idempotent laws are well known and for more details, the 

reader is referred to Iogics or mathematics books [ 101. 



As seen in the example the cnsp set contains objects that satisfy precise properties 

required by its characteristic function. For example, consider subset A which can be defined 

by its characteristics function XA as: 

4f X E  X , x I 3 5  
otherwise 

The characteristic functions of sets A, B. and the union, intersection and complementary of 

subsets A and B c m  be shown graphically as in Figure 6.1. 

Figure 6.1 The characterisîicjùnctions for cn'sp sets A, 
complements. 

1 O0 120 140 

B, and their union, intersection and 



of mA(x) represents the grade of membership of x in A. If A and B are two fuzzy sets, the 

fuzzy set operations cm be defined as follows: 

Union: 

Au A,B(*)  = mux(m,(x), m&)) 

. intersection: 

A n B @ m A n B ( * )  = min(mA(x),  mg@)) 

Complement: 

mA(x)  = 1 - mA(x)  

Equality: 



. and IncIusion: 

Now, let us consider once again the previous exarnple where the universe X is the 

people age. The people can be divided into three groups as child, Young, and adult people 

represented respectively by fuzzy sets A, B, and C. The membership function for these 

might be given by: 



Figure 6.2 illustrates membership functions of these fuzzy sets. When comparing 

Figure 6.1 and Figure 6.2, differences between fuzzy set membership function and crisp- 

set characteristic function are clearly seen but their differences are more interesting when 

we consider the union, intersection, complement or other relations of subsets on both sets 

(fuzzy and crisp-set). For exarnple in crisp-set theory the union of each set and its 

complement is  equal to the universe while the intersection of each set with its complement 

results in an empty set. On the other hand, the union of each fuzzy set and its complement 

does not always give the universe and intersection of them is not the empty set. Figure 6.3 

shows some of these properties of fuzzy sets. In this example, we employ the sirnplest 

membership functions (trapezoidal membership functions) which are formed using straight 

lines. In fact, the membership function c m  be an arbitrary convex curve varying between O 

and 1. The fuzzy set A is convex if [4]: 

for Vx1 E X, vx2  E X, VA E [O, 11 

mA(hrl +(' -' lx2) Zmin (mA(x l ) ,  m A ( ~ 2 ) ) .  
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Figure 6.2 The membership functionî forf iuy sers A (Child), B (Young), C (Adult). 
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and C 



6.2.2 Fuzzy Reasoning Mechanism 

In fuzzy modeling, once input variables and their membership functions are 

defined, some inference rules (if-then rules) to perform fuzzy reasoning are needed. In 

general, two basic approaches are used to infer if-then rule in most applications of the fuzzy 

modeling systems. The fuzzy reasoning rnethods can be classified as the "traditional-fuzzy" 

modeling method, in which an a prion knowledge about the system is available, and the 

"classicai-fuzzy" method which is based on the use of an input-output data relationship. 

The most popular of the traditional fuzzy reasoning method was first proposed by Marndani 

and Asilian [8]. Additional to the input variables which are fuzzy sets for both reasoning 

methods, this inference method expects the output membership functions to be also fuzzy 

sets, The relations between fuzzy variables are given by composed conditional statements 

(@then rules) which use the union or  intersection operators called min-max operators. The 

general form of Mamdani fuzzy system rule using "and" operator is expressed by: 

R ~ :  If xt is xi, and x2 is xiZ, ..., and x,, is xin then y is Yi. 

Where R~ is im rule of the system, XI ,  x2, ..., and x, are input fuzzy variables, 

X ~ ~ , X ' ~ , . . . ,  xin are input fuzzy sets, y is the output variable and Y;: is the i" rule corresponding 

to the output fuzzy s e t  The mie value of the antecedent part of i" rule is derived frorn Eq. 

6.10 using Eq. 6.5 as: 

Where wi is  the single value result of antecedent part that should be applied to the 

consequent part to get the im rule output value. Eq. 6.11 measures the adaptability of i" rule 

to the input (xl, x2,...,xn) and apply that result to the consequent part, this is known as an 



implication. The implication process in fuzzy logics theory is similar to the binary logic. In 

binary logic the antecedent and consequent of an implication are either true or faIse but 

fuzzy theory permits the partial tmth in antecedent and consequent part of fuzzy 

implication such as: 

Where p and q are the antecedent and consequent part variables of the implication. 

