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The advantageous properties of composites such as resistance to corrosion and strength to 

weight ratio make them attractive replacements in many industrial applications. This surge 

in composite use has prompted methods to accurately inspect a composite that differ from 

inspecting their conventional metallic counterparts. This is due to the differences between 

composites and metals where composites are more heterogenous because of their 

anisotropic properties and fabrication methods. This thesis summarizes the work done at 

conducted to overcome this challenge by analyzing how thermography, a heat based 

inspection method, may be used to accurately characterize beneath the surface defects. The 

work includes carrying out thermography experiments on composite flat plates with 

controlled damages in the form of drilled holes. These thermography experiments were 

successfully modelled using computational transient heat transfer simulations. The 

computational models are then extended to create hypothetical composite component 

geometries of plates and pipes with embedded defects of varying sizes and shapes. The 

data from the computational simulations are fed to artificial neural networks to train them 

to predict and characterize defect sizes and shapes. The predictions from the neural 

networks are compared to the actual dimensions from the computational models. These 

predictions show a high level of accuracy especially when quantifying thermal image 

information and its’ use to train the neural network. This accuracy is around 10% and 19% 

for predicting defect depth in plates and pipes, respectively. This suggests that the 

methodology used in this study combining lock-in thermography experiments, 

computational simulations, and ANNs is a viable method for detecting embedded defects 

within composite pipes.  
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االنابيب المصنوعة من االلياف المعززة بالبوليمرات باستخدام  اضرار تحت سطحتصنيف كشف و :عنوان الرسالة
  تصوير حرارية وشبكات ذكية  لتجاربالحسابات الرقمية 

 الهندسة الميكانيكية التخصص:
 

 2019فبراير :تاريخ الدرجة العلمية
 

 

يساهمون في استبدال الحديد بالياف معززة وقوتها بالنسبة للوزن مثل مقوامتها للتآكل ئص االلياف المعززة بالبوليميرات خصا

هذا التبديل حاجة البتكار طرق جديدة لفحص االنابيب لقد اولد . وخاصة في مجال االنابيب بالبوليميرات في تطبيقات صناعية عدة

يجب ان ياخذ المصنوعة من االلياف المعززة بالبوليميرات تختلف عن الطرق التقليدية لفحص االنابيب المصنوعة من الحديد. 

يكل الذري. هذه الدراسة جذرية بين االلياف المعززة بالبوليميرات والحديد التي توجد على مستوى الهبعين االعتبار الفروقات ال

لبترول والمعادن في البحث في مجال فحص االنابيب المصنوعة من االلياف المعززة ملك فهد لجزء من غرض جامعة 

بالبوليميرات باستخدام التصوير الحراري. هذه دراسة تبدا بحسابات رقمية غرضها تمثل ما حصل في تجارب سابقة اكتملت. ثم 

تحت السطح. نتائج هذه الحسابات االفتراضية اللياف معززة بالبوليميرات يوجد فيها عيوب داخلية  حسابات رقمية افتراضية

استخدمت في تمرين شبكات ذكية في تخمين حجم العيوب داخل االشكال ومن ثمة قورنت مع الحجم الحقيقي للعيوب. تقارب 

يميرات بالتصوير الحراري قد تكون طريقة ناجحة اذا عرفتخمينات الشبكات الذكية يدل على ان فحص االلياف المعززة بالبول  

كيف تقرا النتائج.    
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Chapter 1: Introduction 

1.1 Composites 

Composites are becoming more available due to technological advances in both materials 

and manufacturing process. A composite may be defined as the combination of two or more 

materials that results in better material properties than those of individual components [1]. 

Composites are anisotropic where material properties vary with direction, while metals are 

isotropic where material properties are the same in all directions. The manufacturing 

process of a composite may be varied to meet a highly specified purpose which presents 

composites as an attractive replacement for metals in many applications such as in the oil 

and gas industry. 

1.2 Composites in the Oil and Gas Industry 

There are two main areas within the oil and gas industry where composites are becoming 

more favorable to use than metals in terms of design: pipelines and risers. In these two 

areas, the main advantages composites have over metals are high strength to weight ratio, 

durability, and resistance to corrosion. However, composites are still not able to replace 

stainless steels used in piping as composite materials do not meet stringent fire safety 

requirements and cannot handle the extremely high pressures metals can withstand. 

1.3 Piping, Pipeline, and Risers 

Three important classifications for pipes in the oil and gas industry are set based on the 

purpose the pipes or group of pipes serves and they are piping, pipeline, and risers. Piping 

refers to the complex network of pipes, fittings, valves, etc. within the defined boundaries 

of a plant whose purpose may be to refine a crude oil or treat a gas, pipeline refers to the 

series of pipes that are joined together in order to transport any kind of energy product, and 

risers refer to offshore pipes that connect subsea oil wells to the surface drilling facility 

above. Piping and pipelines are governed by different industry specifications, where piping 

is designed in accordance with ASME B31.3 and ASME B31.1 codes while pipelines are 

designed in accordance ASME B31.4 and ASME B31.8 codes [2]. A nonmetallic or 

composite pipe must meet all design requirements specified within these standards before 

replacing conventional material. 
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Composites still lack ability to withstand the high temperatures and pressures that metals 

can handle, and composites have a higher risk of fire hazards which subjects operators and 

other personnel working in a facility to deadly situations. For these reasons, codes of the 

American Society of Mechanical Engineers (ASME) and the National Fire Protection 

Agency (NFPA) obligate the usage of carbon steel in all main oil and gas processes [3]. 

On the other hand, the replacing metals with composites is more feasible for transport 

pipelines based on the purpose served by that pipeline. These main purposes are to bring 

crude oil or natural gas from a well site to a treatment plant or any type of processing 

facility, transport the outcome products of such facilities to cities and countries, and 

distribute product within cities or regions to end users [3]. The most significant 

disadvantages of steel pipelines with respect to composites is corrosion and strength to 

weight ratio as steel pipelines are more susceptible to corrosion and offer much less strength 

per weight than composites. There are on average 8000 corrosion leaks per year in natural 

gas pipelines and 1600 spills for liquid product pipelines [4]. Four main methods adapted 

by the oil and gas industry to repair and prevent corrosion in steel pipes are protective 

coatings and linings, cathodic protection, materials selection, and inhibitors [3]. A 

composite pipe negates the need to apply such measures as corrosion is avoided in the first 

place. Composites have a much higher strength to weight ratio than their steel counterparts 

where a composite of the same weight as steel or aluminum is 2 to 5 times more rigid [5]. 

This lower weight to strength ratio makes composite pipes easier to handle and thus more 

cost effective to replace, transport, and install [3]. 

Composites are also an attractive replacement for metals in offshore riser applications. 

Pipes operating in the ocean are subjected to an extremely corrosive environment because 

the ocean is the Earth’s largest naturally occurring corrosive environment and a host of 

aggressive chemicals, solvents, and other fluids are required for offshore rig operation. 

Replacing existing steel risers with composite pipes is unlikely to reduce costs for existing 

designs, but a real advantage exists for using composites as risers particularly in challenging 

locations and environments [6]. Composite risers become more than just advantageous, but 

a necessity for offshore exploration at greater distances. For example, ExxonMobil (Irving, 

TX, US) and British Petroleum (BP, London, UK) spent US$5 billion to build a large 

platform to create enough displacement to counter-balance the load created by a steel 
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catenary riser (SCR) system [6]. Alternatively, a composite system is much lighter and 

therefore easier to bring to location, install, and maintain. 

1.4 Composite Damage Mechanisms and Defects 

There are challenges to the use of composites over metals as there is with any advancements 

in technologies. The main disadvantage of composites is their proneness to several failure 

mechanisms such as fiber breaking, fiber de-bonding, delamination, and thinning. These 

failure modes may further interact with one another and develop to significantly lower 

structural properties of the composite which may result in an internal flaw that has a high 

probability of remaining undetected [7]. It is thus imperative to be able to detect and 

characterize any defect within a composite in service with high levels of confidence in order 

to make an accurate decision regarding continuing service, repair, or replace. There are a 

number of available non-destructive methods for inspecting composite pipes, but Infrared 

Thermography sets itself apart because it is a fast non-contact method that may be 

performed in the field. Further, infrared cameras are continually decreasing in cost and 

increasing in performance.  

1.5 Infrared Thermography 

Infrared thermography is a viable non-destructive method for capturing and detecting 

defects by heating the suspected defect region and measuring thermal response using an 

infrared camera. This thermal response is directly related to heat flow around a defect and 

modeling this heat flow is key to assessing damage using thermography results. However, 

in the case of composites this heat flow is not readily modeled using direct analytical 

solutions to heat equations as assumptions such as one-dimensional heat flow and 

uniformity in properties in all directions are no longer valid. Further, confounding the issue 

is that thermal properties of a composite may change from their assumed values due to 

defects [8]. Instead of solving heat flow through a composite analytically, scientists have 

meticulously designed thermography experiments to analyze the relationship between a 

known damage within the composite to experimental results, while others simulated 

existing experimental results from the literature using computational and mathematical 

methods. This in parallel experiment and simulation approach promises to allow inspectors 

to accurately assess damaged composites in the field, but there are still some advancements 

to be made such as simulating experimental results consistently and with small deviations. 
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Chapter 2: Literature Review 

Composites are becoming the material of choice to replace conventional materials in many 

industries due to the attractive advantages they have over their metallic counterparts such 

as greater strength to weight ratio, better chemical and corrosion resistance, and ease of 

transport and assembly. This is especially true for pipes operating in corrosive environments 

such as oil and gas applications as well as desalination plants. These two applications have 

an important place in the Kingdom of Saudi Arabia due to the Kingdom being one of the 

world’s leading producers of oil and due to the lack of fresh water reservoirs in the region 

[9]. Composites are not able to replace metallic pipes in process piping applications because 

of the high pressures and temperatures these pipes are subjected to but are favorable 

replacements in other applications such as product transport and offshore riser applications. 

Desalination applications are highly corrosive and low pressure making composites ideal 

material for the piping. Desalination plants turn sea water into useful drinking water by a 

reverse osmosis process that forces the sea water through a semipermeable membrane. On 

one side of the membrane contains drinking water while the other contains an effluent with 

a high concentration of brine [10]. In fact, a desalination plant in Carlsbad California 

contains more than one mile of glass fiber reinforced polymer (GFRP) piping, shown in  

Figure 1. 

 
Figure 1: Carlsbad Desalination Plant containing more than one mile of GFRP piping 

[10] 
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Although composites have many beneficial properties, there are some disadvantages to 

consider when they are compared to traditional materials. For example, they are higher in 

cost and more prone to various types of damages. For instance, structural failures of 

pipelines may be caused by burst, impact, rapture, overload, buckling, and fatigue [9]. In 

the case of pipelines transporting oil and gas, such structural failures prompt downgrading 

pressure or ceasing production and result in human and environmental risk as well as 

substantial economic losses. [9]. Thus, it is critical to be able to identify and characterize a 

damage within a composite using fast, effective, and non-invasive techniques. 

Thermography inspection which heats a specimen and makes temperature measurements to 

detect defects presents itself as a suitable option. Thermography is receiving a lot of 

attention from the scientific community where it is being researched to see if it can predict 

and characterize defects within composites accurately. This research is in the form of setting 

up thermography experiments and creating models (mathematical and computational) to 

simulate thermography experiments. The aim of this research is to correlate thermography 

results to the known defect damage within the composite so that measurements made in the 

field can be used to estimate unknown damages with confidence. 

Oil and gas companies have replaced metallic pipes with composites for certain types of 

piping with great success. Composite piping requires a robust inspection procedure in order 

to use this material to avoid costly shut downs and risky safety hazards. This has prompted 

companies to use ISO-14692-4 [11] which governs fabrication, installation, and operation 

of glass reinforced plastics (GRP) piping in the petroleum and natural gas industries. For 

example, Saudi Aramco uses the methods specified in this standard along with those 

specified in its own standard to govern inspection requirements in-service Reinforced 

Thermosetting Resin (RTR) piping and pipelines. 

2.1 Thermography Experiments 

Infrared thermography is a type of non-destructive testing in which damage development 

of composites may be detected by measuring locally generated infrared radiation [12]. 

Thermography experiments are classified by three main criteria which are source of heat 

applied, duration of heat source, and mode of measurement. Active thermography describes 

situations where an external heat source is applied to the specimen, while passive 

thermography describes situations where no external heating is applied. Pulsed 
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thermography is the term used to describe experiments when heat source is a short pulse 

and lasts for a period of time ranging from milliseconds to a few seconds, while lock-in 

thermography describes experiments where the heat source is applied at a constant rate for 

a prolonged period of time. The third main criterion is mode of measurement which may 

either be transmission or reflection, where transmission mode refers to an experimental 

setup where heat source and the infrared camera are located on opposite sides of the 

specimen while reflection mode refers to an experimental setup where the infrared camera 

and heat source are placed on same side of specimen. In other words, in transmission mode 

data is collected from side opposite of side being heated, while in reflection mode data is 

collected from the heated side.  

Thermography experiments carried out on composite samples are usually active where a 

direct heat source is applied, and these experiments typically include a heat source, a 

composite test specimen with controlled damages, an infrared camera, and a computer with 

proper data acquisition software. The heat source may be halogen lamps for step and 

periodic heating, flash lamps for pulsed heating, infrared (IR) radiators, fan heaters, etc. [8]. 

The composite test specimen is a manufactured composite per an industry standard that 

contains carefully created controlled damages. The controlled damages may either represent 

a surface defect or an embedded crack. A surface defect may be created in a controlled 

manner by machining a circular or square hole on the surface of the specimen. Impact 

loading the test specimen also creates a surface defect but in a less controlled fashion. On 

the other hand, embedded cracks are created through artificial delaminations by purposely 

introducing an insert of known dimensions into the composite layup during manufacturing 

process. Experimental design may be varied by changing application and placement of heat 

source, mode of transmission, controlled damages in test specimen, and conditions to ensure 

proper heating with the ultimate goal of assessing controlled damage accurately though 

thermographic data. Thermography data such as temperature versus time profiles are 

affected by the various parameters of a defect through a complex relationship. These various 

parameters are depth and in-plane dimensions of a defect. Analyzing this complex 

relationship has motivated scientists to use advanced computational techniques such as 

Artificial Neural Networks to determine how well thermography can assess defect damage. 

The pertinent thermography experiments found in the literature are analyzed for 
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benchmarking purposes with the goal of defect characterization through thermography in 

mind. 

2.1.1 Lock-In Thermography Experiment with Computational Simulation 

Lock-In thermography experiments may be designed to obtain several important 

characteristics of a defect such as size, profile, location, type, etc. In order to make informed 

decisions regarding the service of a part. For example, S. Ekanayake designed lock-in 

thermography experiments to obtain depth information of a defect in [13]. This design 

includes two sets of samples, a blind bore hole set and a water jet cut set. Blind bore hole 

set is created by milling various size holes into an 8 layer of BIAX HPT 300 C45 plate with 

a 0.5 mm layer thickness as shown in Figure 2. 

 
Figure 2: Blind bored holes with varying diameter [13]. 

Figure 3 shows a water jet cut sample which is first cut by a water jet and then joined 

together using adhesive tape. 

 
Figure 3: Water jet cut sample set [13]. 
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These controlled damages are representative of delamination damage of a composite where 

microscopic contacts remain intact in the defect area which in turn affects heat transfer 

behavior of the specimen under a thermography experiment. In this experiment, defect 

depth is determined using a computational model that involves five parameters which are 

thermal diffusivity, excitation frequency, phase values, reflection properties, and depth 

position. These five parameters are determined using a computational model that results in 

the smallest amount of deviation with respect to experimental results. The results of this 

study show that a wide range of defect depth measurements may be made with deviations 

of less than 0.5 mm.  

2.1.2 Step Phase Thermography Experiment with Finite Element Simulation 

A third option to pulse and lock-in thermography is step phase thermography which uses a 

long pulse of low power to detect defects within a composite. K. Ghadermazi designed a 

step phase thermography experiment with the goal of detecting embedded defects at depths 

that are out of pulsed thermography range in [14]. The experiments are simulated using 

finite element methods in order to find optimum test parameters such as heating power and 

time step. The composite specimen is manufactured using a hand layup method where 

Teflon inserts are introduced in manufacturing process in order to simulate delamination 

type defects. The glass epoxy has a [(0/90)5]𝑇 layup sequence with 250 x 250 x 4.95 mm 

dimensions. Figure 4 shows test sample including delamination type defects. 

 
Figure 4: Composite test sample with delamination defects [14]. 

A 3D finite element model is used to simulate the experiment using thermal properties listed 

in Table 1 for glass/epoxy and Teflon. 

Table 1: Thermal properties of glass/epoxy and Teflon insert. [14] 
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Thermophysical properties 

 

Material K (W/m°C) 
C 

(J/kg°C) 

ρ 

(kg/m^3) 

 
Glass/ 

Epoxy 

kx ky Kz 840 1900 

 
1.5 1.5 1   

 
Teflon 0.25   1172 2170 

Initial condition is defined by setting initial temperature to ambient temperature and loading 

conditions are defined by applying convection and heat flux to surface 1 and convection 

only to surfaces 2, 3, 4, and 5 shown in Figure 5. 

 
Figure 5: Schematic of Composite Plate with Boundary Conditions. [14] 

Results of finite element model are used to optimize experiment by finding best frame and 

setting test parameters such as heating power and time step. 

2.1.3 Pulsed Thermography Experiments in Reflection and Transmission 

Modes 

Maierhofer conducted extensive thermography experiments detailed in [8] and showed that 

varying the mode of measurement for thermography experiment between reflection and 

transmission provides different levels of accuracy for assessing damage based on the 

location and profile of defect. In this study, two sets of composite samples are used where 

one set contains artificial delamination created during manufacturing process and the other 

set is damaged by an impact tester. Two samples comprise the set of artificial delaminations 
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shown in Figure 6 where double laid sheets with sizes varying from 20 x 20 mm to 2 x 2 

mm are inserted on a pile of 8 layers. 

 
Figure 6: Sketches of stepped specimens with double layer PTFE inserts of different 

sizes. [8] 

Three samples comprise artificial damage set where three amounts of energies (4.4J, 14.4J, 

and 24.5J) are used to impact the sample. These three samples are defined as 24L01, 24L02, 

and 24L03 for 4.4J, 14.4J, and 24.5J as shown in Figure 7. 