Therefore to obtain the output of each mle we should project the adaptability result to the 

consequent to specify a fuzzy set to be assigned to the output. The conclusion of the i" rule 

is then given as: 

Where f i  is the conclusion fuzzy set of i" rule and Y is the output universe. From 

aggregation of each rule conclusion fuzzy set, we can then obtain the final conclusion fuzy 

set as: 

In Eq. 6.13 f i s  called the aggregated output of the fuzzy systern for a given input. 

Here, the "mcix" operand is chosen for aggregation process, but one can use any other 

functions depending on the application. To obtain the single output value, we need to 

defuzzify the aggregated fuzzy set. There are different methods of defuzzification such as 

min, max, rniddle and centroid calculation methods. The most popular defuzzification 

method is the centroid caiculation which is given by [4]: 



where y, is the single value output of the system. 

Euunple: Let us consider a fuzzy system with two inputs (xl, x2) and one output (y) 

variables. The membership function of the variables is shown in Figure 6.4 and we suppose 

the following niles for this system: 

R': If xl is X1 and x2 is X3 then y is Y2 

R': If xl is X2 and x2 is X3 then y is Y3 

R ~ :  If XI is X2 and x2 is X4 then y is Y2 

Figure 6.5 shows the reasoning process of each implication rules when the input x l  

and x2 are respectively 30 and 35. As seen in the figure each rule takes the minimum value 

of the prernises (the shaded part of first and second column in each row) and apply it to the 

consequence part to obtain the conclusion fuzzy set (the shaded part of third column). The 

aggregation process is done on al1 rule conclusions (third column) to give the find 

conclusion fuzzy set (the Iast row of third column). Then, defuzzification of this set by 

centroid method gives the system output as y = 4.33. Finally, Figure 6.6 shows the output 

surface (y) of the system versus its inputs (xl, x2). 



Figure 6.4 Mernbership functions for the inputs variables xl and x2 and the output variable y. 



Figure 6.5 The reasoning process for a Marndani fuzzy system with two inputs and one 
output vuriubles and four rules. Given inputs are xl = 30 and x2 = 35. The output value is 
y = 4.33, black vertical bar on the right botîom. It is calculated by the centroid methodfrom 

the aggregated results of the rules. 

Figure 6.6 The output surface of the system following the Marndani reasoning method. 



The Mamdani type of reasoning contains linguistic variables with unimodal 

membership functions. They are linguistically understandable, but when we apply this 

method to multi-variable systems requiring many fuzzy variables, we have much difficulty 

to deal with compositional inference rules. T. T'akagi and M. Sugeno suggested a 

mathematical approach to build-up a fuzzy system based on fuzzy partitioning of the input 

space [9]. In this method a linear input-output relationship is formed for each fuzzy 

subspace. The system output is given by the aggregation of the output conclusions of the 

rules. The general form of such a fuzzy mies is aven as: 

R~: If xl is xil and xz is xiz, ..., and x, is xi, then 

where R' is i" mle of the fuzzy system, xl,  XZ. .... X, are input fuzzy variables, xiI,xi2, ..., xin 

are input fuzzy sets and y' is irh nile output which is calculated by a given linear equation 

form the input values. In this equation, cin is the coefficient of nrh input variable. Then, the 

system output is given by: 

where w' defines the adaptability of the prernises of the irh rule that is expressed by: 

In this equation, n stands for the min operation. 



Example: Lets consider again the previous exarnple which explained different steps 

of Mamdani fuzzy reasoning. We want now to handle this exarnple with the Sugeno's 

reasoning method. We suppose that input variables membership functions are the sarne as 

in the previous example and the following rules are given: 

R': I f x l  is XI and xz is X3 then y = 0 . 1 ~ ~  - 0 . 2 ~ ~  - 2  

R ~ :  I€ XI is XL and x2 is X4 then y = 0- lx l  - 0.2- - 7 

R ~ :  I f x l  is X2and x2 is X3 theny = 0 . 1 ~ ~  - 0.05~~ + I I  

Figure 6.7 shows the Sugeno reasoning process for this exarnple. The input 

variables, x ,  and x2, are respectively set to 25 and 40. Each rule conclusion, the light bar, is 

related to the input variable values according to the expression given for each nile as a 

consequent part. Its adaptability, the dark bar, is defined by the min operation from 

membership degrees of given inpi;t variables. 



Figure 6.7 The reasoning process for a Sugeno fiuy systern with two inputs and one output 
variables and four rules. Given inputs are xr = 25 andxz = 40. The output value is y = 3.56, 
thin bar on the right bottom. It is calculated by the centroid method from the aggregated 

resulrs of the rules. 

The aggregated result, the biue bars, is shown on bottom of third column and the 

final conclusion, the red bar, is y = 3.56 while it was y = 4.33 for Mamdani reasoning 

method result for given xl = 30 and x2 = 35. This difference is due to membership functions 

in consequent parts of both systems. Although, the output range for each rule is defined as 

in the previous example, from -15 to 15, the final output range of the system is changed, 

from-20.8 to 24.8. The output surface of the system is shown in Figure 6.8. It Iooks similar 

to the output surface of the fuzzy system reasoning with Mamdani method in the previous 

exarnple. 



Figure 6.8 Tlze output sur$ace of the systern with Sugeno reasoning method 

One of the advantages of the Sugeno reasoning method is that we can reduce the 

number of implications [9]. To illustrate this, we suppose the above discussed fuzzy system 

has oniy two implication rules as: 

R': If x i  is X2 theny = 0 . I q  - 0.059 + 8. 

The linear equation in the consequent part of each rule takes into consideration the 

input variables xl and x2 to find the position of the conclusion although its weight is 

obtained only by considering variable xi as shown in Figure 6.9. Figure 6.10 shows the 



behavior of this system. It is obvious that the output of the Sugeno fuzzy system with four 

implication rules is much flexible but this system output results is still acceptable. 

Figure 6.9 The reasonirzg process for a Sugenofizzy system with two inputs and one output 
variables and two rules. Given inpurs are x = 25 and x = 40. The output value y = 1.25, as 

shown by the red thin bar on the nght botrom. 



Figure 6.10 The ouput surface of the Sugeno f izzy system with two implication rules. 

6.3 New-Fuzzy Defect Depth Estimation 

The conventional fuzzy system modeling uses a single model to describe the global 

behavior of a system. This kind of fuzzy system modeling needs a large number of rules to 

represent the behavior of a sophisticated system. The Takagi-Sugeno-Kang (TSK) system 

modeling method divides the input space to subspaces and gives a simple model for each 

input subspace which are called submodel of the system [9], [Il]- Combining these 

submodels then describes the global behavior of the system. On the other hand, since the 

consequent part of implications are explicitly expressed by the input variables, some 

learning algorithms c m  be employed to identify systern parameters [12]. Several 

approaches have been proposed to generate fuzzy if-then rules, from training data, based on 

TSK fuzzy model. One such an approach is called the Adaptive-Network-Based Fuzzy 

Inference System (ANFIS). ANFIS is a class of adaptive multi-layer feed-forward network 



that is functionally equivalent to a fuzzy inference system. Each neuron in ANFIS applies 

a particular function on incorning signais as well as a set of pararneters relating to the 

neuron. To identiQ the adaptive network parameters, this fuzzy inference method employes 

a hybrid learning algorithm which combines the gradient method and least squares estimate 

&SE). Not only can this hybrid learning algorithm guarantees to find global minima but it 

also cut down the convergence time of the network due to decreasing dimensions of 

research space in the gradient method [13]. 