 

Figure 7: Plates with sizes of 100 x 150 x 3 mm and impacts with different energies 

from 4.4 to 24.5 J. The photos show the backside of the impact where for 14.4 and 24.5 

J some fiber delaminations are recognizable [8]. 



11 

 

Thermography experiments are carried out on all samples in both reflection and 

transmission mode for both sides of the test specimen, thus there are at least four data sets 

for each specimen. The duration of the flash is 2.6 milliseconds which is carried out by four 

synchronized flash lamps. It is determined from these experiments that reflection mode is 

good for detecting defects close to the surface with high sensitivity and lateral resolution 

because the heat must travel a smaller distance than in transmission mode. On the other 

hand, transmission mode is better suited for thicker samples and deeper defects and it is 

more readily fitted with an analytical solution. 

2.1.4 Pulsed Thermography Experiments in Reflection Mode 

S. Lugin carried out pulsed thermography experiments in [15], where composite samples 

were subjected to a heat source that lasted for 0.1 seconds from a 15 Watt lamp while 

measurements were read by an Infrared Camera in reflection mode. Figure 8 shows a typical 

pulsed thermography experiment carried out in reflection mode. 

 
Figure 8: Typical pulsed thermography experiment in reflection mode [16] 
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Figure 9: Composite plate specimen geometry details. Note locations of C and F. [16] 

Thajeel performed pulsed thermography experiments and computational simulations on 

composite samples with drilled holes in [16]. Figure 9 shows this composite sample where 

point C is above defected region and point F is above sound region. It is expected that point 

C will cool slower than point F because air in the defect below point C represents a thermal 

resistance which decreases thermal diffusivity and heat flow, and this results in higher 

temperatures at point C. Experimental data is consistent with this theory where point C is 

shown to cool slower than point F. 

 

Figure 10: Experimental data for cooling curves at points C and F [16] 

2.2 Finite Element Method Simulations of Thermography Experiments 
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Finite element method (FEM) is a numerical method that solves a wide range of problems 

whose behavior is governed by differential equations. These equations are resolved into sets 

of algebraic equations and advanced simultaneous solving methods are used to solve those 

equations. In the case of transient heat transfer problems, the model is discretized in time 

and space and solutions for temperature and heat flux are obtained temporally and spatially. 

In order to make confident conclusions from an ANSYS or any finite element model, one 

must validate results against experimental and/or mathematical models. 

Developing finite element models that simulate thermography experiments accurately is 

necessary in order to reap the true benefits of thermography. Because it is not possible or 

practical to create an experiment to mimic every field situation, a validated finite element 

model of an experiment may be modified and used with confidence. Further, accurate finite 

element models may be used to estimate changes to material properties due to defects. 

Computational simulations of thermography found in the literature are analyzed to study 

how thermography may be used to characterize damage. 

2.2.1 Simulation of Pulsed Thermography Experiment 

Thajeel, [16], simulated the pulsed thermography experiment  shown in Figure 9 using 

ANSYS Workbench, where the plate is modeled as isotropic composite material and air is 

modeled as material filling voids or defects. Table 2 lists thermal properties used in ANSYS 

model for polyethylene and air. 

Table 2: Thermal properties of Polyethylene and Air [16] 

Material 

Thermal 

Conductivity 

k 

[W/m*K] 

Specific 

Heat 

Cp 

[J/kg*K] 

Density 

rho 

[kg/m^3] 

Thermal 

Diffusivity 

alpha [m^2/sec] 

alpha = k/(rho*Cp) 

Polyethylene 0.28 296 950 1.00E-07 

Air 0.025 1000 1.205 2.00E-05 

The results are validated by comparing cooling curves for point C against closed form 

analytical solutions for heat transfer equations and [15] experimental results. Pulsed 

thermography may be modeled using the one-dimensional Fourier heat equation, Eq. 1, [16] 

and treating the heat source as a Dirac delta heat source because it lasts for a short period 

of time. 
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𝑇(𝑧, 𝑡) = 𝑇𝑖 +
𝑄

√𝑘𝜌𝑐𝑝𝜋t
𝑒−

𝑧2

4𝛼𝑡 

 

(1)  

Equation 2 describes difference between temperature at position x and time t and initial 

temperature for semi-infinite solid one-dimensional heat conduction with constant thermal 

heat flux [16]. 

𝑇(𝑥, 𝑡) − 𝑇𝑖 =
𝑞′′

𝑘
[√

4αt 

π 
∗ 𝑒−

𝑥2

4αt − 𝑥𝑒𝑟𝑓𝑐
𝑥

2√αt
 ] (2) 

ANSYS model is validated by comparing cooling curves of point C (directly above defect) 

with [15] experimental results and analytical solutions from equations 1 and 2 above. 

 

 
Figure 11: Temperature profile for point C for results obtained by experiment, set of 

Equations 1 & 2, and ANSYS for heat pulse of 0.1 seconds [16]. 

Further validating ANSYS model is a comparison of thermograms generated from ANSYS 

to experimental thermograms at times t = 1.5, 3, 6, and 12 seconds. This shows that ANSYS 

model accurately depicting temperature profile of entire plate for a period of 12 seconds 

after pulse is applied. 
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Figure 12: Comparison of ANSYS and experimental thermograms at various times 

[16]. 

2.2.2 Simulation of Lock-in Thermography Experiment 

Jinlong performed lock in thermography experiments in reflection mode as detailed in [17].  

A CFRP plate with flat bottom holes is heated using an 808 nm laser which imposes a 

modulated heat source. Figure 13 depicts experimental setup with heat source, data 

acquisition camera, and composite specimen. 

 
Figure 13: Lock-In thermography experiment on CFRP Plate [17]. 

The plate has 70 x 100 x 10 mm dimensions with a fiber layup of [(±45°)50], a layer 

thickness of 0.2 mm, and 6 defects as shown in Figure 14.  
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Table 3 gives dimensions of hole diameter and depth for six defects. 

 

Figure 14: Geometry and unidirectional layup of CFRP specimen [17] 

 

Table 3: Size and Depth of Artificial Flat Bottom Hole Defects [17]. 

No. of 

Defect 

D 

(mm) 

HD 

(mm) 

#1 10.7 0.62 

#2 9.7 0.66 

#3 10.7 0.86 

#4 9.7 0.9 

#5 10.7 2 

#6 9.7 1.96 

Jinlong simulated this lock in thermography experiment using thermal properties listed in 

Table 4 and geometry is meshed using 4-node linear heat transfer quadrilateral element 

(DC2D4 in ABQUAS) with a seed size set to 0.5 mm. The applied boundary conditions are 

a modulated heat flux given by Equation 3 and convection occurring between surface and 

ambient environment [17]. The finite element model is validated by comparing normalized 

ac oscillation temperature of defect and healthy region obtained from Abacus and 

experiment as shown in Figure 15. 
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Table 4: Thermophysical Properties and Heat Transfer Coefficient for FEM [17] 

Initial 

Temperature (K) Thermal Properties 

h 

(W/m^2K) 

  

k// 

W/mK 

k⊥ 

W/mK 

ρ 

kg/m^3 

Cp 

J/kgK   

298 4.18 0.78 1550 793 10.4 

 

 

𝑞(𝑡) =
qo

2
(1 + 𝑒−iωt) 

 

(3) 

 
Figure 15:Normalized oscillation temperature obtained by FEM simulation and LIT 

experiment [17]  

 

2.3 Training Artificial Neural Networks to Characterize Defects 

Relating thermography data to a defect with in composites is key to making thermography 

an accurate and reliable non-destructive testing method. However, the relationship between 

defect depth, size, and shape to thermography data within composites is complicated due to 

many factors such as non-uniformity of thermal properties, non-linearity of heat flow, and 

inter relationships among varying defect parameters. Artificial Neural Networks have 

proven themselves as powerful and robust data classification tools for predicting outcomes 

when trained properly. Numan Saeed uses results from both thermography experiments and 



18 

 

computational simulations are to train neural networks to predict depths of defects within 

CFRP samples in [18]. Figure 16 shows the composite sample with square and circular 

shaped holes at varying depths and the computational model for a set of square holes.  

 
 

 
Figure 16: CFRP Sample with drilled defects and corresponding depths and 

computational model simulating thermography experiment [18]. 

The type of thermography used in this setup is line scan thermography where a heat source 

and camera are passed over the specimen in tandem and acquire a series of thermographs. 

The input of the neural network is the thermal contrast temperature at a given set of times 

and the target output used to train the neural network is defect depth. The thermal contrast 

is defined as the difference between the temperature above the defect and temperature of 

the surrounding sound region. The trained neural network is used to simulate predictions 
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based on an input of thermal contrast values and those predictions are then compared to 

actual depths. Table 5 lists predicted depths by the trained network versus expected output 

and shows that a high degree of accuracy is achieved for defects that are up to 1 mm deep. 

Table 5: Comparison between expected depths and estimated depth by the trained neural 

network [18]. 
Test# Expected output Estimated output 

1 0.2 mm 0.204 mm 

2 0.4 mm 0.395 mm 

3 0.6 mm 0.582 mm 

4 0.8 mm 0.781 mm 

5 1.0 mm 0.905 mm 

  



20 

 

Chapter 3: Objectives, Methodology, and Thesis Outline 

The main goal of this study is to analyze thermography’s efficacy in detecting and 

characterizing defects within composite pipes. This is achieved by continuing the diligent 

efforts of KFUPM Mechanical Engineering Department where composites are being 

researched extensively. 

3.1 Objectives 

The objectives that were part of realizing the main goal of this study are listed in 

chronological order below: 

1. Analyze and summarize previous experiments carried out by Al-Omari [9] on 

composite plates. The analysis of previous experiments identified what is necessary 

for this study as Al-Omari [9] performed a combination of experiments while 

capturing various results. 

2. Develop a finite element model that simulates the thermography experiment. 

3. Perform a parametric study on plates and pipes with embedded defects. 

4. Train Artificial Neural Networks to characterize embedded defects  

3.2 Methodology 

KFUPM Mechanical Engineering Department carried out numerous experiments including 

a lock-in thermography experiment on a set of 9 composite samples with controlled 

damages in the form of drilled holes. The experimental results include the maximum and 

minimum temperature profiles versus time for a period of twenty minutes. These results 

were set as a benchmark for developing a finite element model. The design of this model is 

composed of three stages which are to create the model, validate against one plate sample 

through a design study, and calibrate against remaining plate samples. This validated model 

is then extended to create hypothetical models with embedded defects. These hypothetical 

models are a flat plate with a circular shaped embedded defect and a pipe with a rectangular 

shaped embedded defect. Parametric studies on the hypothetical models analyze the effect 

of each parameter on output results of temperature and thermal images. The relationship 

between output results and input parameters is further analyzed through more sophisticated 

means by Artificial Neural Networks. 
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This study analyzes composites using the experimental setup discussed in Chapter 4 as a 

benchmark and starting point. Thus, the methodology and conclusions made from this study 

are based on this experimental setup and computational model devised to simulate it. 

Therefore, adaptations must be made in order to extend the results of this study to include 

desired variations. For example, this study does not include filler materials and or outside 

field effects. 

The composite used in this study is composed of a Unidirectional E Glass and Epoxy Resin 

as the fibre and reinforcement resin, respectively. A more detailed discussion regarding the 

material details and how the properties are derived follows in the Chapters 4 and 5. There 

is a wide variety of additives and modifier fillers that are added to the matrix of a composite 

to expand the usefulness of polymers and enhance their processability. These include 

calcium carbonate, kaolin, alumina trihydrate, and calcium sulfate where each provides a 

specific desired enhancement [19]. This study does not include such additive materials. 

However, the methodology presented in this study may be adapted to include these 

materials with confidence. 

The controlled damages of the composite in the experimental setup are in the form of drilled 

holes. Thermography experiments are performed on the composite samples after the holes 

are drilled. Composites with damages in the field are subjected to external effects that may 

exasperate the extent of the damage such as sunlight, water uptake, and other fluid flow. 

The proven methodology of this study may be used with confidence by including such 

effects in the experimental setup. 

The main type of damage investigated in this study is debonding which may be modeled as 

an embedded defect that is in a plane parallel to the pipe surface. For this reason the 

thicknesses used in this study are 1, 2, and 3 layers. Thus a defect that is aligned in the 

transverse direction is not applicable for this study and the approach outlined in this study 

may be modified to include such damages. 

Composites have advantages over metals such as high strength to weight ratio and 

resistance to corrosion. This is making them attractive replacements in many oil and gas 

applications. However they are succeptible to several damage mechanisms, one of them 

being delamination. This study analyzes how thermography can be used to detect and 
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characterize this type of damage by modeling it as an embedded defect. Further, this study 

suggests novel methods by combining experimental, computational, and ANNs to 

characterize embedded defect details such as depth and in-plane dimensions. 

One of the main results of this study is proving a methodology that uses thermography to 

characterize embedded defects confidently. This methodology is proven using experimental 

results of lock-in thermography tests carried out on plates with controlled damages in the 

form of drilled holes. However, this study extends these experimental results to ultimately 

propose a method for detection of embedded defects in composite pipes. The following 

procedure is outlined in order to adapt the method devised in this study to meet specific 

requirements of a company that is interested in detecting defects within composite pipes 

through thermography. 

The procedure begins with the computational model and not running any thermography 

experiments. Running experiments is not required as a computational model is created that 

is successfully validated against experimental results. Thus, the computational model 

effectively captures the heat transfer phenomenon that takes place in lock-in thermography 

experiments. A set of computation models shall be created so as to encompass enough 

combinations of varying parameters that meet a specific company’s needs. The size of this 

set is determined by the variation of parameters and level of accuracy desired. For example, 

the company may have a set of allowable diametrical sizes, ply layups, ply thicknesses, 

total number of plies, various material compositions, material properties, etc. A large 

enough set of models would need to be created with embedded defects of varying size and 

shape. This is to generate thermography data, temperature gradients and thermal images, 

that is representative of enough cases. This data may then be used to train a generalized 

artificial neural network that can characterize defects within composite pipes meeting a 

company’s specifications. This generalized artificial neural network is now trained to 

predict the extent of damage of a defect by using field thermography data as an input.  

3.3 Thesis Outline 

This study is a continuation of the work done by Al-Omari [9] on thermography and 

composites. Previously, the Mechanical Engineering Department conducted thermography 

experiments on a set of composite plates with varying defects. The aim of this study is to 
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continue this research and make advancements in the field of defect characterization in 

composites based on thermography results. This research goal is achieved by performing a 

literature review, creating a validated model that accurately simulates the results of the 

mentioned experiment, expanding on the validated model to create hypothetical models and 

parametric studies, and using advanced computational techniques such as Artificial Neural 

Networks to see how accurately one can characterize a defect from thermography. The 

chapters of this thesis detail these steps in this chronological order. 

Chapter 1 introduces the importance of composites and how technological advancements 

are playing a role in their increased use. Further, thermography as a non-destructive tool is 

discussed for detecting damages within composites. Chapter 2 is a summary of 

experimental setups, computational and mathematical models, and computational 

techniques available in the literature related to thermography on composites. The 

comprehensiveness of this review provides insight into what has been done in this field and 

where there is room for future research. Chapter 3 highlights the objectives, methodology, 

and thesis outline. 

Chapter 4 details the lock in thermography carried out by KFUPM Mechanical Engineering 

Department on nine composite plates with varying defects in the form of drilled holes. 

Chapter 5 details how the computational model that accurately simulates the experimental 

results is created. The computational model is created by applying heat flux and convection 

to either sides of a composite plate with a defect. The heat flux and convection film 

coefficient combinations are varied simultaneously in order to achieve the most accurate 

results for a single plate and then the combination is validated against the remaining plates. 

Chapter 6 discusses the extension of the validated model to a set of hypothetical models of 

composite plates with an embedded defect. This set makes up the parametric study which 

analyzes the relationship of each geometric parameter on thermography results. Chapter 7 

is another parametric study which contains a set of hypothetical models except the geometry 

is a pipe instead of a plate. 

Chapter 8 goes beyond the parametric studies discussed in the previous two chapters to 

illustrate how advanced computational techniques may be used to characterize many 

geometric parameters simultaneously. Parametric studies consist of varying a single 
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parameter while holding all others constant to gain knowledge on how that parameter is 

related to output result, where Artificial Neural Networks can search for relationships 

among simultaneously changing parameters. Chapter 9 highlights the results and findings 

of this study and remarks on future work. 
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Chapter 4: Lock-In Thermography Experiment 

4.1 Introduction 

King Fahad University of Petroleum and Minerals (KFUPM) Mechanical Engineering 

Department conducted lock in thermography experiments on composite samples with 

controlled damages in the form of pre-set sized drilled holes. Experiments were carried out 

by [9] and are simulated in this study using ANSYS Workbench, a commercial finite 

element computational tool. Experimental details regarding setup and test specimen are 

provided in this chapter and finite element method simulations follow.  

4.2 Composite Details 

Lock in thermography experiments were carried out on 27 composite samples with control 

damage in the form of drilled holes. The 27 samples are composed of 3 sets of 9 samples 

manufactured using 10, 20, and 30 layers with a [0°/90°] ply orientation and Computer 

Numerical Control, CNC, machine drilled holes of various sizes (1, 2, and 3 mm) at various 

depths (25%, 50%, and 75%) of plate thickness. Figure 1 is a generic schematic showing 

dimensions of all 27 plates where plate thickness and hole depth are variable. 

 
Figure 17: Generic Dimensional Schematic for Composite Samples [9]. 

There are 9 samples for each layer thickness (10, 20, and 30) layers and composite samples 

are named by appending an index number to number of layers, where index number 
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indicates hole diameter and depth. Table 6 lists index number for any typical set of 9 

samples. 

Table 6: Index Number Naming Convention for Composite Samples [9]. 

Index 

Number 

Drill Hole 

Size (mm) 

Hole Depth % 

from Total Thickness from 

Top 

1 1 25% 

2 1 50% 

3 1 75% 

4 2 25% 

5 2 50% 

6 2 75% 

7 3 25% 

8 3 50% 

9 3 75% 

Table 7 shows exact measurements made on composites after manufacture and drilling 

holes for the 9 twenty layer samples. 

Table 7: Dimensions of 9 composite samples composed of 20 layers [9]. 

Sample No 
Thickness 

(mm) 

Drill Dia 

(mm) 

Drill 

Depth 

(%) 

Drill 

Depth 

(mm) 

WTr 

(mm) 

Layer 

Thickness 

(mm) 

1-20L 5.19 1 0.25 1.3 3.89 0.260 

2-20L 5.28 2 0.25 1.32 3.96 0.264 

3-20L 5.32 3 0.25 1.33 3.99 0.266 

4-20L 5.3 1 0.5 2.65 2.65 0.265 

5-20L 5.25 2 0.5 2.63 2.63 0.263 

6-20L 5.28 3 0.5 2.64 2.64 0.264 

7-20L 5.24 1 0.75 3.93 1.31 0.262 

8-20L 5.3 2 0.75 3.98 1.33 0.265 

9-20L 5.35 3 0.75 4.01 1.34 0.268 

4.3 Experimental Setup Details 

Composites were heated using four halogen lamps rated at 500 W each in a contained 

aluminum hood. The experiments were carried out in transmission mode where the sound 

side of the composite sample is heated, and Infrared camera takes measurements of defect 

side. Figure 17 and Figure 18 shows experimental setup of lock in thermography. FLIR 

GF309 is the type of thermal camera used in this setup [9]. This camera has an accuracy of 
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±1°C for the temperature range between 0°C and 100°C and ±2% for temperatures greater 

than 100°C. 

 
Figure 18: Setup of Thermal Imaging Experiment using heat source and IR Camera (side view) 

[9]. 

4.4 Experimental Results 

Main goal of experiment is to correlate between damage size and temperature profiles, so a 

maximum and minimum temperature measurement is taken at one minute time intervals for 

a period of 20 minutes. Maximum temperature location is found to be at center of defect 

while minimum temperature is found to be in sound region around defect. Maximum and 

minimum temperature versus time profiles for the nine 20 layer samples are shown in Figure 

19 and Figure 20, respectively. 
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Figure 19: Minimum temperature at one minute intervals for 20 layer samples [9]. 

 
Figure 20: Maximum temperature at one minute intervals for 20 layer samples [9]. 

In the experiments heat flows through the sound region until it reaches a defect. The defect 

acts as a thermal resistor which impedes heat flow, and this will cause temperature to be 

greater at defect than sound region. Therefore, it is expected that temperatures increase with 

increasing defect size, which is observed in these experiments validating the experimental 

setup and approach.  
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Chapter 5: Development of Computational Model 

5.1 Problem Definition 

The ANSYS simulation is limited to the nine 20 layer samples as maximum and minimum 

temperatures for these samples at one minute intervals are available and this data can be 

readily extracted from a finite element model. In this analysis the 9-20L sample, plate with 

hole of 3 mm diameter and 75% plate thickness depth, is used as a calibration model. In the 

calibration model material properties are defined using data available in thesis and literature 

while geometries, boundary conditions, and loads are defined based on engineering 

judgement. Then a design study where heat flux and film coefficient are varied in order to 

obtain the best experimental data match for temperatures at one minute intervals for the 9-

20L sample. Once this model is calibrated by setting heat flux and film coefficient values, 

the model is validated against 8-20L and 6-20L samples, which have the same hole diameter 

but different depth and different hole diameter and same depth as the 9-20L sample 

respectively. 

The basic workflow of the model is outlined below with details to follow: 

1. Define Element Type 

2. Set Material Properties 

3. Discretize Problem into Finite Element Model 

4. Generate a mesh 

5. Apply initial Boundary Conditions and Applied Loads 

6. Calibrate Model through Parametric Study 

7. Validate Results 

5.2 Defining Element Type 

ANSYS Workbench automatically selects element type(s) and the types selected for this 

problem are displayed in Table 8 . 

Table 8: Element types and descriptions. 

Element Name Description 
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SOLID278 8 noded brick element 

SURF152 3D thermal 

The Solid278 ANSYS element is a 3D element with 8 nodes where each node has a single 

degree of freedom which is temperature. The element is a prism shaped element that allows 

for tetrahedral degenerations as per use and application as shown in Figure 21. This element 

has a 3D conduction capability and is applicable to steady state and transient thermal 

analysis. This element takes surface loads in the form of convection or heat flux but not 

both at the element faces as illustrated by circled numbers in Figure 21 [20]. 

 
Figure 21: SOLID278 homogeneous thermal solid geometry [20]. 

 The Surf152 is a surface element that may be overlaid onto an area face of any 3D thermal 

element and it allows for simultaneous loads and surface effects. The geometry, node 

locations, and coordinate system for Surf152 element are shown in Figure 22 [20]. 
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Figure 22: SURF152 Geometry. [20] 

5.3 Material Properties 

Material properties that are required for solving this type of 3D transient heat transfer 

problem are specific heat, density, and orthotropic thermal conductivity. Density is 

calculated using details provided in thesis which states that epoxy makes up 50% of 

composite weight [9]. The densities of Unidirectional Epoxy E-Glass and resin are listed as 

2000 kg/m3 and 1.19 g/cm3 respectively [9]. Density of resin is converted to kg/m3 and then 

average of the two densities is taken to obtain 1595 kg/m3. Thermal properties, orthotropic 

thermal conductivity, and specific heat are not listed in thesis and are taken from values in 

literature. In plane and through thickness thermal conductivities are set to 5 W/m°C and .5 

W/m°C respectively. This is typical for composites where the thermal conductivity is 

greater in plane than through thickness. Specific heat is set at 800 J/kg°C which is a typical 

specific heat value for composites. These values are approximate to values used for in plane 

and through thickness thermal conductivities and specific heat used in Gong Jinlong et al 

in their lock-in thermography analysis on CFRP samples [17]. Table 9 summarizes material 

properties used in finite element model. 

Table 9: Thermal properties defined for finite element model 

Thermal Properties 

k// 

W/m°C 

k⊥ 

W/m°C 

ρ 

kg/m^3 

Cp 

J/kg°C 

5 0.5 1595 800 

5.4 Discretization of Experiment into Finite Element Model 
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The model is discretized by determining if problem requires three dimensions, existence of 

any axis of symmetry, and selecting transient or steady state. 

Simulating lock in thermography experiment on composites requires a transient heat 

transfer model in three dimensions as the effect of hole depth in z direction on temperature 

in x-y plane is studied. For lines of symmetry it is determined that a quarter model is 

sufficient as hole is in center of plate and uniform heating conditions are assumed. 

Furthermore, ply layup is [0/90°] which makes test specimen symmetric at fiber level as 

well. Finally, results of a quarter model for a test run are compared to results of a complete 

model and found to be identical. Figure 23 shows front view of quarter model for 9-20L 

sample with geometric dimensions. 

 
Figure 23: Front View of 9-20L sample with geometric dimensions. 

5.5 Mesh Generation 

In ACP module of ANSYS Workbench, a mesh is defined in two dimensions and then 

extruded in ACP PreSetup to defined number of layers. In this problem, the 2D mesh is 

defined by specifying a sizing of .5 mm for area within 3 mm and 20 mm diameter circles 

and 4 mm sizing for remaining region. Figure 24 shows mesh of shell before it is extruded 

into layers. 
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Figure 24: Front view of 2D mesh before extruding composite layers 

After defining mesh in two dimensions, the model is imported into ACP PrePost where it 

is extruded to 20 layers and cut in the bottom right corner to represent the drilled hole of 3 

mm diameter and 75% depth which corresponds to a depth of 4.0125 mm in this case or 15 

layers. Figure 25 shows corner where drilled hole is located of composite plate after 20 

layers are extruded and hole is cut. 

 
Figure 25: Mesh of composite plate in ACP PrePost after extruding 20 layers and 

cutting 

The total number of elements generated from this mesh along with their respective type is 

listed in Table 10. 

Table 10: Number of elements and type in final mesh 
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Type Number 
Element 

Name 

1 12565 SOLID278 

24 641 SURF152 

25 776 SURF152 

5.5.1 Mesh Sensitivity Analysis 

A mesh sensitivity analysis is required for any finite element model to ensure that the value 

obtained from the model has converged and does not get altered as a finer mesh is applied. 

In the case of this model, this value of maximum temperature at twenty minutes is analyzed 

versus number of elements. Figure 26 shows the results of this mesh sensitivity analysis 

proving that the mesh of has converged. 

 
Figure 26: Mesh sensitivity analysis showing maximum temperature at 20 minutes 

versus number of elements. 

5.6 Initial Boundary Conditions and Applied Loads 

The initial boundary condition of the plate is room temperature which is assumed to be 

22°C, thus all nodes are set to this value. The applied loads are defined by applying a heat 

flux to sound side of composite and natural convection with a film coefficient and bulk 

temperature of 22°C to defect side as shown by Figure 27. 
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Figure 27: Applied Loads of Heat Flux to Sound Side (right) and Convection to Defect 

Side (left). 

5.7 Model Calibration through Design Study 

ANSYS Workbench has a parametric design study facility which allows the analyst to vary 

input parameter(s) and see the effects on output result(s). Input parameters may be material 

properties, applied load, or geometric dimension, while outputs may be deformation, stress, 

or temperature. The design study in this analysis sets heat flux and film coefficient as input 

parameters and final maximum and minimum temperatures of defect side as output 

parameters. Multiple combinations of heat flux and film coefficient are tested in the design 

study until the best match with experimental data is found. These combinations are known 

as design points. Experimental data from 9-20L and 1-20L samples are used to generate 

calibrated design points. The calibrated design point is the heat flux and film coefficient 

combination that best matches the experimental data for that particular sample. This process 

is illustrated for the design point generated from the 9-20L sample. 

5.7.1 Calibration Point Generated from 9-20L Data 

The sample design point, illustrated in Figure 27, is a heat flux and film coefficient 

combination of 1000 W/m^2 and 15 W/m^2 °C respectively. The transient thermal system 

within ANSYS has the ability to generate temperature plots of any point over specified time 

period. In this analysis temperature profile of two faces selected previously shall be used 
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since it encompasses maximum and minimum temperatures obtained from thermography 

IR Camera. Figure 28 below shows temperature profile at time t = 1200 seconds and it is 

noted that maximum occurs exactly at the defect center while minimum is within the sound 

region around the defect. 

 
Figure 28: Temperature profile of defect side at final time of t = 1200 sec. 

ANSYS generated results for the sample design point and experimental results for 

maximum and minimum temperature versus time plots are shown in Figure 29 and Figure 

30 respectively. 

 
Figure 29: Max temperature versus time for sample design point and experimental for 

9-20L sample. 
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Figure 30: Min temperature versus time for sample design point and experimental 

values for 9-20L sample. 

It is noted that there is a good qualitative relationship between ANSYS simulations and 

experimental data for maximum and minimum temperatures profiles for the 9-20L sample 

from figures above, however, there remains a quantitative discrepancy. From a qualitative 

point of view both plots, experimental and ANSYS, show that an equilibrium temperature 

is reached after some time where temperature ceases to increase. After running many 

simulations with varying combinations of heat flux and film coefficient it is found that the 

best matching combination to experimental data is a heat flux of 1750 W/m^2 and a film 

coefficient of 27.5 W/m^2 °C. Figure 31 and Figure 32 show computationally simulated 

plots for this design point compared to experimental data for maximum and minimum 

temperature versus time respectively. This design point is referred to as DP1 in the 

remaining of the text. 
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Figure 31: Max temperature versus time for DP1 and experimental values. 

 
Figure 32: Min temperature versus time for DP1 and experimental values. 

5.7.2 Calibration Points Generated from 1-20L Data 

This process is repeated for the 1-20L sample and it is found that there are two design points 

that perform well when comparing the computational results to experimental results for 

final minimum and maximum temperatures. These first of these two design points is a heat 

flux and film coefficient combination of 1750 W/m^2 and 26 W/m^2°C respectively, while 

the second design point is a heat flux and film coefficient combination of 1500 W/m^2 and 

22W/m^2°C respectively. The process for generating these two design points is the same 
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as the process for generating DP2 described previously, except that data from the 1-20L 

sample is used instead. 

5.7.3 Summary of Generated Calibration Points 

There are three calibrated design points in this study; one design point is generated from 9-

20L data while two design points are generated from 1-20L sample. The design points are 

chosen based on highest accuracy between computational and experimental results for final 

minimum and maximum temperatures. Table 11 and  Table 12 list the calibrated design 

point details for maximum and minimum temperature results respectively. The details 

include heat flux and film coefficient combination, computational and experimental results, 

percent differences, and composite sample used for experimental data. 

Table 11: Summary of calibrated design point details for maximum temperature at 20 

minutes. 

Design 

Point 

Heat 

Flux 

W/m^2 

Film 

Coefficient 

W/m^2°C 

Computational 

Max Temp (°C) 

Experimental 

Max Temp 

(°C) 

Percent 

Difference 

Max Temp 

Sample 

DP1 1750 27.5 97.461 99.60 2.15 9-20L 

DP2 1750 26 92.377 92.40 0.02 1-20L 

DP3 1500 22 91.761 92.40 0.69 1-20L 

 

Table 12: Summary of calibrated design point details for minimum temperature at 20 

minutes. 

Design 

Point 

Heat 

Flux 

W/m^2 

Film 

Coefficient 

W/m^2°C 

Computational 

Min 

Temp (°C) 

Experimental 

Min 

Temp 

(°C) 

Percent 

Difference 

Min Temp 

Sample 

DP1 1750 27.5 83.308 85.50 2.56 9-20L 

DP2 1750 26 87.528 87.90 0.42 1-20L 

DP3 1500 22 87.64 87.90 0.30 1-20L 

5.8 Model Validation 

The three design points (DP1, DP2, and DP3) were defined during the calibration process 

by finding the combination that results in the most accurate maximum and minimum 

temperature versus time plots for the selected composite samples. The next step after 

calibration of a computational model is validation to make sure that the computational 

model is not just accurate for the samples used. Design point 1, DP1, is the most accurate 
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point for the 9-20L sample while design points 2 and 3, DP2 and DP3, are the most accurate 

points for the 1-20L sample. Thus, the remaining eight samples for the three design points 

are used for validation. Furthermore, temperatures at several selected time intervals are used 

in this validation to check accuracy before and during steady state. 

The remaining computational models are created in a fashion similar to what is described 

in this chapter except that the geometry and applied loads differ. The hole geometry and 

plate naming convention is described in Table 6, while the applied loads and boundary 

conditions combinations are per the design points listed in Table 11. Thus, a total of 27 

computational models are created for validation which is the result of three design point 

combinations applied to nine composite plates with varying drill hole sizes. Temperatures 

from these models are recorded at 1, 4, 12, 14, 16, 17, 18, 19, and 20 minute intervals from 

the computational models. These time intervals are selected for checking the accuracy of 

the computational model with respect to experimental results before reaching steady state 

temperatures. These simulated temperatures are compared to experimentally collected 

temperatures at the same time intervals. A percent difference between the simulated and 

experimental temperature is calculated for each model. The temperatures of a design point 

at a given time are then averaged to get an average temperature difference for that design 

point and then compared against each other. Figure 33 shows this averaged percent 

difference between computational and experimental maximum temperature at the 

mentioned time intervals of the three design points. 

 
Figure 33: Average percent difference for design points and experimental values for 

maximum temperature at time intervals. 
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Figure 33 shows that these three design points are validated because they are accurate to 

less than 5 % when compared to experimental results. Furthermore, DP3 is the best 

performing design point from the group. Similarly, the average percent difference between 

computationally generated and experimental results for minimum temperature is shown in 

Figure 34. 

 
Figure 34: Average percent difference for design points and experimental values for 

minimum temperature at time intervals. 

This validation study shows that the design points are validated and that the best performing 

design point is DP1 which is a heat flux and film coefficient combination of 1750 W/m^2 

and 27.5 W/m^2°C, respectively. 
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Chapter 6: Parametric Study of Plate with Circular 

Shaped Embedded Defect 

6.1 Introduction 

The computational model developed in this study that simulates lock in thermography 

experiments carried out on composite plates with surface defects in the form of drilled holes 

has proved to be most accurate when using a heat flux and film convection coefficient 

combination of 1750 W/m2 and 27.5 W/m2°C respectively. This accuracy is reaffirmed 

when validating the combination against all nine samples of the lock-in thermography 

experiment. A validated computational model such as this one provides the important 

advantage of being able to create hypothetical models of thermography setups and trust 

their results confidently without having to create and run experiments as there is a much 

higher time and cost associated with running such experiments. Furthermore, the input 

parameters of a computational simulation can be varied to generate numerous combinations 

of plates with varying damage, ply layup, thermal properties, and applied loads, which are 

otherwise impractical to carry out experimentally. 

An important question this study seeks to answer through computational simulation is can 

lock-in thermography be used in reflection mode to fully characterize an embedded defect. 

Reflection mode is where the thermal camera makes measurements of the heated side as 

shown in Figure 8. This mode is more realistic for composite pipes in the field as it would 

not be possible to make measurements of the other side without destroying the pipe. 

Detecting and characterizing an embedded defect in reflection mode is critical because by 

the time an embedded defect propagates and appears at the surface it may be too late for 

repair and complete removal becomes required. Thus, it is important to characterize an 

embedded defect completely by quantifying the geometric parameters that fully define it 

such as thickness, depth, and in plane dimensions. Once an accurate assessment of the 

damage is available, inspectors can make a reliable decision regarding the composite part 

in use where options typically are to keep the part in service with periodical inspection, 

repair the part, and completely remove the part from service. 

With the goal of characterizing an embedded defect in a composite using thermography in 

mind, a parametric study is conducted in order to study the relationship between defect 
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parameters and simulation results. The parametric study consists of creating multiple 

computational models with varying embedded defects and investigate how the results are 

affected by the variation in the defect. 

6.2 Computational Models for Parametric Study 

The computational models of this parametric study are generated by first creating a base 

model and then making geometric alterations as necessary to create the remaining models. 

A plate naming convention is created in order to track and document the plates created for 

this parametric study. Lastly, the output temperature results are generated so that they can 

be analyzed and compared against each other. 