ANFIS, which has the advantages of both the low-level learning and computational 

power of neural networks and the high-level of human-like thinking of fuzzy inference 

systems, can be appLied to complex nonlinear problems such as defect depth estimation in 

TNDE. This section is dedicated to defect depth estimator using A N F I S .  As discussed 

earlier the number of rules will exponentially augment while increasing the number of input 

variables to the system. For example, if we consider thermal contrast vectors, 16 sampled 

points for each vector as inputs to the system and suppose two labels for each sampled 

point, then the ANFIS requires 216 initial rules! This complicates the reasoning process and 

is beyond fuzzy system modeling goals. Therefore, the system should be provided with less 

characteristics data points. Tt is reported that under some circumstances the defect depth c m  

mathematically be expressed as a function of the maximum contrast and its occurrence 

time. Such a relation for graphite epoxy specimens is given by [14]: 

Zdef 

Where Zw is defect depth, tcm is time of the maximum contrast and C,, is 

maximum contrast on the specimen surface. 

Here, we will provide four additional informative pararneters such as tirne of half- 

nse contrast flac,, time of half- decay t+lncmar and their related contrast for the ANFIS 

depth estimator. These parameters are shown in Figure 6.1 1 for a simulated ~ e f l o n ~  defect 

at depth 0.7 mm, the difference between half-rise and half-decay contrasts is due to the 

sarnpling time. Now, we will propose two ANFIS depth estirnators, one for the CFRP 

samples containing ~ e f l o n ~  defects and the other for sarnples with air defects. First, the 



ANFIS depth estimators are provided with training vectors as shown in Figure 6.12. Each 

training vector has seven variables which are tc,, fmc- their related 

contrast as inputs. and depth corresponding to the chosen pixel as the output of the 

estimator. 

If we assign two membership functions to each input variables, then the ANFIS 

systems have 64 rules. The initial rnembership function for each input variable is two 

equally spaced bell-shape funchons with enough overlap within the range as shown in 

Figure 6.13. The training process takes about 2 minutes on a Sun workstation (ULTRA 30). 

This is shorter than the training process time of the depth estimator using neural network 

of the previous chapter. The final membership functions of input variables and system error 

for ~ e f l o n ~ ~  defect depth estimator ANFIS are respectively shown in Figure 6.14 and 

Figure 6.15. As seen in Figure 6.14, the shape of the membership functions changed during 

the training process to rninimize the output error of the estimator. 

Figure 6.11 Nomlized contrast curve on the surface of a CFRP sample over a ~ej lon'~ 
subsurface defect at 0.7 mm depth. The circle, star and square points are respectively half- 

rise, halj-decay and maximum contras?. Their occurrence time serves to defne an input 
vector for the ANFIS depth estirnator: The diflerence between hulf-rise and ha&- decay 

contrast amplitudes is due to their sampling time. 
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Figure 6.12 Training set for ANFIS depth estimator. The vectors extracted from simulated 
data of CFRP samples containing TiefonTM defects at various depths. (a) ha Frise contrast 

(b) maximum contrast (c) half-decay contrast (d) half-rise contrast time (e) maximum 
contrast tirne half-decay contrast tirne (g)  depth. 



0.1 0.2 0.3 0.4 0.5 
Cmax 

Figure 613 Initial membership fùnctions of input variables for ANFIS depth estimatoc ha&- 
n'se contrast (- h Cmax), maximum contrast (Cmax), haij-decay contrast (+ h Cmax), half- 
n'se contrast time (-tCmad2), maximum contrast tim, (tCmax), half-decay contrast tirne 

(+tCmax). 
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Figure 6.14 Final rnembership funetions of input variables for buried ~ e j l o n ~ ~  in CFRP 
samples ANFIS depth estimator: ha&-rise contrast (-hCmax), maximum contrast (Cmax), 
half-decay con trust (+ h Cmax), half-rise contrast time (-t C m d ) ,  maximum contrast time 

(tCmax), ha&-deeay contrast time (+tCmax). 