6.2.1 Creating the Base Computational Model 

The base model of the parametric study is a transient heat transfer model similar to the 

validated computational model described in Chapter 3, but with two main differences. 

These differences are in the type of defect and the mode of thermography measurement. 

The defect of the parametric study base model is a circular shaped embedded defect while 

the defect in the validated model described in Chapter 3 is a surface defect in the form of a 

drilled hole. The mode of thermography measurement is also different due to the purpose 

of each model. The base model of the parametric study seeks to find the relationship 

between an embedded defect and output results of thermography in reflection mode while 

the validated model’s aim is to replicate a thermography experiment that was carried out in 

transmission mode. 

The workflow for developing the base model for the parametric study is as follows: 

1. Define Element Type 

2. Set Material Properties 

3. Discretize Problem into Finite Element Model 

4. Generate a mesh 

5. Apply initial Boundary Conditions and Applied Loads 

6.2.1.1 Defining Element Type 

The element types are automatically selected by ANSYS Workbench based on the type of 

problem selected and are listed in Table 8. 
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Table 13: Element types and descriptions for base model of parametric study 

Element Name Description 

SOLID278 8 noded brick element 

SURF152 3D thermal 

Section 5.1 contains a detailed discussion of these element types.  

6.2.1.2 Material Properties 

The material properties used in this simulation are those of the composite used in the 

experimental setup and are described in section 5.3 of this thesis. Table 9 of section 5.3 lists 

material properties used in the base model of the parametric study. 

6.2.1.3 Discretization of Base Model of Parametric Study 

The base model is discretized by defining it as a transient heat transfer model in three 

dimensions as the effect of the embedded defect in z direction on temperature in x-y plane 

is studied. The model geometry is created by extruding a square flat plate drawn in the x-y 

plane to the desired number of layers in the z direction. 

6.2.1.4 Mesh Generation 

Next, the mesh of this plate is generated using face meshing with an element sizing of 0.5 

mm for and 4 mm element sizing where the finer size mesh is used for the region near the 

defect. Meshing the geometry in this manner ensures that simulations are accurate and 

complete in a timely manner. A finer mesh is applied to the area of interest and critical 

measurement while a courser mesh is used for sound regions that are far away from the 

embedded defect as shown in Figure 35. 
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Figure 35: Front view of 2D mesh before extruding composite layers for parametric 

study model. 

The meshed geometry is then imported into ACP PrePost and extruded to the desired 

number of layers. The ply layup for the composite layers is [0°/90°] with a thickness of 

.2675 mm. This geometry is then cut with a circular shaped embedded defect as shown in 

Figure 36. 

 
Figure 36: Section view of mesh of composite plate in ACP PrepPost after extruding 

composite layers and cutting a circular shaped embedded defect. 
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6.2.1.5 Setting Initial Conditions and Apply Loads 

The initial boundary conditions of the plate are defined by setting all nodes to an initial 

temperature of 22°C which is the assumed room temperature value. The loads are defined 

by applying a heat flux to one side of the composite plate and convection to the other. The 

heat flux, film coefficient, and bulk temperature are 1750 W/m2, 27.5 W/m2°C, and 22°C, 

respectively as shown in Figure 27. The heat flux and film coefficient combination is 

defined through the validation process described in 0 of this thesis.  

  
Figure 37: Details of applied loads of convection (left) and heat flux (right). 

The remaining computational models are generated by varying the circular shaped 

embedded defect and the number of composite layers of the base model. 

6.2.2 Generating Remaining Computational Models 

The parameters that are varied in this study are geometric dimensions of the circular shaped 

embedded defect and number of composite plate layers. The geometric dimensions that 

fully define a circular shaped embedded defect are diameter, thickness, and depth. The 

depth is designated as the distance from the heat flux side to the start of the defect. These 

dimensions are marked as ‘Dia’ for diameter, ‘T’ for thickness, and ‘D’ for depth in Figure 
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38. Further, the sides where heat flux and convection are applied are also depicted in the 

figure since depth is defined as the distance from the heat flux side to start of the defect. 

 

Figure 38: Section View of plate with circular shaped embedded defect identifying 

dimensions and sides of convection and heat flux. 

The number of composite layers is also varied in this parametric study, so the application 

is not limited to a composite of a certain plate thickness. 

Varying these four parameters of defect diameter, defect depth, defect thickness, and plate 

thickness produces a numerous combination of models that is equal to the product of 

variations each parameter achieves. Certain values for each parameter are selected using 

engineering judgement for the sake of making the study useful and realistic. 

Diameter values are set to 1, 2, 3, and 4 mm so the results of this diameter range can be 

compared against one another. Comparing these results indicates if this type of lock in 

thermography in reflection mode setup can detect an embedded defect in this size range, 

and if so, to what level of accuracy. 

The values achieved by the defect thickness parameter are multiples of the layer thickness. 

This is due to how the embedded defects are created in ANSYS ACP which is to create a 

flat plate and then cut out a cylindrical shape representing the embedded defect. The 

cylindrical shape must coincide exactly at element edges of the mesh otherwise the cut is 
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not produced properly. The defect thickness is usually the smallest dimension of a defect 

and can be very small. With this in mind, defect thickness parameter is set to only achieve 

values of 1, 2, and 3 layers thick. These correspond to numerical values 0.2675, and 0.535, 

and 0.8025 mm respectively for the layer thickness used in this study. Varying defect 

thickness in this range and studying its output results helps determine the efficacy of 

thermography in predicting defects of varying thicknesses.  

The same cutting method limitation of ANSYS ACP also applies to the defect depth 

parameter which must equal a multiple of number of layers and layer thickness. The entire 

depth range is included in this study because an embedded defect may occur anywhere 

between either surface of a composite. In the computational simulation this is modeled by 

creating embedded defects with depths that range from a minimum of one layer to a 

maximum of total layers minus two. For example, an embedded defect in a plate with ten 

composite layers has a depth range starting from one to eight and may take any value in 

between. Comparing output results of varying embedded defect depth helps determine 

accuracy of thermography in determining the depths of a defect that can be determined 

using thermography. 

The composite plate thickness parameter is set to 10, 15, and 20 layers thick so as to include 

multiple plate thicknesses in this parametric study. Table 14 summarizes the parameters 

and the respective values achieved by each parameter. 

Table 14: Parameters of parametric study and values each may achieve. 
 Values Units 

Defect 

Diameter 
1 2 3 4 mm 

Defect 

Thickness 
1 2 3 Layers 

Defect Depth 

Minimum of 1 layer to a maximum of (plate 

thickness - 2 layers). Each integer layer depth 

between minimum and maximum. 

Layers 

Plate 

Thickness 
10 15 20 Layers 
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The total number of models may be calculated from Table 14 for a given plate thickness. 

For example, a plate of 10 layers has 4 defect diameters, 3 defect thicknesses, and 8 depths. 

This gives a total of 96, which is the product of 4, 3, and 8, plates with varying circular 

shaped embedded defects. Similarly, the 15 and 20 layer plates would have 156 and 216 

total number of plate combinations. This gives a total number of combinations of the sum 

of 96, 156, and 216 or 468. It is not necessary to run all 468 simulations, instead only a 

sample large enough to compare the effects of each parameter on output results is created 

for this parametric study. The topic of the next section is the plates generated using the base 

model for this parametric study and the adopted naming convention. 

6.2.3 Remaining Plates and Plate Naming Convention 

The remaining plates created for this parametric study are generated by modifying the 

embedded defect shape and size and number of layers of the base model described in section 

6.2.1 of this chapter. This set results in a large number of plates with varying defects, so it 

is necessary to adopt a naming convention to fully define the plates for the sake of 

documenting and comparing results. The naming convention consists of five parts separated 

by dashes as listed. 

1. PL identifier for Plate 

2. L and a numeric value as number of layers 

3. D and numeric value as diameter size in millimeters 

4. Numeric value for start layer of defect counting from heat flux side 

5. Numeric value for end layer of defect counting from heat flux side 

The naming convention is best described by an example and an equivalent illustration. For 

example, PL-L10-D4-5-7 is a plate with 10 layers and a circular shaped embedded defect 

that is 4 mm in diameter and starts at layer 5 and ends at 7 as shown in Figure 39. The heat 

flux side and convection side are also depicted in the figure because the counting of layers 

is set from the heat flux side. 
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Figure 39: Side view of section view for PL-L10-D4-5-7 to illustrate naming 

convention. 

The numbers assigned to start and end layer are from the heat flux side as shown in Figure 

39, layer 5 is not removed while layers 6 and 7 are removed. So, the depth and thickness of 

the embedded defect shown are 5 * layer thickness and (7-5) * layer thickness respectively. 

Since the layer thickness is .2675 mm for this model, the depth and thickness values are 

1.3375 mm and .535 mm respectively. This parametric study is enriched with many 

combinations of flat plates with circular shaped embedded defects by varying the 

parameters as mentioned in Table 14. Table 15 lists these combinations and their 

corresponding name according to convention along with parameter values. A total of 83 flat 

plates with embedded defects of varying size and shape are used for this parametric study. 

Table 15: The 83 flat plates with circular shaped embedded defects for simulations. 
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Plate Name Layers 

Defect 

Diameter 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

PL-L10-D1-1-2 10 1 1 2 0.2675 0.2675 

PL-L10-D1-1-3 10 1 1 3 0.5350 0.2675 

PL-L10-D1-2-3 10 1 2 3 0.2675 0.5350 

PL-L10-D1-2-4 10 1 2 4 0.5350 0.5350 

PL-L10-D1-3-4 10 1 3 4 0.2675 0.8025 

PL-L10-D1-4-5 10 1 4 5 0.2675 1.0700 

PL-L10-D1-4-6 10 1 4 6 0.5350 1.0700 

PL-L10-D2-1-2 10 2 1 2 0.2675 0.2675 

PL-L10-D2-1-3 10 2 1 3 0.5350 0.2675 

PL-L10-D2-3-4 10 2 3 4 0.2675 0.8025 

PL-L10-D2-3-5 10 2 3 5 0.5350 0.8025 

PL-L10-D2-4-5 10 2 4 5 0.2675 1.0700 

PL-L10-D2-4-6 10 2 4 6 0.5350 1.0700 

PL-L10-D3-1-2 10 3 1 2 0.2675 0.2675 

PL-L10-D3-1-3 10 3 1 3 0.5350 0.2675 

PL-L10-D3-2-3 10 3 2 3 0.2675 0.5350 

PL-L10-D3-2-4 10 3 2 4 0.5350 0.5350 

PL-L10-D3-2-5 10 3 2 5 0.8025 0.5350 

PL-L10-D3-3-4 10 3 3 4 0.2675 0.8025 

PL-L10-D3-3-5 10 3 3 5 0.5350 0.8025 

PL-L10-D3-4-5 10 3 4 5 0.2675 1.0700 

PL-L10-D3-4-6 10 3 4 6 0.5350 1.0700 

PL-L10-D3-5-6 10 3 5 6 0.2675 1.3375 

PL-L10-D3-5-7 10 3 5 7 0.5350 1.3375 

PL-L10-D3-6-7 10 3 6 7 0.2675 1.6050 

PL-L10-D3-6-8 10 3 6 8 0.5350 1.6050 

PL-L10-D3-7-8 10 3 7 8 0.2675 1.8725 

PL-L10-D3-7-9 10 3 7 9 0.5350 1.8725 

PL-L10-D3-8-9 10 3 8 9 0.2675 2.1400 

PL-L10-D4-1-2 10 4 1 2 0.2675 0.2675 

PL-L10-D4-1-3 10 4 1 3 0.5350 0.2675 

PL-L10-D4-2-3 10 4 2 3 0.2675 0.5350 

PL-L10-D4-2-4 10 4 2 4 0.5350 0.5350 

PL-L10-D4-3-4 10 4 3 4 0.2675 0.8025 

PL-L10-D4-3-5 10 4 3 5 0.5350 0.8025 

PL-L10-D4-4-5 10 4 4 5 0.2675 1.0700 

PL-L10-D4-4-6 10 4 4 6 0.5350 1.0700 

PL-L10-D4-5-7 10 4 5 7 0.5350 1.3375 

PL-L10-D4-6-8 10 4 6 8 0.5350 1.6050 
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PL-L10-D4-7-8 10 4 7 8 0.2675 1.8725 

PL-L10-D4-7-9 10 4 7 9 0.5350 1.8725 

PL-L10-D4-8-9 10 4 8 9 0.2675 2.1400 

PL-L15-D3-10-12 15 3 10 12 0.5350 2.6750 

PL-L15-D3-11-13 15 3 11 13 0.5350 2.9425 

PL-L15-D3-11-14 15 3 11 14 0.8025 2.9425 

PL-L15-D3-1-3 15 3 1 3 0.5350 0.2675 

PL-L15-D3-2-3 15 3 2 3 0.2675 0.5350 

PL-L15-D3-2-4 15 3 2 4 0.5350 0.5350 

PL-L15-D3-3-5 15 3 3 5 0.5350 0.8025 

PL-L15-D3-5-6 15 3 5 6 0.2675 1.3375 

PL-L15-D3-7-9 15 3 7 9 0.5350 1.8725 

PL-L15-D4-12-14 15 4 12 14 0.5350 3.2100 

PL-L15-D4-2-3 15 4 2 3 0.2675 0.5350 

PL-L15-D4-2-4 15 4 2 4 0.5350 0.5350 

PL-L15-D4-3-4 15 4 3 4 0.2675 0.8025 

PL-L15-D4-6-9 15 4 6 9 0.8025 1.6050 

PL-L15-D4-8-11 15 4 8 11 0.8025 2.1400 

PL-L15-D4-9-11 15 4 9 11 0.5350 2.4075 

PL-L20-D3-10-12 20 3 10 12 0.5350 2.6750 

PL-L20-D3-11-13 20 3 11 13 0.5350 2.9425 

PL-L20-D3-11-14 20 3 11 14 0.8025 2.9425 

PL-L20-D3-1-3 20 3 1 3 0.5350 0.2675 

PL-L20-D3-2-3 20 3 2 3 0.2675 0.5350 

PL-L20-D3-2-4 20 3 2 4 0.5350 0.5350 

PL-L20-D3-3-5 20 3 3 5 0.5350 0.8025 

PL-L20-D3-4-6 20 3 4 6 0.5350 1.0700 

PL-L20-D3-5-6 20 3 5 6 0.2675 1.3375 

PL-L20-D3-7-9 20 3 7 9 0.5350 1.8725 

PL-L20-D4-10-12 20 4 10 12 0.5350 2.6750 

PL-L20-D4-12-14 20 4 12 14 0.5350 3.2100 

PL-L20-D4-13-16 20 4 13 16 0.8025 3.4775 

PL-L20-D4-15-17 20 4 15 17 0.5350 4.0125 

PL-L20-D4-15-18 20 4 15 18 0.8025 4.0125 

PL-L20-D4-16-17 20 4 16 17 0.2675 4.2800 

PL-L20-D4-2-3 20 4 2 3 0.2675 0.5350 

PL-L20-D4-2-4 20 4 2 4 0.5350 0.5350 

PL-L20-D4-3-4 20 4 3 4 0.2675 0.8025 

PL-L20-D4-6-8 20 4 6 8 0.5350 1.6050 

PL-L20-D4-6-9 20 4 6 9 0.8025 1.6050 

PL-L20-D4-8-10 20 4 8 10 0.5350 2.1400 

PL-L20-D4-8-11 20 4 8 11 0.8025 2.1400 
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PL-L20-D4-8-9 20 4 8 9 0.2675 2.1400 

PL-L20-D4-9-11 20 4 9 11 0.5350 2.4075 

The numerous combinations of flat plates are required for this parametric study in order to 

analyze the effect of each parameter on output results by varying that parameter and holding 

all others constant. 

6.2.4 Computational Model Results 

The results gathered in this parametric study from the computational models is the 

temperature data of the heat flux side as the aim is to simulate a reflection mode lock in 

thermography inspection performed in the field. The temperature data is evaluated by two 

indicators; one is the temperature gradient versus time and the other is the steady state 

thermal image. The temperature gradient is defined as the difference between the maximum 

and minimum temperatures where the maximum temperature occurs directly above the 

center of the defect and the minimum temperature is the temperature of a sound region some 

distance away from the defect. A sample temperature gradient versus time plot for plate 

PL-L10-D3-3-5 is shown in Figure 40. 

 
Figure 40: Temperature gradient of heat flux side versus time for sample plate. 

The other important indicator used in this parametric study analysis is the steady state 

thermal image. A thermal image is a colored image that identifies temperature of a location 

by a color coding scheme. The thermal images of the plates in this parametric study are 

found to reach steady state and not change as time progresses between 20 seconds and two 

minutes depending on the defect dimensions. The thermal image used in this analysis is 
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collected at time t = 1200 seconds or long after steady state has been reached for all models. 

The steady state thermal image of the same plate, PL-L10-D3-3-5, is shown in Figure 41 

with two views, a full plate image and a close up image showing the details of the red circle. 

Two views such as the ones displayed in Figure 41 are provided for each thermal image 

throughout this study.  

  
Figure 41: Sample steady state thermal image (full plate left and close up right). 

The thermal image in Figure 41 shows that the maximum temperature occurs directly above 

the defect in red color. ANSYS uses a coloring code scheme of nine colors to illustrate 

temperature of a given part. Each color represents one ninth of the total temperature 

difference. So, for the thermal image shown in Figure 41, the total temperature difference 

between maximum and minimum temperature is 0.297°C which is the difference between 

95.283°C and 94.986°C. Then, ANSYS divides this total difference of 0.297°C by nine to 

create nine temperature ranges and then designates a color to represent each of these nine 

regions where red is the hottest and blue coldest. The area marked red in Figure 41 

represents the hottest region of the heat flux side of the plate at 1200 seconds and its 

temperatures fall within a range between 95.283°C and 95.25°C. The red circle is measured 

using MATLAB’s image processing toolkit and recorded for the purpose of seeing the 

relationship between geometric parameters of the defect and output results. This gives a 

quantitative way to benchmark and compare results of plates with varying defects using 

what would otherwise be qualitative data. 

6.3 Analysis of Results 
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A given parameter is varied while all others are held constant in order to analyze the effect 

of that parameter on the outputs of temperature gradient and diameter of red circle in the 

steady state thermal image. Studying the effects of all parameters on these outputs 

completes the parametric study. First the diameter of the defect is varied while thickness 

and depth are held constant for a surface level defect, then thickness is varied while diameter 

and depth are held constant, and finally depth is varied while diameter and depth are held 

constant. Furthermore, the outputs of plates with varying number of composite layers and 

the same defect are compared against one another. 

6.3.1 Effect of Defect Diameter of surface Level Defects on Output Results 

The effect of circular shaped embedded defect diameter is studied by comparing the output 

results of a group of simulations where the embedded defects have the same depth and 

thickness but a varying diameter for surface level defects. A group of four surface level 

defects is listed in Table 16 with varying diameters from 1 to 4 mm with all other parameters 

such as layers, thickness, and depth held constant.  

Table 16: Group of flat plates with surface level defects and varying diameter. 

Plate Name Layers 
Diameter 

(mm) 
Start End 

Thickness 

(mm) 

Depth 

(mm) 

PL-L10-D1-1-2 10 1 1 2 0.2675 0.2675 

PL-L10-D2-1-2 10 2 1 2 0.2675 0.2675 

PL-L10-D3-1-2 10 3 1 2 0.2675 0.2675 

PL-L10-D4-1-2 10 4 1 2 0.2675 0.2675 

The temperature gradients for the four plates in this group are plotted in Figure 42 and as 

expected, the temperature gradient increases as embedded defect diameter increases. 
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Figure 42: Temperature gradients for surface level defects with varying defect diameter. 

The effect of diameter is also analyzed by comparing the steady state thermal images of the 

four plates as shown in Figure 43. 

 
PL-L10-D1-1-2 

 
PL-L10-D2-1-2 

 
PL-L10-D3-1-2 

 
PL-L10-D4-1-2 

Figure 43: Plate views of steady state thermal images for surface level defects of 

varying diameter. 
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PL-L10-D1-1-2 

 
PL-L10-D2-1-2 

 
PL-L10-D3-1-2 

 
PL-L10-D4-1-2 

Figure 44: Close up views of steady state thermal images for surface level defects of 

varying diameter. 

The diameters of the circles in Figure 43 are measured and listed in Table 17. 

Table 17: Diameters of red circles for surface level defects with varying diameter. 

Plate Name 
Red Circle 

Diameter (mm) 

PL-L10-D1-1-2 no ring 

PL-L10-D2-1-2 0.7 

PL-L10-D3-1-2 1.1 

PL-L10-D4-1-2 1.5 

The diameter of the red circles in the steady state thermal images increases as the size of 

the diameter of the circular shaped embedded defect increases. These results indicate that 

thermography can detect a defect that is greater than 2 mm near the surface as the 

temperature gradients caused may be picked up by a camera. However, the simulation of a 

plate with an embedded defect of 1 mm diameter, 0.2675 mm thickness, and 0.2675 mm 

depth shows that temperature gradient is as small as .07°C. Thus, a camera sensitive enough 

to read this small temperature variation is required to detect this type of defect. 
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6.3.2 Effect of Defect Depth on Output Results 

The ability to identify defect depth with confidence is an important aspect to consider when 

selecting nondestructive testing inspection options. Therefore, it is critical to evaluate how 

accurate thermography can predict depth of embedded defects. The effect of defect depth 

on output results is analyzed by comparing plates with all parameters held constant except 

for defect depth. Two groups are used for this analysis because surface defects have a much 

stronger effect on temperature gradient than deep defects so comparing them on separate 

graphs is necessary to illustrate the effects. The first group is composed of defects with 

depths ranging from surface to mid level while the second group’s depths range from mid 

level to deep. The first group is listed in Table 18 and is composed of 10 layer plates with 

depths ranging from .2675 mm to 1.07 mm from the surface while diameter and thickness 

are constant at 3 mm and .2675 mm respectively. 

Table 18: Group of flat plates with varying depths ranging from surface to mid level 

depths. 

Plate Name Layers 
Diameter 

(mm) 
Start End 

Thickness 

(mm) 

Depth 

(mm) 

PL-L10-D3-1-2 10 3 1 2 0.2675 0.2675 

PL-L10-D3-2-3 10 3 2 3 0.2675 0.5350 

PL-L10-D3-3-4 10 3 3 4 0.2675 0.8025 

PL-L10-D3-4-5 10 3 4 5 0.2675 1.0700 

The temperature gradients for this group are plotted in Figure 45.  

 

Figure 45: Temperature gradients for defects with varying depth from surface to mid. 

The effect on temperature gradient differs by nearly one order of magnitude when the depth 

changes from 0.2675 mm and 1.07 mm. To further analyze the relationship between defect 
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depth and thermography temperature results, steady state thermal images for this group are 

shown in Figure 46. 

 
PL-L10-D3-1-2 

 
PL-L10-D3-2-3 

 
PL-L10-D3-3-4 

 
PL-L10-D3-4-5 

Figure 46: Plate views of steady state thermal images for defects with varying depths 

from surface to mid. 

Close up views of this group of plates are necessary in order to discern the differences in 

the steady state thermal image which are shown in Figure 47. 

 
PL-L10-D3-1-2 

 
PL-L10-D3-2-3 
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PL-L10-D3-3-4 

 
PL-L10-D3-4-5 

Figure 47: Close up views of steady state thermal images for defects with varying 

depths from surface to mid. 

It is evident from the thermal images shown in Figure 46: Plate views of steady state thermal 

images for  that the temperature remains constant for larger areas as the depth of the 

embedded defect increases. Thus, the diameter of the red circle increases with increasing 

depth of defect. The diameters of the inner red circles are measured using image processing 

and they are listed in Table 19. 

Table 19: Red circle diameters defects with varying depths from surface to mid. 

Plate Name 
Red Circle 

Diameter (mm) 

PL-L10-D3-1-2 1.1 

PL-L10-D3-2-3 1.7 

PL-L10-D3-3-4 2.0 

PL-L10-D3-4-5 2.4 

These results show that thermography can be used to differentiate between a defect that is 

near the surface and one that is towards the middle of a ten layer plate as long as the camera 

can distinguish between temperature differences that are 1°C to 0.1°C. Further, diameters 

of red circles may also be measured to increase confidentiality of defect depth prediction. 

The second group for analyzing the effect of depth on output results is composed of flat 

plates with embedded defects of depths ranging from mid to deep as listed in Table 20. 

Table 20: Group of flat plates with defects of varying depths from mid to deep. 

Plate Name Layers 
Diameter 

(mm) 
Start End 

Thickness 

(mm) 

Depth 

(mm) 

PL-L10-D3-5-6 10 3 5 6 0.2675 1.3375 

PL-L10-D3-6-7 10 3 6 7 0.2675 1.6050 
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PL-L10-D3-7-8 10 3 7 8 0.2675 1.8725 

PL-L10-D3-8-9 10 3 8 9 0.2675 2.1400 

The temperature gradients for this group are plotted in Figure 48 and it is shown that the 

temperature difference is hardly noticeable for deep defects as the temperature difference 

is close to .02°C. 

 
Figure 48: Temperature gradients for defects with depth varying from mid level to deep. 

Plate views for the steady state thermal images for this group are shown in Figure 50 and 

Figure 51 respectively.  

 
PL-L10-D3-5-6 

 
PL-L10-D3-6-7 



62 

 

 
PL-L10-D3-7-8 

 
PL-L10-D3-8-9 

Figure 49: Plate views of steady state thermal images for defects with varying depths 

from mid to deep. 

The thermal images show that the diameters of the red circles increase as depth of defect 

increases. This becomes even more evident in the close up views shown in Figure 50 and 

measurements of red circle diameters are listed in Table 21. 

 
PL-L10-D3-5-6 

 
PL-L10-D3-6-7 

-  

PL-L10-D3-7-8 

 
PL-L10-D3-8-9 

Figure 50: Close up views of steady state thermal images for defects with varying 

depths from mid to deep. 
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 Table 21: Diameters of red circles in steady state thermal images for varying defect depth 

from mid to deep. 

Plate Name 
Red Circle 

Diameter (mm) 

PL-L10-D3-5-6 2.8 

PL-L10-D3-6-7 3.1 

PL-L10-D3-7-8 3.4 

PL-L10-D3-8-9 3.7 

The increase in diameters of the red circles in the thermal images shows that as the defect 

depth increases, the more constant the temperature is at the surface being heated in a 

thermography setup. This means that a larger area with a highly sensitive camera would 

need to be used in order to detect deep defects with confidence. The final parameter of a 

circular shaped embedded defect is thickness which is analyzed next.  

6.3.3 Effect of Defect Thickness of on Output Results 

Thickness is another important parameter to characterize a defect as it gives an indication 

of the severity of the defect providing inspectors with valuable information regarding how 

likely defect is to propagate and what kind of stress concentration it can cause. The efficacy 

of thermography in detecting thickness of a defect is analyzed by evaluating the effects of 

defects with varying thicknesses against one another. The group listed in Table 22 is 

composed of three plates with defects of the same diameter and depth but with varying 

thicknesses.  

Table 22: Group of flat plates with defects of varying thicknesses. 

Plate Name Layers 
Diameter 

(mm) 
Start End 

Thickness 

(mm) 

Depth 

(mm) 

PL-L10-D3-2-3 10 3 2 3 0.2675 0.5350 

PL-L10-D3-2-4 10 3 2 4 0.5350 0.5350 

PL-L10-D3-2-5 10 3 2 5 0.8025 0.5350 

The temperature profiles of this group are plotted in Figure 51 which shows that thickness 

of a defect causes slight variations in the gradient profiles where the greater the thickness 

the larger the temperature difference. 
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Figure 51: Temperature gradients for plates with defects of varying thicknesses. 

Plate and close up views of steady state thermal images for this group are shown in Figure 

52 and Figure 53 respectively. 

 
PL-L10-D3-2-3 

 
PL-L10-D3-2-4 

 
PL-L10-D3-2-5 

Figure 52: Plate views of steady state thermal images for defects of varying thickness. 
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PL-L10-D3-2-3  

PL-L10-D3-2-4 

 
PL-L10-D3-2-5 

Figure 53: Close up views of steady state thermal images for defects of varying 

thickness. 

The effect on diameters of red circles in the steady state thermal images by defect thickness 

is rather slight as shown in the images. The measured diameters are listed in Table 23 and 

the differences are rather small that a highly sensitive camera would have to be used to pick 

up such differences. 

Table 23: Diameters of red circles in steady state thermal images for plates with varying 

defect thickness. 

Plate Name 
Red Circle 

Diameter (mm) 

PL-L10-D3-2-3 1.7 

PL-L10-D3-2-4 1.8 

PL-L10-D3-2-5 1.8 

6.3.4 Effect of Number of Layers on Output Results 

Plates with 10, 15, and 20 composite layers are added to this parametric in order to make 

the study inclusive to plate thickness. The group listed in contains three plates with an 

embedded defect of the same shape and size but with varying total plate thickness. 

Table 24: Group of flat plates with defects of varying plate thickness. 

Plate Name Layers 
Diameter 

(mm) 
Start End 

Thickness 

(mm) 

Depth 

(mm) 
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PL-L10-D4-2-3 10 4 2 3 0.2675 0.5350 

PL-L15-D4-2-3 15 4 2 3 0.2675 0.5350 

PL-L20-D4-2-3 20 4 2 3 0.2675 0.5350 

The temperature gradients for this group are very similar to one another as shown in Figure 

54. 

 
Figure 54: Temperature gradients for plates with varying number of composite layers. 

The thermal images are also very similar to one another with red circle diameter 

measurements listed in Table 25. 

Table 25: Diameters of red circles for plates with varying number of composite layers. 

Plate Name 
Red Circle 

Diameter (mm) 

PL-L10-D4-2-3 1.8 

PL-L15-D4-2-3 1.8 

PL-L20-D4-2-3 1.7 

The goal of including extra number of composite layers is to make the parametric study 

more inclusive and not be restricted to a single plate thickness. Since the total number of 

plate layers is known to the inspector, there is no need to correlate number of composite 

layers to output results. The results are shown for illustration purposes only. 

6.4 Conclusion 

This parametric study of a flat plate with a circular shaped embedded defect includes taking 

each parameter of interest and varying it while holding the others constant and analyzing 

the effects on output results. The parameters varied in this study are number of composite 
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layers, defect diameter, defect thickness, and defect depth. The output results are 

temperature gradient profiles and diameter of red circle in the steady state thermal images. 

Four control groups are created so as to isolate each parameter and effectively view its 

effects on output results; one group for varying diameter at surface, two groups for varying 

depth from surface to mid and mid to deep, and one group for varying thickness. The 

changes of a given parameter have a direct impact on the thermal properties of the plate 

which alters the flow of heat in the transient heat transfer simulation. These alterations result 

in changing the output results and an effective analysis of these results is key to 

characterizing a circular shaped embedded defect. This analysis shows the promise of 

thermography as a viable and accurate nondestructive test option to inspect composite parts 

in the field for embedded defects. This parametric study isolated each parameter and studied 

its effects on output results by using control groups. However, there is a necessity to 

perform an analysis that takes the effects of all parameters changing simultaneously because 

in the field there is no way to create control groups and analyze them separately. Taking 

into account all parameters simultaneously requires much more advanced computational 

techniques such as Artificial Neural Networks which is the subject of Chapter 7 of this 

thesis. 
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Chapter 7: Parametric Study of Pipe with Rectangular 

Shaped Embedded Defect 

7.1 Introduction 

Composites, having great advantages over their metallic counterparts such as high strength 

and stiffness to weight ratio and being less prone to corrosion, have a serious weakness 

which is their sensitivity to impact damage [21]. Impact damages can create delaminations 

due to the propagation of mechanical energy within the material leading to subsurface 

defects. These defects are invisible from external view and can lead to catastrophic failures 

if they remain undetected and untreated. It is paramount to be able to detect defects within 

pipes that are in service using a non-invasive and non-destructive method. The most 

common detection methods are based on acoustic emission, electrical potential techniques, 

ultrasonic inspection, microscopy, Terahertz, and active thermography. Active 

thermography has advantages over these methods because it does not require experienced 

technicians to analyze the information gathered [21]. The efficacy of thermography in 

detecting and characterizing embedded defects is analyzed through a parametric study. 

Extending the analysis of circular shaped embedded defects within plates, this chapter 

details the parametric study of pipes with embedded defects. 

The focus of this analysis is to check if lock-in thermography can be used in reflection mode 

to detect and more importantly characterize embedded defects within pipes. This is done 

through computational simulations on composite pipes with embedded defects of varying 

shape and size. The computational models simulate lock-in thermography carried out on 

pipes in reflection mode. This accurately represents what would take place in the field 

where a pipe in service is being inspected by heating the pipe’s outer surface and making 

thermal measurements on that same surface. Similar to the study detailed in Chapter 6:, this 

parametric study includes analyzing the effects on output results from a set of computational 

models with varying embedded defect parameters. However, a comparison between plate 

and pipe results is due in order to complete the steps of this analysis. 

7.2 Plate versus Pipe Computational Models 

It is customary in many studies to model a pipe as a plate to analyze. The main reasons for 

this assumption, in the case of analyzing how thermography may be used to characterize an 
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embedded defect, are practicality in experimentation and neglecting curvature effects in the 

mathematical model. It is more practical to create controlled damages in plates with higher 

accuracy than pipes. Furthermore, the experimental setup may be performed with greater 

ease and reliability. The curvature of a pipe may be considered small when compared to 

other dimensions. This is particularly true when the hot region of the steady state thermal 

image small as curvature of the pipe will not have much of an effect. Two groups with pipes 

are created in order to analyze the effects of increasing curvature of a pipe on temperature 

gradients. Each group contains pipes of varying diameters and a plate for benchmarking 

purposes. The first group has an embedded defect of circular shape while the second group 

has an embedded defect of rectangular shape. 

7.2.1 Group I: Pipes and Plate with Circular Shaped Embedded Defect 

A sample group of pipes with circular shaped embedded defects is created in order to 

explore the curvature effect on the computational simulations. This group is composed of 

pipes with varying diameters of 40, 50, and 120 mm. The defect is circular shaped with a 2 

mm diameter with a single layer for both depth and thickness. A typical pipe from this group 

is shown in Figure 55.  

 
Figure 55: Typical pipe with circular shaped embedded defect. 

The temperature gradients for these pipes is plotted in Figure 54 along with a plate with the 

same size defect. The temperature gradients converge for pipes of diameter 50 mm and 

greater for this defect. This indicates that the curvature of the pipe is no longer a factor if 

the diameter is greater than 50 mm for this case. Furthermore, the converged temperature 
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gradient for the pipe differs from the plate temperature gradient by a small factor. An 

appropriate multiplication factor may be analyzed as necessary on an as required basis. It 

is evident that there is a limitation for small diameter pipes as curvature plays a larger role 

in affecting temperature gradients. 

 
Figure 56: Temperature gradients for group of pipes and plate with same size circular 

defect. 

7.2.2 Group II: Pipes and Plate with Rectangular Shaped Embedded Defect 

The second sample group for analyzing the effects of curvature on thermography 

simulations is composed of two pipes with diameters 40 and 120 mm and a plate. All 

geometries in this group have an embedded rectangular shaped defect where the lengths in 

pipe z axis and circumference are 2 and 3 mm respectively. The temperature gradients for 

this group are plotted in Figure 57. Once again, it is evident that as the diameter of the pipe 

increases the temperature gradient approaches that of the flat plate. However, there is a 

correlation factor between the flat plate value and the pipe value. 
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Figure 57: Temperature gradients for group of pipes and plate with same size 

rectangular defect. 

7.3 Computational Models for Parametric Study 

Generating a set of computational models for this parametric study is completed by first 

creating a base model of a composite pipe and then making geometric alterations to the base 

model to create the remaining models. A pipe naming convention is devised for tracking 

and documentation purposes. Finally, the computational simulation results are generated 

and compared against each other with the goal of identifying a defect parameter’s effect on 

output results. 