Figure 6.15 RMSE (roof mean squared error) curve for buried ~ e * ~ ~  in CFRP samples 
ANFIS depth estimator: 

To examine the subsurface air defect, with the ANFIS depth estimator, we take the 

input data extracted from the CFRP sample containing a T-shape air defect as shown in 

Figure 5.10. The estimated depth profile without any post processing is shown in Figure 

6.16 (b). This figure shows that the ANFIS depth estimator is able to estimate simulated 

defect depths as well as the neural network depth estimator proposed in chapter 5. If the 

detected error pixels are removed, the estimated depth for defect pixels becomes as 

illustrated in Figure 6.16 (c). Comparing this figure with originai depth profile shown in 

Figure 6.16 (a) confirms precision and reliability of the ANFIS depth estimators. The 

estimated depth profile error is depicted in Figure 6.16 (d) and the estirnated depth profile 

error in which the error pixels have been removed is shown in Figure 6.16 (e). The average 

relative error over defect area is 8.66%. The 3-dimensional estimated depth profile is shown 

in Figure 6.17. 





Figure 6. I 7 3-0 estimated depth profile of the subsurface air defect ANFIS depth estimator 
for T-shupe air defect buried in CFRP sample. 

As mentioned in chapter 5, the available simulated data for the CFRP samples 

containing TeflonTM defect are only valid for defects greater than 1 mm depth. On the other 

hand the Maspar is now unfortunately out of operation in our laboratory, so that we could 

not rnodify the set-up parameters to have new reliable data for the training process. This 

means we have access to lirnited data to work with CFRP samples containing ~ e f l o n ~ ~  

defects for the experimental part of Our project- Nevertheiess we used the available data for 

training the ~ e f l o n ~ ~ d e f e c t  ANF'IS depth estimatoL 

After training the ~ e f f o n ~ ~  defect ANFIS depth estimator, we provided the input 

data extracted from the real IR images presented in section 5.5 for a CFRP sample with 

rectangular Teflonm defects (Figure 5.15). The ANFIS depth estimator output is shown in 

Figure 6.18. Although, the ANFIS depth estimator reveals both defect and estimated their 

depth, there is still a lot of noise that prohibits visualization of the estimated depth profile 

over defects. Therefore, the output is filtered using a median mask and depth profile is 

represented in Figure 6.19. This figure shows that the estirnator classify some other than 

defect region pixels as defect. This is due to both non-unifonn heating of the sarnple surface 



and non-homogeneity of thermal properties in this CFRP sample. Nevertheless, the 

estimated depth over defect region somehow agrees with the result of estimated depth by 

the neural network depth estimator. Moreover, it seems that the defects are revealed more 

clearly by ANFIS depth estimator as compared to neural network depth estimator results in 

Figure 5.22 and Figure 5.23. 

depth (mm) 

Figure 6.18 Estimated depth image of ~ & n ~ ~  defect by ANFIS depth esrimator for sample 
shown in Figure 5.15 (to be compared with Figure 5.16 (d), p. 97 and Figure 5.22, p. 106. 



Figure 6.19 ~ e f l o n ~ ~  defect ANFIS estimated depth image which has been filiered by a 
median _filter: Two defect at depth between 0.25 mm and 0.35 are clearly seen. 

6.4 Conclusion and Contributions 

We have discussed the concept of fuzzy sets and demonstrated their advantages for 

data interpretation and classification as compared with crisp set theory. Two fuzzy system 

modeling approaches, Marndani and TSK fuzzy models, were reviewed. TSK mode1 

permits to divide complex problem to simple submodels where in each submodel a linear 

relation can simply be established between its premiss and consequence parts. We also 

described how an adaptive-network based fuzzy inference system (ANFIS) can employ an 

hybrid learning algonthm to define if-then rules for a complex system expressed with a 

training set. Finally we proposed a neuro-fuzzy depth estimator based on ANFIS system 

modeling. The proposed defect depth estimator was tested on simulated and real 

expenmental data. The resutts showed this new approach brings both accuracy and short 

training time for quantitative thermal testing method. This is another contribution of this 

thesis to the TNDE field [15]. 
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CHAPTER 7 

Conclusion 

In this study, we successfuIly applied neural network and neuro-fuzzy computing 

techniques to solve inverse problems of defect detection and depth estimation in TNDE. 

Over the last few years many approaches were introduced in quantitative infrared 

thermography and most of them can deal only with specific cases to characterize subsurface 

defects. The  presented results show that neural network and neuro-fuzzy computing 

methods provide an effective tool for reliable inspection in complex TNDE tasks. 