7.3.1 Creating the Base Computational Model 

The base model of this parametric study is similar to the base model of Chapter 6: except 

with two main differences. These differences are that the base structure is a pipe and the 

embedded defect is rectangular shaped instead of circular shaped. The workflow for 

developing computational models of pipes with rectangular shaped embedded defects is as 

follows: 

1. Define Element Type 

2. Set Material Properties 

3. Discretize Problem into Finite Element Model 

4. Generate a mesh 
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5. Apply initial Boundary Conditions and Applied Loads 

7.3.1.1 Defining Element Type 

The element types are automatically selected by ANSYS Workbench and are listed in Table 

26 below. 

Table 26: Element types and descriptions for base model of parametric study 

Element Name Description 

SOLID278 8 noded brick element 

SURF152 3D thermal 

Section 5.2 contains a detailed discussion of these elements. 

7.3.1.2 Material Properties 

The material properties are assumed to be identical to that of the original model described 

in Chapter 5: and are as per Table 9 in Section 5.3 

7.3.1.3 Discretization of Base Model of Parametric Study 

The base model is discretized by defining it as a transient heat transfer model in three 

dimensions as the effect of the embedded defect’s parameters on temperature on the outer 

surface of a pipe are studied. The parameters of the embedded defect vary in all three 

directions, x, y, and z so a 3D model is necessary. 

7.3.1.4 Mesh Generation 

The geometry and mesh for this model are created through several steps. First, a shell 

cylinder is created by extruding a circle drawn in the x-y plane in the z direction for a 

specified length of 20 mm as shown in Figure 58. 
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Figure 58: Extruded shell used to create base computational model of pipe with 

embedded defect. 

Next, the shell is imported into ANSYS ACP PrePost and extruded to the desired number 

of composite layers using a ply layup of [0°/90°] and a ply thickness of 0.2675 mm. The 

result of the extruded layers to form the pipe is shown in Figure 59.  

 
Figure 59: Model of pipe after adding composite layers in ACP. 

Finally, a cut is created that exactly lines up with existing elements in order to ensure that 

elements maintain their shape and integrity. A close up section view of the pipe with a 

rectangular shaped embedded defect is shown in Figure 60. 
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Figure 60: Close-up section view of pipe with rectangular shaped embedded defect. 

7.3.1.5 Setting Initial Conditions and Apply Loads 

The initial boundary conditions of the plate are defined by setting all nodes to an initial 

temperature of 22°C which is the assumed room temperature value. The loads are defined 

by applying a heat flux to the outer diameter of the composite pipe and convection to the 

inner diameter. The heat flux, film coefficient, and bulk temperature are 1750 W/m2, 27.5 

W/m2°C, and 22°C respectively as shown in Figure 61. The heat flux and film coefficient 

combination is defined through the validation process described in Section 0 of this thesis. 

  
Figure 61: Details of applied loads of Convection (left) and Heat Flux (right). 
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The remaining computational models are generated by varying the rectangular shaped 

embedded defect and the number of composite layers of the base model. 

7.3.2 Generating Remaining Computational Models 

The parameters that are varied in this study are geometric dimensions of the rectangular 

shaped embedded defect and number of composite plate layers. The geometric dimensions 

that fully define a rectangular shaped embedded defect are the two in-plane dimensions, 

thickness, and depth. The two in-plane dimensions are width and length. The width 

represents the distance of the defect in the direction of the z axis while the length represents 

the distance of the defect along the pipe circumference, and these are identified as ‘W’ and 

‘C’ in Figure 62, respectively. The depth is designated as the distance from the heat flux 

side to the start of the defect and marked as ‘D” in Figure 62, while thickness is marked as 

‘T’ in Figure 62. Figure 62, below, shows a section view of the pipe with dimensions that 

fully identify the rectangular shaped embedded defect and the sides where heat flux and 

convection are applied.  

 
Figure 62: Section view of pipe with rectangular shaped embedded defect identifying 

dimensions and sides of convection and heat flux. 

The number of composite layers and pipe diameter are also varied in this parametric study, 

so its’ application is not limited to a composite pipe of a certain diameter and number of 

layers. 

Varying these six parameters of defect circumferential length, defect width along z axis, 

defect depth, defect thickness, pipe outer diameter, and total number of layers produces a 

numerous combination of models that is equal to the product of variations each parameter 



76 

 

achieves. Certain values for each parameter are selected using engineering judgement for 

the sake of making the study useful and realistic. 

The same cutting method described in section 6.2.2 is used to create these rectangular 

shaped embedded defects by removing elements from the geometry. Thus, an embedded 

defect size is exactly the size of the elements removed. This method ensures that elements 

maintain their geometry and integrity. 

The in-plane dimensions of defect circumferential length and defect width are both set to 1, 

2, 3, and 4 mm. The defect thickness is set to 1, 2, and 3 layers thick. The layer thickness 

used in this parametric study is fixed at 0.2675 mm, so the defect thickness values are 

0.2675, 0.535, and 0.8025 mm thick. This range of defect thickness helps determine the 

efficacy of lock-in thermography in predicting defects within this range of thickness. 

The defect depth is defined by convention throughout this thesis as the distance from the 

heat flux side to the start of the embedded defect. For the case of the pipe, the defect depth 

is the distance from the outer diameter of the pipe to the start of the rectangular shaped 

embedded defect. The defect depth is an important defect parameter to be able to 

characterize accurately using lock-in thermography. The entire range of defect depths is 

studied in order to gauge the lock-in thermography’s efficacy in predicting defect depth 

accurately. Defect depth must be an integer multiple of layer thickness, 0.2675 mm, so as 

to not compromise the integrity of the existing elements. The minimum of defect depth 

range for the computational models of pipes with embedded defects is one layer or 0.2675 

mm while the maximum is the total number of layers minus two. 

The composite pipe outer diameter parameter is set to 40 and 50 mm while the number of 

total layers is set to 10 and 20 layers so as to include multiple pipe sizes in this parametric 

study. Table 14 summarizes the parameters and the respective values achieved by each 

parameter. The symbols that appear in Table 14 between quotation marks correspond to the 

dimension name in Figure 62. 

Table 27: Parameters of parametric study and values each may achieve. 

 Values Units 
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Defect 

Distance Along 

Z Axis, Width, 

'W' 

1 2 3 4 mm 

Defect 

Circumferential 

Length 'C' 

1 2 3 mm 

Defect 

Thickness 'T' 
1 2 3 Layers 

Defect Depth 

'D' 

Minimum of 1 layer to a maximum of (plate 

thickness - 2 layers). Each integer layer depth 

between minimum and maximum. 

Layers 

Outer 

Diameter 
40 30 mm 

Pipe Thickness 10 Layers 

The total number of model combinations may be calculated from Table 14. For example, a 

pipe with 10 layers has 4 defect widths ‘W’, 3 defect lengths ‘C’, 3 defect thicknesses ‘T’, 

8 depths ‘D’, and 2 outer diameters. This results in 576 total models for a pipe with a 

thickness of 10 layers, or the product of 4, 3, 3, 8, and 2. It is not necessary to run all 576 

simulations, instead only a sample large enough to compare the effects of each parameter 

on output results is created for this parametric study. The topic of the next section is 

generating the remaining pipes for this parametric study and the adopted naming 

convention. 

7.3.3 Remaining Pipes and Pipe Naming Convention 

The remaining pipes created for this parametric study are generated by modifying the 

embedded defect shape and size, outer pipe diameter, and number of pipe layers of the base 

model described in section 7.3.1 of this chapter. This set results in many pipes with varying 

defect profile, outer diameter, and number of layers, so it is necessary to adopt a naming 

convention to fully define the pipes for the sake of documenting and comparing results. The 

naming convention consists of five parts separated by dashes as listed. 

1. P for pipe followed by a numeric value indicating the outer diameter in mm. 

2. L and a numeric value as number of layers 
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3. W and numeric value as defect width or length in z direction in mm. (‘W’ as 

indicated in Figure 62) 

4. C and numeric value as defect length along pipe circumference in mm. (‘C’ as 

indicated in Figure 62) 

5. Numeric value for start layer of defect counting from heat flux side 

6. Numeric value for end layer of defect counting from heat flux side 

The naming convention is best described by an example and an equivalent illustration. 

For example, P40-L10-W4-C1-4-7 is a pipe with 40 mm outer diameter, 10 layers 

and a rectangular shaped embedded defect with in plane dimensions of 4 and 1 mm 

for width and circumferential length, respectively. Moreover, the defect starts at layer 

4 and ends at layer 7 as shown in Figure 63. The heat flux is applied to outer diameter 

while convection is applied to inner diameter side. These sides are also depicted in 

the figure because the counting of layers is set from the heat flux side. 

 
Figure 63: Section view of pipe, P40-L10-W4-C1-4-7, to illustrate naming 

convention. 

The numbers assigned to start and end layer are from the heat flux side as shown in Figure 

63, layer 4 is not removed while layers 5, 6, and 7 are removed. So, the depth and thickness 

of the embedded defect shown are 4 * layer thickness and (7-4) * layer thickness 

respectively. Since the layer thickness is .2675 mm for this model, the depth and thickness 

values are 1.07 mm and 0.8025 mm respectively. This parametric study is enriched with 

many combinations of pipes with rectangular shaped embedded defects by varying the 
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parameters as mentioned in Table 14. Table 28 lists these combinations and their 

corresponding name according to convention along with parameter values. 

Table 28: Pipes with rectangular shaped embedded defects. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W1-C1-9-10 40 10 1 1 9 10 0.2675 2.4075 

P40-L10-W1-C1-1-2 40 10 1 1 1 2 0.2675 0.2675 

P40-L10-W2-C1-1-2 40 10 2 1 1 2 0.2675 0.2675 

P40-L10-W3-C1-1-2 40 10 3 1 1 2 0.2675 0.2675 

P40-L10-W4-C1-1-2 40 10 4 1 1 2 0.2675 0.2675 

P40-L10-W1-C1-1-3 40 10 1 1 1 3 0.535 0.2675 

P40-L10-W2-C1-1-3 40 10 2 1 1 3 0.535 0.2675 

P40-L10-W3-C1-1-3 40 10 3 1 1 3 0.535 0.2675 

P40-L10-W4-C1-1-3 40 10 4 1 1 3 0.535 0.2675 

P40-L10-W1-C1-2-3 40 10 1 1 2 3 0.2675 0.535 

P40-L10-W2-C1-2-3 40 10 2 1 2 3 0.2675 0.535 

P40-L10-W3-C1-2-3 40 10 3 1 2 3 0.2675 0.535 

P40-L10-W4-C1-2-3 40 10 4 1 2 3 0.2675 0.535 

P40-L10-W4-C1-2-4 40 10 4 1 2 4 0.535 0.535 

P40-L10-W1-C1-2-4 40 10 1 1 2 4 0.535 0.535 

P40-L10-W1-C1-2-5 40 10 1 1 2 5 0.8025 0.535 

P40-L10-W3-C1-2-5 40 10 3 1 2 5 0.8025 0.535 

P40-L10-W4-C1-2-5 40 10 4 1 2 5 0.8025 0.535 

P40-L10-W1-C1-3-4 40 10 1 1 3 4 0.2675 0.8025 

P40-L10-W2-C1-3-4 40 10 2 1 3 4 0.2675 0.8025 

P40-L10-W4-C1-3-4 40 10 4 1 3 4 0.2675 0.8025 

P40-L10-W3-C1-3-4 40 10 3 1 3 4 0.2675 0.8025 

P40-L10-W3-C1-2-4 40 10 3 1 2 4 0.535 0.535 

P40-L10-W2-C1-2-4 40 10 2 1 2 4 0.535 0.535 

P40-L10-W2-C1-2-5 40 10 2 1 2 5 0.8025 0.535 

P40-L10-W2-C1-3-5 40 10 2 1 3 5 0.535 0.8025 

P40-L10-W4-C1-3-5 40 10 4 1 3 5 0.535 0.8025 

P40-L10-W4-C1-4-5 40 10 4 1 4 5 0.2675 1.07 

P40-L10-W2-C1-4-5 40 10 2 1 4 5 0.2675 1.07 

P40-L10-W2-C1-4-6 40 10 2 1 4 6 0.535 1.07 

P40-L10-W4-C1-4-6 40 10 4 1 4 6 0.535 1.07 



80 

 

P40-L10-W4-C1-4-7 40 10 4 1 4 7 0.8025 1.07 

P40-L10-W1-C1-4-7 40 10 1 1 4 7 0.8025 1.07 

P40-L10-W1-C2-1-2 40 10 1 2 1 2 0.2675 0.2675 

P40-L10-W1-C3-1-2 40 10 1 3 1 2 0.2675 0.2675 

P40-L10-W1-C3-1-3 40 10 1 3 1 3 0.535 0.2675 

P40-L10-W1-C2-1-3 40 10 1 2 1 3 0.535 0.2675 

P40-L10-W2-C2-1-2 40 10 2 2 1 2 0.2675 0.2675 

P40-L10-W3-C2-1-2 40 10 3 2 1 2 0.2675 0.2675 

P40-L10-W4-C2-1-2 40 10 4 2 1 2 0.2675 0.2675 

P40-L10-W2-C2-1-3 40 10 2 2 1 3 0.535 0.2675 

P40-L10-W2-C2-1-4 40 10 2 2 1 4 0.8025 0.2675 

P40-L10-W2-C3-1-2 40 10 2 3 1 2 0.2675 0.2675 

P40-L10-W2-C3-2-3 40 10 2 3 2 3 0.2675 0.535 

P40-L10-W2-C3-3-4 40 10 2 3 3 4 0.2675 0.8025 

P40-L10-W2-C3-4-5 40 10 2 3 4 5 0.2675 1.07 

P40-L10-W3-C3-5-6 40 10 3 3 5 6 0.2675 1.3375 

P40-L10-W3-C3-6-7 40 10 3 3 6 7 0.2675 1.605 

P40-L10-W3-C3-7-8 40 10 3 3 7 8 0.2675 1.8725 

P40-L10-W3-C3-8-9 40 10 3 3 8 9 0.2675 2.14 

P35-L10-W2-C2-1-2 35 10 2 2 1 2 0.2675 0.2675 

P35-L10-W2-C2-1-3 35 10 2 2 1 3 0.535 0.2675 

P35-L10-W2-C2-1-4 35 10 2 2 1 4 0.8025 0.2675 

P35-L10-W1-C2-1-3 35 10 1 2 1 3 0.535 0.2675 

P35-L10-W3-C2-1-3 35 10 3 2 1 3 0.535 0.2675 

P35-L10-W4-C2-1-3 35 10 4 2 1 3 0.535 0.2675 

P35-L10-W2-C1-2-3 35 10 2 1 2 3 0.2675 0.535 

P35-L10-W2-C2-2-3 35 10 2 2 2 3 0.2675 0.535 

P35-L10-W2-C3-2-3 35 10 2 3 2 3 0.2675 0.535 

P35-L10-W2-C2-3-4 35 10 2 2 3 4 0.2675 0.8025 

P35-L10-W2-C2-4-5 35 10 2 2 4 5 0.2675 1.07 

P35-L10-W2-C2-5-6 35 10 2 2 5 6 0.2675 1.3375 

P35-L10-W2-C2-6-7 35 10 2 2 6 7 0.2675 1.605 

P35-L10-W2-C2-7-8 35 10 2 2 7 8 0.2675 1.8725 

P35-L10-W2-C2-8-9 35 10 2 2 8 9 0.2675 2.14 

The numerous combinations of pipes are required for this parametric study in order to 

analyze the effect of each parameter on output results by varying that parameter and holding 

all others constant. 
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7.3.4 Computational Model Results 

The results gathered in this parametric study from the computational models is the 

temperature data of the heat flux side, outer pipe diameter, as the aim is to simulate a 

reflection mode lock in thermography inspection performed in the field. The temperature 

data is evaluated by two indicators; one is the temperature gradient versus time and the 

other is the steady state thermal image. The temperature gradient is defined as the difference 

between the maximum and minimum temperatures where the maximum temperature occurs 

directly above the center of the defect and the minimum temperature is the temperature of 

a sound region some distance away from the defect. A sample temperature gradient versus 

time plot for pipe P40-L10-W1-C2-1-3 is shown in Figure 64. 

 
Figure 64: Temperature Gradient versus Time for Sample Pipe. 

The other important indicator used in this parametric study analysis is the steady state 

thermal image. A thermal image is a colored image that identifies temperature of a location 

by a color coding scheme. The thermal images of the plates in this parametric study are 

found to reach steady state and not change as time progresses between 20 seconds and two 

minutes depending on the defect dimensions. The thermal image used in this analysis is 

collected at time t = 1200 seconds or long after steady state has been reached for all models. 

The steady state thermal image of the same pipe, P40-L10-W1-C2-1-3, is shown in Figure 

41 with two views, a full pipe image and a close up image showing the details of the red 

circle. Two views such as the ones displayed in Figure 41 are provided for each thermal 

image throughout this study. 
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Figure 65: Sample Steady State Thermal Image (full pipe left and close up right). 

The thermal image shown in Figure 41 shows that the maximum temperature is 

concentrated near the region of the defect. As discussed in Section 6.2, ANSYS uses a color 

coding of nine colors to illustrate temperatures. Thus, each colored region represents one 

ninth of the total temperature difference. So, for the thermal image shown in Figure 41, the 

total temperature difference between maximum and minimum temperature is 0.22°C which 

is the difference between 105.7°C and 105.48°C, which are displayed as maximum and 

minimum temperatures in Figure 41 respectively. ANSYS then divides this total difference 

of 0.22°C by nine to create nine temperature ranges and then designates a color to represent 

each of these nine regions where red is the hottest and blue coldest. The area marked red in 

Figure 41 represents the hottest region of the heat flux side of the pipe at 1200 seconds and 

its temperatures fall within a range between 105.68 and 105.7°C.  

7.4 Analysis of Results 

A given parameter is varied while all others are held constant in order to analyze the effect 

of that parameter on the outputs of temperature gradient and dimensions of red region in 

the steady state thermal image. Studying the effects of all parameters on these outputs 

completes the parametric study. First the defect width is varied while all other parameters 

are held constant for a surface level defect. Then defect thickness and defect depth are 

varied in a similar way where all other parameters are held constant. Finally, identical 

defects of different pipe diameters are compared to one another. 
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7.4.1 Effect of defect in-plane dimensions on Output Results for surface level 

defects 

The rectangular shaped embedded defects have two in-plane dimensions, width and length. 

As defined previously the width is the distance of the defect along the z axis or the center 

line of the pipe while the length is defined as the defect length along the pipe circumference.  

The effects of these two in-plane dimensions are studied by studying groups of pipes where 

each parameter is varied separately. 

7.4.1.1 Effect of Defect Width for surface level defects on output results 

Defect width for a rectangular shaped embedded defect is studied by comparing the output 

results of a group of simulations where defect width varies, and other parameters remain 

constant. A group of four pipes with rectangular shaped defects near the surface with 

varying defect widths is shown in Table 16. 

Table 29: Group of pipes rectangular shaped defects near the surface with varying defect 

widths. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W1-C2-1-2 40 10 1 2 1 2 0.2675 0.2675 

P40-L10-W2-C2-1-2 40 10 2 2 1 2 0.2675 0.2675 

P40-L10-W3-C2-1-2 40 10 3 2 1 2 0.2675 0.2675 

P40-L10-W4-C2-1-2 40 10 4 2 1 2 0.2675 0.2675 

The temperature gradients for the four pips in this group are plotted in Figure 66 and as 

expected, the temperature gradient increases as embedded defect width increases. 
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Figure 66: Temperature gradients for surface level defects with varying defect width. 

The effect of embedded defect width is also studied by comparing the pipe and close up 

views of steady state thermal images of the four pipes as shown in Figure 67 and Figure 68 

respectively. 

 
P40-L10-W1-C2-1-2 

 
P40-L10-W2-C2-1-2 

 
P40-L10-W3-C2-1-2 

 
P40-L10-W4-C2-1-2 

Figure 67: Pipe views for steady state thermal images 

for defects of varying width. 
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P40-L10-W1-C2-1-2 

 
P40-L10-W2-C2-1-2 

 
P40-L10-W3-C2-1-2 

 
P40-L10-W4-C2-1-2 

Figure 68: Close up views for steady state thermal images for defects of varying width. 

7.4.1.2 Effect of Defect Length for surface level defects on output results 

Defect length for a rectangular shaped embedded defect is studied by comparing the output 

results of a group of simulations where defect length varies, and other parameters remain 

constant. A group of four pipes with rectangular shaped defects near the surface with 

varying defect lengths is shown in Table 30. 

Table 30: Group of pipes with defect circumferential lengths. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W1-C1-1-2 40 10 1 1 1 2 0.2675 0.2675 

P40-L10-W1-C2-1-2 40 10 1 2 1 2 0.2675 0.2675 

P40-L10-W1-C3-1-2 40 10 1 3 1 2 0.2675 0.2675 

The temperature gradients for this group are plotted in Figure 66 and as expected, the 

temperature gradient increases as embedded defect length increases. 
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Figure 69: Temperature gradients for surface level defects with varying defect length. 

Pipe and close up views for steady state thermal images are also compared for this group of 

pipes listed in Table 30 and are shown in Figure 70 and Figure 71, respectively. 

 
P40-L10-W1-C1-1-2 

 
P40-L10-W1-C2-1-2 

 
P40-L10-W1-C3-1-2 

Figure 70: Pipe views for steady state thermal images for surface level defects of 

varying length. 
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P40-L10-W1-C1-1-2 

 
P40-L10-W1-C2-1-2 

 
P40-L10-W1-C3-1-2 

Figure 71: Close up views for steady state thermal images for surface level defects of 

varying length. 

7.4.2 Effect of defect depth on Output Results 

The ability to predict defect depth accurately is important because it will allow for assigning 

successful corrective actions. A set of pipes is analyzed in order to gauge lock-in 

thermography’s effectiveness in predicting defect depth. This set contains two groups 

where the only parameter that varies is defect depth where the first group is composed of 

pipes with defects ranging from surface to mid level depths and the second group’s defect 

depths range from mid to deep. It is necessary to use two groups as the temperature gradient 

range between surface and deep defects is disparate. The group listed in Table 31 is 
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composed of pipes with embedded defects of varying depth from the first layer to the fourth 

layer. 

Table 31: Group of pipes with defect depths ranging from surface to mid level. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W2-C3-1-2 40 10 2 3 1 2 0.2675 0.2675 

P40-L10-W2-C3-2-3 40 10 2 3 2 3 0.2675 0.535 

P40-L10-W2-C3-3-4 40 10 2 3 3 4 0.2675 0.8025 

P40-L10-W2-C3-4-5 40 10 2 3 4 5 0.2675 1.070 

The temperature gradients for this group of pipes is shown in Figure 72. 

 
Figure 72: Temperature gradients for defects with varying depths from surface to mid. 

Pipe and close up views of steady state thermal images for this group are shown in Figure 

73 and Figure 74 respectively. 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-2-3 

 
P40-L10-W2-C3-2-3 

 
P40-L10-W2-C3-2-3 

Figure 73: Pipe views for steady state thermal images for varying defect depth from 

surface to mid 
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P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

Figure 74: Close up views for steady state thermal images for varying defect depth from 

surface to mid. 

A second group of pipes with embedded defects of varying depths is listed in Table 32. This 

group has defects with depths ranging from the fifth layer to the eighth layer or from mid-

level to deep. 

Table 32: Group of pipes with defect depths ranging from mid-level to deep. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W3-C3-5-6 40 10 2 3 1 2 0.2675 1.3375 

P40-L10-W3-C3-6-7 40 10 2 3 2 3 0.2675 1.6050 

P40-L10-W3-C3-7-8 40 10 2 3 3 4 0.2675 1.8725 

P40-L10-W3-C3-8-9 40 10 2 3 4 5 0.2675 2.1400 
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The temperature gradients of this group are plotted in Figure 72, and as expected the 

gradient is much smaller than the previous group. 

 
Figure 75: Temperature gradients for defects with varying depths from mid-level to 

deep. 

Pipe and close up views of steady state thermal images are shown in Figure 76 and Figure 

77 respectively. 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-2-3 

 
P40-L10-W2-C3-2-3 

 
P40-L10-W2-C3-2-3 

Figure 76: Pipe views for steady state thermal images for varying defect depth from 

mid to deep. 
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P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-2 

Figure 77: Close up views for steady state thermal images for varying defect depth from 

mid to deep. 

The thermal images for pipes with defects of varying depths show similar results as thermal 

images for plates with defects of varying depths whereas the defect depth increases the 

larger the red circle above the defect becomes. However, it is important to note that highly 

sensitive thermography equipment is required in order to detect deep defects as the 

temperature gradient for the deepest defect is nearly .05°C. 

7.4.3 Effect of defect thickness on Output Results 

Defect thickness is an important parameter to be able to characterize through lock-

thermography. Comparing computational models where the only varying parameter is the 

thickness of the embedded defect defines the ability of this inspection method to detect 
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thickness and at what defect depth. Table 33 contains a group of pipes with varying defect 

thickness all starting from the first layer. 

Table 33: Group of pipes with varying defect thicknesses. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W2-C2-1-2 40 10 2 2 1 2 0.2675 0.2675 

P40-L10-W2-C2-1-3 40 10 2 2 1 3 0.5350 0.2675 

P40-L10-W2-C2-1-4 40 10 2 2 1 4 0.8025 0.2675 

The temperature gradient profiles for these three pipes is shown in Figure 78. 

 
Figure 78: Temperature gradients for surface level defects with varying defect 

thickness. 

Pipe and close up views of steady state thermal images are shown in Figure 76 and Figure 

77 respectively. 

 
P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-2-3 

 
P40-L10-W2-C3-2-3 

Figure 79: Pipe views for steady state thermal images for varying 

defect thickness 
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P40-L10-W2-C3-1-2 

 
P40-L10-W2-C3-1-3 

 
P40-L10-W2-C3-1-4 

Figure 80: Close up views for steady state thermal images for varying defect thickness 

7.4.4 Effect of pipe diameter on Output Results 

This parametric study includes multiple diameter sizes so as to include pipe diameter in the 

results. This study contains pipe diameters of two sizes which are 40 and 35 mm. The output 

results of two pipes with identical defects but different diameters are compared in order to 

discern the effect of pipe diameter on thermography results. Table 34 lists two pipes that 

match this criterion where defect width, length, thickness, and depth are 2, 2, 0.8025, and 

0.2675 mm respectively but the pipe diameters are 40 and 35 mm. 

Table 34: Group of pipes with varying outer diameter. 

Pipe Name 

Pipe 

Diameter 

(mm) 

Layers 

Defect 

Width 

(mm) 

Defect 

Length 

(mm) 

Start End 
Thickness 

(mm) 

Depth 

(mm) 

P40-L10-W2-C2-1-4 40 10 2 2 1 2 0.2675 0.2675 

P35-L10-W2-C2-1-4 40 10 2 2 1 3 0.5350 0.2675 



94 

 

Figure 81 Shows that the temperature gradients for these two pipes is very similar. 

 
Figure 81: Temperature gradients for pipes with identical defects but different diameter. 

Although the temperature gradients or the difference between minimum and maximum 

temperature are similar, there is a noted difference between the magnitudes of the maximum 

temperatures. This is evident from the pipe and close up view of steady state thermal images 

shown in Figure 82 and Figure 83 respectively. 

 
P40-L10-W2-C2-1-4 

 
P35-L10-W2-C2-1-4 

Figure 82: Pipe views of steady state thermal images for pipes with varying diameters 
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P40-L10-W2-C3-1-2 

 
P35-L10-W2-C3-1-3 

Figure 83: Close up views of steady state thermal images for pipes with varying 

diameters 

7.5 Conclusion 

This parametric study of a pipe with a rectangular shaped embedded defect includes 

numerous computational models, with varying combinations of the parameters. The five 

parameters are the four dimensions that fully define the rectangular shaped embedded 

defect and the outer diameter of the pipe. The four defining dimensions of the defect are 

thickness, depth, and the two in-plane dimensions or width along z axis and circumferential 

length. The output results in this analysis are temperature gradient and steady state thermal 

image which are the results that would be available from a thermography inspection. The 

goal of the parametric study is to analyze thermography’s effectiveness in detecting and 

characterizing embedded defects within pipes. This is done by comparing pipes with 

embedded defects where only one parameter varies, and all others remain constant. The 

variations in output results indicate how accurately thermography results can be used to 

characterize a defect. This parametric study isolated each parameter and studied its effects 

on output results by using control groups. However, there is a necessity to perform an 

analysis that takes the effects of all parameters changing simultaneously because in the field 

there is no way to create control groups and analyze them separately. Considering all 

parameters simultaneously requires much more advanced computational techniques such 

as Artificial Neural Networks which is the subject of Chapter 7 of this thesis. 
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Chapter 8: Artificial Neural Network 

8.1 Introduction 

Warren S. McCulloch, a neuroscientist, and Walter Pitts, a logician, published “A logical 

calculus of the ideas immanent in nervous activity” in the Bulletin of Mathematical 

Biophysics 5:115-133 in 1943. This paper is a first attempt to describe how the brain 

produces highly complex patterns by modeling the brain as a set of interconnected cells 

called neurons [22]. This highly simplified model of a biological function inspired a 

computational compliment that works in a similar fashion, Artificial Neural Networks 

(ANN). An ANN is a system composed of neurons where each neuron accepts one or more 

weighted inputs and generates an output. The output is generated using an activation 

function that is fed with the sum of the weighted inputs and the bias of the neuron. The 

process of a typical node including weighted inputs, bias, activation function and output is 

depicted in Figure 84.  

 

Figure 84: Model and Function of a Single Neuron in a Neural Network. [23] 

Interconnected neurons make up a layer in a neural network and there are three layer types, 

Input Layers, Hidden Layers, and Output Layers. Layers are defined by what neurons on 

that layer do with input received. The nodes of an input layer do not alter values received, 

they only duplicate values and send them to nodes on hidden or output layers. The hidden 

layer nodes apply given transformations and perform the processing via a system of 

weighted connections. The hidden layers then link to an output layer which contains nodes 
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that return an output value corresponding to the prediction of the response variable [24]. 

The typical structure of an ANN with its nodes and layer types is shown in Figure 85. 

 
Figure 85: Structure of an ANN with two hidden layers. [24] 

Through this complex architecture of interconnected nodes, weights, and activation 

functions, a Neural Network can produce remarkably accurate results even when fed with 

complicated and/or imprecise data. 

The previous chapters of 5 and 6, parametric studies of flat plates and pipes with embedded 

defects, showed that there is an intricate relationship between embedded defect size 

parameters and output of a lock-in thermography setup. This intricate relationship cannot 

be completely discerned through conventional means, thus neural networks are an ideal 

option for uncovering this relationship. First the workflow of creating neural networks for 

computational simulations of lock-in thermography is described, and then the results of 

neural network simulations for the plates and pipes are discussed. 

8.2 Neural Networks Workflow for Computational Simulations of 

Lock-In Thermography 

Chapters 5 and 6 describe the computational models for lock-in thermography carried out 

on sets of plates and pipes with embedded defects, respectively. The data from these 

thermography simulations is used to create neural networks to predict the embedded defect 

details. A neural network is created for each sample and is simulated to predict defect details 

for that particular sample. More specifically, the embedded defect details of all samples 
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except for one are assumed to be known while the thermography data of all samples is 

known. 

This is a realistic scenario where a thermography inspector may have a set of thermography 

results from experiments carried out on samples where the defect size and shape are known 

through controlled means. Now, the inspector takes thermography measurements of a 

component in the field where the defect details are not known and uses the existing 

experimental data to predict the field component’s defect details. Thus, a single neural 

network is created for each sample using the data of the remaining samples to predict the 

defect details of that sample. The neural networks for the flat plates and pipes are similar 

with a few differences to note. These differences are noted throughout the discussion as 

they appear. The following workflow for creating a typical neural network in this study is 

devised. 

1. Collect Data 

2. Create and Configure the network 

3. Train the network 

4. Simulate results. 

8.2.1 Data Collection 

The data in this study is composed of three parameters which are temperature gradients, 

dimensions of red regions in the steady state thermogram, and defect thickness. The 

temperature gradients and steady state thermogram are generated by the computational 

models for the flat plate and pipe which are discussed in Chapters 5 and 6 respectively. The 

temperature gradient is the difference between maximum and minimum temperatures of the 

face available for inspection which is the front side for the flat plate and the outer diameter 

for the pipe. The red region of the steady state thermal image indicates the area of highest 

temperature of the same face. This red region takes on a circular shape for the flat plate and 

multiple shapes such as circles, diamonds, and other polygons for the pipe. Dimensions of 

this red region are measured using MATLAB’s image processing toolkit to make up the 

second parameter of the data collection process. The third and final parameter of data 

collection in this study is the defect thickness. The defect thickness is assumed to be known. 
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This is a realistic scenario as the inspector carrying out thermography can search for a defect 

thickness of a given value while carrying out thermography inspection. 

8.2.2 Create and Configure the Network 

The neural networks are created and configured using MATLAB’s Neural Network Toolkit 

through the fitnet command call. The two arguments of the fitnet function are number of 

hidden layers and training function [25]. The number of hidden layers and training function 

are set as 10 and ‘trainlm’ respectively. The number of hidden layers is the number of 

neurons between the input and output and 10 is chosen as it gives accurate results while 

keeping computation running times practical. MATLAB’s default network training 

function, ‘trainlm’, is used in this study. This function updates weight and bias states 

according to the Levenberg-Marquardt optimization [25]. Figure 86 shows MATLAB’s 

neural network training tool with number of hidden layers and the training function used to 

create and configure the network. 

 
Figure 86: Training Toolkit neural network of a flat plate with number of hidden layers 

and training function shown. 

8.2.3 Train the Network 

The neural networks are trained through MATLAB’s ‘train’ command call. This function 

trains a network by accepting the inputs listed in Table 35. The first three arguments to the 

train function are specified, while the remaining are left as default. The first argument is the 

network created in section 8.2.2. The second and third arguments which are network inputs 
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and network targets are the results from the computational models discussed in Chapters 5 

and 6. 

Table 35: Inputs to MATLAB’s train function [25]. 
Input Description 

net Network 

X Network inputs 

T Network targets (default = zeros) 

Xi Initial input delay conditions (default = zeros) 

Ai Initial layer delay conditions (default = zeros) 

EW Error weights 

The output of the train function is a new network and a training record. The training record 

is composed of an epoch and perf. Each of the following subsections discusses the 

arguments and outputs of the ‘train’ function. 

8.2.3.1 Network Inputs 

The input to a neural network is an M X N matrix where M is the number of rows and N is 

the number of columns. M is the number of known or measurable values per sample while 

N is the number of samples. 

In this study, M is composed of outputs from the computational simulations of lock-in 

thermography and geometric data that is known to the inspector. The computational 

simulation outputs are temperature gradients at specified time intervals and measurements 

made on the red region of the steady state thermal image. The geometric data that is known 

to the inspector are what he or she would be able to measure and hypothesize. This 

geometric data is number of composite layers and defect thickness for the plates and pipe. 

Further, the outer diameter for the pipe is also known. 

The temperature gradient or the difference between minimum and maximum temperatures 

of measured face are obtained at 100 different time intervals. These time intervals are every 

second for the first minute, every fifteen seconds for the second minute, and every 30 

seconds for the remaining minutes up to twenty minutes. Thus, there are 60 values from the 

first minute, 4 values from the first to the second minute, and 36 values for the remaining 

amount of time up to twenty minutes. These sum up to 100 temperature gradient 

measurements. 
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The dimensions of the red region differ between the flat plate and the pipe, where the red 

region is a circular shape for the flat plate and takes on multiple shapes for the pipe. For the 

case of the plate one dimension defines the circle which is the diameter. For the case of the 

pipe, three parameters are used which are horizontal and vertical dimensions of the red 

region and shape definition. A more detailed discussion regarding these parameters follows 

in Section 8.4.1. 

The number of composite layers is known by the inspector and would be mentioned in 

documentation of component being inspected. The defect thickness which is assumed to be 

a known value in this study is also treated as an input. 

Thus, the value for M in this study is 103 for the plate. This is composed of 100 temperature 

gradients, the defect thickness, the diameter of the red circle, and the total number of plate 

layers. On the other hand, the value for M is 105 for the pipe. This is composed of 100 

temperature gradients, the defect thickness, and the three parameters obtained from the red 

region of the steady state thermogram. The 103 input layers representing temperature 

gradients and known geometric values for neural networks simulating flat plates is shown 

in Figure 87. 