To achieve the proposed method objectives, we first reviewed the 3-D heat 

conduction problem applied to infrared thermography. The numerical solution of this 

problem was developed and its result compared with analytical solution for a simple 

homogeneous specimen case. Our numerical soIution is able to mode1 any nonsyrnrnetncal 

and non-homogeneous sample containing simultaneously many defects in randornly 



chosen positions. This numerical modeling was implemented on a parailel architecture 

such as the MasPar computer. Comparisons made with the analytical solution and with a 

commercially available software (Thermo-Heat) con- that our numerical modeling 

precision is adequate to simulate TNDE tasks. 

Two neural networks were next proposed as defect detector and defect depth 

estimator. These were trained by back-propagation learning algorithm using simulated 

thermal contrast as input signais. To converge efficiently the proposed neural networks, we 

used Levenberg-Marquardt learning rule. Although, this learning rule is fast and converges 

upon a stationary point which may be global minima, it needs a high capacity memory and 

long training time. Both detector and estimator networks were tested with simulated and 

real experimental data. 

The detector network was able to reveal al1 defects in rnost of the modeled cases and 

in two experimentd sarnples. The deepest defect was located 3 mm under the sample 

surface even if the training set included defects with only depths up to 1.1 mm (CFEW 

sarnples with ~ e f l o n ~ ~  defects). It was also shown that the detector network is robust to 

noise: correct detection rate dropped from 96.4% for simulated data to 88.8% for simulated 

data contaminated with white noise (p = O and o = 0.054 ). Another experiment showed that 

the detector network is sensitive to defect thermal properties. For instance the network was 

trained with data extracted from samples including air delamination defects and was then 

presented data extracted from samples containing ~ e f l o n ~ ~  defects. In such a case the 

detector network revealed nothing defective. This could be used with profit in some 

applications. 

The depth estimator results showed that if the network is provided with appropriate 

and representative training data then supervised neural network can estimate defect depth 

with required precision (depending on modeling geometrical parameters). The experiments 

on a simuIated sampte including T-shape air defect dernonstrated that the estimator network 

is able to evaluate the defect pixels depth with 12% of average relative estimation error. The 

estimator network could not measure both circular defect at depth 2 and 3 mm in the case 

of the expenmental sample represented in Figure 5.16 due to their depth but nevertheless i t 



was able to evaluate defect depth for the sarnple shown in Figure 5.15. This was due to 

limited availability of the training set for the estimator network for the sarnples contained 

~ e f l o n ~ ~  defects. 

As mentioned previously, the backpropagation learning algonthrn suffers from 

convergence to local minima unless we use rules such as Levenberg-Marquardt learning 

rule to guarantee the network to converge to global minima, (this requires more cornputer 

memory and training time). To benefit from low-level learning and computational power of 

neural networks and advantages of high-level human-like thinking of fuzzy systems, we 

next proposed a depth estimator based on neuro-fuzzy modeling systems. The neuro-fuzzy 

system used in this work is called Adaptive-Network-based Fuzzy Inference System 

(ANFIS). It employs the Takagi-Sugeno-Kang (T.SK) inference method to establish output 

results. ANFIS uses an hybrid learning rule in which the gradient method and the l e s t  

squares estimate (LSE) are combined to identify the system parameters. This hybrid 

learning rule can decrease the dimension of the search space, cut down substantially the 

convergence time and guarantee to find the global minimum point. 

The proposed neuro-fuzzy depth estimator was also tested on both simulated and 

experimental data. This new quantitative TNDE method provides better results as 

compared to the neural network based depth estimator. The average relative estimation 

error was measured as 8.7% over a T-shape air defect with neuro-fuzzy depth estimator 

while it was measured as 12% for the same sample with neural network based depth 

estimator. Experimental tests were carried out with both depth estimators as illustrated in 

Figure 5.22 and Figure 6.19. Comparing these figures, we conclude that the defects outline 

are better detemiined with neuro-fuzzy depth estimator with a depth value of about 0.3 mm 

for both cases. It should be noted that the neural network based depth estimator was trained 

with the full thermal contrast curve as input which contains 16 sampling points while we 

trained the neuro-fuzzy depth estimator with only maximum, half-maximum contrast 

points and their occurrence time as input vector. If we apply maximum, half-maximum 

contrast points and their occurrence time as input vector to the neural network based depth 

estimator, its results would be worse and in many cases it would not be possible to detect 



subsurface defects. However, neuro-fuzzy depth estimator is too sensitive to noise as 

compared to neural network depth estimator. 

7.2 Contributions 

The main accomplished contributions of this research are: 

3-D heat conduction numencal modeling applied to asymrnetrical and 

non homogenous samples in TNDE and its implementation on a parallel 

architecture [ 11. 

Analytical solution of the heat conduction problem applied to pulsed 

thermography [l]. 

Neural network based defect detector and depth estimator applied to non 

homogenous samples such as Carbon Fiber Reinforced Plastic (CFRP) in 

TNDE, modeling, noise study and experimental tests. [2], [3] 

Neuro-fuzzy based defect depth estimator applied to non homogenous 

samples such as CFRP in TNDE, modeling and expenmental test [4]. 

7.3 Future work 

The 3-D heat conduction modeling applied to pulsed thermography was developed 

on the MasPar parallel architecture now out of order. Therefore, the program should be 

adapted to sequentiai computer or to another existing parallel architecture. The program 

should also be modified to simuiate sarnples containing mixed defects (defect with different 

thermal properties). This would provide extensive data set to train neural networks or fuzzy 

systems allowing to better design neural networks or fuzzy system as defect classifiers. 

The training procedure of multilayer perceptron neural networks using back 

propagation algorithm is slow and uncertain. This causes on-line quantitative procedure to 

be an obstacle in on-line TNDE. To overcome this problem some modified algorithms such 

as NN-MLP (nearest-neighbor-based multilayer perceptron) could be employed instead In 

this research work, the training sets were extracted by human intervention From simulated 



data in relatively simple cases. Thus an automated method should be used to extract training 

data sets for more complex cases using for instance dedicated algorithms. 

Finally it would be interesting to make use of PPT (Pulsed Phase Thermography) 

data or entire contrast curve data as input to the m z y  depth estimator. This can be another 

open research work in quantitative TNDE. 
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APPENDM 

The Anaiytical Solution of the Heat Conduction Problem 
Piogramming Code 

The Analytical Solution to the Heat Conduction Roblem expressed by Eqs. (A. 1) and (A.2) 

has been written on Matlab software as follow: 

OJO*********************************************************************  
% 
% Analytical SoIution of Transient Heat Conduction % 
% Problem Applied to TMIE % 
% % 
% Author : Akbar Darabi % 



% Date: March 12th 1998 % 
% % 
yo********************************************************************* 
% 
func tion [Temperature, 
Time]=analytic~so1ution(alpha,Q,Hc~,kz,1,n,z,Tp~1~e,deltat,tho 1,tmax) 

%Initialization Parameters 
% For Example: alpha=0.42*(10A(-6)); Q=100000; Hc=20; kO-Oû2;kz=0.8; 1=0.001; 
n=100; z 4 ;  Tpulsd.5;  deItat=0.06; thol=O.S;tmax=5.5; 

% Initialization 

% Surface Temperature Computation 

for kk= 1 :length(Time) 

for mm= 1 :n 
aa= l/(mmA2); 
bb=I -exp(-(rnmA2)*(piA2)*(alpha*Time~))/(LA2)); 

temp l=ternpl+aa*(bb); 
end 

eIse 

for mm= 1 :n 
aa= l/(mrnA2); 
bb=exp(-(mmA2) *@iA2) "(alp ha*Time(kk))/(LA2)); 
cc=exp(-(rnmA2)*(piA2)*(alpha*(Time(kk)-tho1))/(LA2)); 

temp l=templ+aa*(cc-bb); 
end 

end 



temp=((Q-Hc*temp)*Ukz)*(Foh+(2/(piA2))*temp 1); 
Temperature(kk)=temp; 

end 

% Displaying 

figure 
plot(Time,Temperature,' O-k' ) 
hold on 

rdabel 'Time (s)' 
ylabel 'Temperature \circC9 
legend('Ana1ytic Solution') 