 
Figure 87: Training Toolkit neural network of a flat plate with number of inputs shown. 

As mentioned previously, a neural network is created for each sample using the remaining 

samples to train the network. Therefore, the value for N is the total number of samples 

minus one. A total of 81 plate samples and 77 pipe samples with varying embedded defect 

size were simulated. These samples are listed in Table 36 of Section 8.3 and Table 388.38.4 

for flat plates and pipes respectively. 
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8.2.3.2 Network Targets 

The network targets are the known outputs that are used to train neural networks. In this 

study the network targets are the defect details of all samples except the one being tested as 

they are assumed to be known. MATLAB divides the network targets into training, testing, 

and validation sets. The defaults ratios from MATLAB are used for this study and they are 

0.7, 0.15, and 0.15 for training, testing, and validation respectively [26]. These ratios are 

specified by divederand, shown in Figure 88, which is the default data division function 

used by MATLAB’s train function. 

 
Figure 88: Training Toolkit neural network of a flat plate with data division function 

shown. 

The network targets are inputted to the train function in matrix form. This matrix is P X N 

size where P is the number of outputs predicted per sample and N is the number of samples. 

The value for P differs between the flat plate and pipe, where P is 2 for the flat plate and 3 

for the pipe. 

There are three dimensions that fully define the circular shaped embedded defect within the 

flat plates. These three dimensions are defect thickness, defect depth, and defect diameter, 

and are indicated as ‘T’, ‘D’, and ‘Dia’ in Figure 38 respectively. Since defect thickness is 

taken as a known value, the two target dimensions for the neural network for the plates are 

defect depth and defect diameter. 
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On the other hand, there are four dimensions that fully define the rectangular shaped 

embedded defect within the pipes. These dimensions are defect thickness, defect length 

along z axis, defect length along pipe circumference, and defect depth. These dimensions 

are marked as ‘T’, ‘W’, ‘C’, and ‘D’ in Figure 62 respectively. Since the defect thickness 

is assumed to be a known value, the value of P is three for the pipes. Figure 89 shows the 

neural network for a flat plate with a value of 2 output layers representing defect diameter 

and defect depth. 

 
Figure 89: Training Toolkit for a neural network of a flat plate with number of inputs 

and outputs shown. 

The value of N in the P X N target matrix must be the same value as N in the M X N input 

matrix mentioned in section 8.2.3.1. This value is the total number of samples minus one. 

8.2.3.3 New Network 

The train function returns a new network once it is complete. This new network differs from 

the network created in section 8.2.2 in that it is now a trained network. The training process 

includes dividing the network targets into three subsets by the dividing function, dividerand. 

This function, as mentioned in section 8.2.3.2, divides the network targets into train, 

validation, and test. The train, validation, and test make up 0.70, 0.15, and 0.15 respectively. 

The training record shows the results of the best performing neural network, which is the 

one selected by MATLAB as an output to the train function. 

8.2.3.4 Training Record 

The second output of the train function is the training record which contains epochs and 

perf. An epoch can be thought of as an iteration as it is a measure of the number of times 

all training vectors are used to update the weights [26]. The perf indicates how well the 

neural network performs against the test data subset. The performance is checked using the 
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performance algorithm of Mean Squared Error for this study. Figure 90 shows that the best 

performing epoch for a neural network occurs at epoch number seven. 

 
Figure 90: Best Performing Epoch during training of neural network. 

8.2.4 Simulate Results 

The new network returned by the train function is a trained network that is ready to simulate 

results. Simulating results is done through MATLAB’s sim function which accepts two 

inputs and returns one output. The inputs are the new network and a column vector that is 

of size M X 1. M is identical to the M mentioned in section 8.2.3.1 which was used to train 

the network. The M X 1 column vector contains the information that is available to an 

inspector for the component being tested. This information is the temperature gradients at 

specified time intervals, measurements made from the steady state thermogram, and 

geometric details. 

The trained neural network uses this data to return a P X 1 column vector containing the 

unknown defect details. These details are defect diameter and defect depth for the plates 

and defect length in z direction, defect circumferential length, and defect depth for the pipes. 
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The results predicted by the neural networks of defect parameters for the plates and pipes 

are then compared to actual defect parameters of the respective computational models. The 

accuracy between predicted and actual values prove this lock-in thermography setup as a 

reliable option for detecting and characterizing embedded defects. 

8.2.5 Summary of ANN 

Figure 91 shows inputs and outputs of ANN for predicting defect depth and defect diameter 

for the flat plates with circular shaped embedded defects. It is noted that the inputs which 

are temperature gradients at selected time intervals, defect thickness, diameter of red circle 

in steady state thermal image (Dhot), and number of composite layers are known. The 

outputs which are defect depth and defect diameter are unknown. 

 
Figure 91: ANN for predicting defect depth and defect diameter in flat plates. 

Similarly, Figure 92 shows the ANN for predicting defect details of the rectangular shaped 

embedded defect within a pipe. The inputs in this case are temperature gradients at selected 

time intervals, defect thickness, thermal image information, number of composite layers, 

and pipe diameter. The thermal images of the pipes are not as uniform as they for the plates, 

thus information from these images is quantified and inputted into the ANN. A discussion 
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of this information is found in section 8.4.1. The outputs are the unknown dimensions of 

the defect which are the defect’s in plane dimensions and depth. 

 
Figure 92: ANN for predicting defect’s in plane dimensions and depth in pipes. 

8.3 ANN Prediction Results for Plates 

The neural networks predict defect diameter and defect depth of the circular shaped 

embedded defect within the flat plates. As discussed in section 8.2.3.2, the network targets 

are randomly divided into three subsets of training, testing, and validation. A total of ten 

neural networks are created for each sample in order to account for this random process and 

the average of the ten neural network predictions is used. These predicted values are 

compared to the actual defect diameter and actual defect depth of the computational model. 

The prediction results versus actual values of 81 plates are shown in separate figures for the 

sake of clarity. The plates are indexed from 1 to 81, and this index appears along the x-axis 
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of the bar charts. Table 36 correlates between this index number and plate name. This table 

further indicates the actual defect depth and actual defect diameter. 

Table 36: Index to Plate Name Correlation and Actual Defect Dimensions. 

Index Plate Name 
Diameter 

(mm) 

Depth 

(mm) 

1 PL-L10-D3-1-2 3 0.2675 

2 PL-L10-D3-2-3 3 0.535 

3 PL-L10-D3-4-5 3 1.07 

4 PL-L10-D3-5-6 3 1.3375 

5 PL-L10-D3-6-7 3 1.605 

6 PL-L10-D3-8-9 3 2.14 

7 PL-L10-D3-3-4 3 0.8025 

8 PL-L10-D3-7-8 3 1.8725 

9 PL-L10-D3-7-9 3 1.8725 

10 PL-L10-D3-6-8 3 1.605 

11 PL-L10-D3-5-7 3 1.3375 

12 PL-L10-D3-4-6 3 1.07 

13 PL-L10-D3-3-5 3 0.8025 

14 PL-L10-D3-2-4 3 0.535 

15 PL-L10-D3-1-3 3 0.2675 

16 PL-L10-D2-1-3 2 0.2675 

17 PL-L10-D2-3-5 2 0.8025 

18 PL-L10-D2-3-4 2 0.8025 

19 PL-L10-D2-4-5 2 1.07 

20 PL-L10-D2-4-6 2 1.07 

21 PL-L10-D1-4-6 1 1.07 

22 PL-L10-D1-4-5 1 1.07 

23 PL-L10-D1-3-4 1 0.8025 

24 PL-L10-D1-2-3 1 0.535 

25 PL-L10-D1-2-4 1 0.535 

26 PL-L10-D4-2-4 4 0.535 

27 PL-L10-D4-2-3 4 0.535 

28 PL-L10-D4-1-2 4 0.2675 

29 PL-L10-D4-1-3 4 0.2675 

30 PL-L10-D4-3-5 4 0.8025 

31 PL-L10-D4-3-4 4 0.8025 

32 PL-L10-D4-4-5 4 1.07 

33 PL-L10-D4-4-6 4 1.07 
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34 PL-L10-D4-5-7 4 1.3375 

35 PL-L10-D4-6-8 4 1.605 

36 PL-L10-D4-7-9 4 1.8725 

37 PL-L10-D4-7-8 4 1.8725 

38 PL-L10-D4-8-9 4 2.14 

39 PL-L20-D3-2-3 3 0.535 

40 PL-L20-D3-2-4 3 0.535 

41 PL-L20-D3-1-3 3 0.2675 

42 PL-L20-D3-3-5 3 0.8025 

43 PL-L20-D3-5-6 3 1.3375 

44 PL-L20-D3-7-9 3 1.8725 

45 PL-L20-D3-10-12 3 2.675 

46 PL-L20-D3-11-13 3 2.9425 

47 PL-L20-D3-11-14 3 2.9425 

48 PL-L20-D3-4-6 3 1.07 

49 PL-L20-D4-2-4 4 0.535 

50 PL-L20-D4-3-4 4 0.8025 

51 PL-L20-D4-2-3 4 0.535 

52 PL-L20-D4-6-8 4 1.605 

53 PL-L20-D4-6-9 4 1.605 

54 PL-L20-D4-8-9 4 2.14 

55 PL-L20-D4-8-10 4 2.14 

56 PL-L20-D4-8-11 4 2.14 

57 PL-L20-D4-9-11 4 2.4075 

58 PL-L20-D4-10-12 4 2.675 

59 PL-L20-D4-12-14 4 3.21 

60 PL-L20-D4-13-16 4 3.4775 

61 PL-L20-D4-15-18 4 4.0125 

62 PL-L20-D4-15-17 4 4.0125 

63 PL-L20-D4-16-17 4 4.28 

64 PL-L15-D3-2-3 3 0.535 

65 PL-L15-D3-1-3 3 0.2675 

66 PL-L15-D3-2-4 3 0.535 

67 PL-L15-D3-3-5 3 0.8025 

68 PL-L15-D3-5-6 3 1.3375 

69 PL-L15-D3-7-9 3 1.8725 

70 PL-L15-D3-10-12 3 2.675 

71 PL-L15-D3-11-13 3 2.9425 
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72 PL-L15-D3-11-14 3 2.9425 

73 PL-L10-D2-1-2 2 0.2675 

74 PL-L15-D4-2-4 4 0.535 

75 PL-L15-D4-3-4 4 0.8025 

76 PL-L15-D4-2-3 4 0.535 

77 PL-L15-D4-6-9 4 1.605 

78 PL-L15-D4-8-11 4 2.14 

79 PL-L15-D4-9-11 4 2.4075 

80 PL-L15-D4-12-14 4 3.21 

81 PL-L10-D3-2-5 3 0.535 

The indices mentioned in Table 36 are used in the following figures to compare ANN 

predicted results to actual results. 

8.3.1 Defect Depth predictions versus Actual Depth 

The results for predicted defect depth and actual depth from the computational model is 

shown in the bar chart of Figure 93. The three bars that appear for each index are predicted 

value by neural network that uses temperature, predicted value by neural network that uses 

temperature and diameter of red circle in steady state image, and actual value. 
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Figure 93: Bar charts of predicted depths versus actual depths for flat plates. 

The bar chart illustrates that there is a notable improvement in accuracy when using the 

diameter of the red circle in the steady state thermal image as an input to the neural network. 
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This proves that lock-in thermography may be used in this method to accurately determine 

depths of embedded defect within flat plates. 

8.3.2 Defect Diameter predictions versus Actual Diameter 

The results for predicted defect diameter and actual diameter from the computational model 

are shown in the bar chart of Figure 94. The three bars that appear for each index are 

predicted value by neural network that uses temperature, predicted value by neural network 

that uses temperature and diameter of red circle in steady state image, and actual value. 
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Figure 94: Bar charts of predicted versus actual diameters for flat plates. 

Once again, inputting the diameter of the red circle of the steady state thermal image proves 

to increase the accuracy of the neural network predictions. 

8.3.3 Summary of Results 

The neural networks prove to be highly accurate for predicting defect depths and defect 

diameters for flat plates with circular shaped embedded defects. Table 37 summarizes the 

average percent difference for both defect depth and defect diameter for all 81 samples. 

Table 37: Average Percent Difference for Defect Depth and Defect Diameter of all 81 

plate samples. 

Parameter Neural Network Inputs Average Percent Difference (%) 

Defect Depth Temperature and Dhot 9.5 

Defect Depth Temperature 27.6 

Defect Diameter Temperature and Dhot 4.4 

Defect Diameter Temperature 9.3 
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There are several important implications from this study’s accurate results. First, the 

thermal image provides more useful information than just qualitative data regarding defects 

underneath the surface. The thermal image information may be quantified using image 

processing techniques to create quantitative data. This image data and temperature gradient 

values may then be fed to an ANN to train it to predict embedded defect details. As shown 

in this study, this image data greatly improves the accuracy of ANN predictions from 27.6% 

to 9.5% difference for predicting defect depth and from 9.3% to 4.4% for predicting defect 

diameter. Furthermore, these results prove that lock-in thermography may be used with a 

high level of confidence to predict and characterize embedded defects within composites. 

It is true that this setup is idealized where the geometry is a flat plate and the embedded 

defect is perfectly round. However, these results show that this approach involving 

experimental results of lock-in thermography, computational models simulating the 

experiments, and training ANNs with data from the computational models to characterize 

defects is highly effective. This same proven approach may be extrapolated to include 

different geometries and different embedded defect shapes with confidence. 

8.4 ANN for Pipes 

The rectangular shaped embedded defects in the pipe models have three dimensions that 

fully characterize the defect. These dimensions are defect depth, defect length along z axis, 

and defect length along circumferential axis which are marked as ‘D’, ‘W’, and ‘C’ in 

Figure 62 in Section 7.3.2. The neural networks are trained and simulated to predict these 

dimensions. The steady state thermal for the pipes produced different shapes than those of 

the plates. The main reason for this difference is that the pipes have rectangular shaped 

embedded defects while the plates have circular shaped embedded defects. Thus, there is a 

need to classify the thermal images of the pipes using more parameters. 

8.4.1 Parameters to Classify Thermal Images of Pipes 

The thermal images of the pipes with rectangular shaped embedded defects are classified 

using three parameters. These parameters are shape of red region and horizontal and vertical 

dimensions of red region. The shape of red region is defined as either diamond, square, 

horizontal hexagon, vertical hexagon, octagon, decagon, or circle. An example of each of 

these shapes is shown in Figure 95. 
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Figure 95: Shape Classification for Steady State Thermal Image of Pipes. 

Figure 96 shows the horizontal and vertical dimensions of the red region in the steady state 

thermal image. 

 
Figure 96: Horizontal and Vertical Dimensions of red region in steady state thermal 

image. 

These three parameters of shape classification and two dimensions classify the thermal 

images for the pipes and are used as inputs to the neural networks that predict defect 

dimensions. 
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8.4.2 Neural Network Results 

The predicted values are compared to actual values from the computational model and these 

results for are shown in separate figures for the sake of clarity. The neural networks predict 

defect diameter and defect depth of the circular shaped embedded defect within the flat 

plates. As discussed in section 8.2.3.2, the network targets are randomly divided into three 

subsets of training, testing, and validation. A total of ten neural networks are created for 

each sample in order to account for this random process and the average of the ten neural 

network predictions is used. These predicted values are compared to the actual defect values 

of the computational model. The prediction results versus actual values of 77 plates are 

shown in separate figures for the sake of clarity. The plates are indexed from 1 to 77, and 

this index appears along the x-axis of the bar charts. Table 38 correlates between this index 

number and plate name. This table further indicates the actual defect depth, actual defect 

length along z axis, and actual defect circumferential length. 

Table 38: Index to Pipe Name Correlation and Actual Defect Dimensions. 

Index Pipe Name 
Distance Along 

z Axis (mm) 

Distance Along 

Circumference (mm) 
Depth (mm) 

1 P40-L10-W1-C1-1-2 1 1 0.2675 

2 P40-L10-W2-C1-1-2 2 1 0.2675 

3 P40-L10-W3-C1-1-2 3 1 0.2675 

4 P40-L10-W4-C1-1-2 4 1 0.2675 

5 P40-L10-W1-C1-1-3 1 1 0.2675 

6 P40-L10-W2-C1-1-3 2 1 0.2675 

7 P40-L10-W3-C1-1-3 3 1 0.2675 

8 P40-L10-W4-C1-1-3 4 1 0.2675 

9 P40-L10-W2-C1-2-3 2 1 0.5350 

10 P40-L10-W4-C1-2-3 4 1 0.5350 

11 P40-L10-W4-C1-2-4 4 1 0.5350 

12 P40-L10-W1-C1-2-4 1 1 0.5350 

13 P40-L10-W1-C1-2-5 1 1 0.5350 

14 P40-L10-W3-C1-2-5 3 1 0.5350 

15 P40-L10-W4-C1-2-5 4 1 0.5350 

16 P40-L10-W4-C1-3-4 4 1 0.8025 

17 P40-L10-W3-C1-3-4 3 1 0.8025 

18 P40-L10-W3-C1-2-4 3 1 0.5350 

19 P40-L10-W2-C1-2-4 2 1 0.5350 

20 P40-L10-W2-C1-2-5 2 1 0.5350 

21 P40-L10-W2-C1-3-5 2 1 0.8025 
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22 P40-L10-W4-C1-3-5 4 1 0.8025 

23 P40-L10-W4-C1-4-5 4 1 1.0700 

24 P40-L10-W4-C1-4-6 4 1 1.0700 

25 P40-L10-W4-C1-4-7 4 1 1.0700 

26 P40-L10-W1-C2-1-2 1 2 0.2675 

27 P40-L10-W1-C3-1-2 1 3 0.2675 

28 P40-L10-W1-C3-1-3 1 3 0.2675 

29 P40-L10-W1-C2-1-3 1 2 0.2675 

30 P40-L10-W2-C2-1-2 2 2 0.2675 

31 P40-L10-W3-C2-1-2 3 2 0.2675 

32 P40-L10-W4-C2-1-2 4 2 0.2675 

33 P40-L10-W2-C2-1-3 2 2 0.2675 

34 P40-L10-W2-C2-1-4 2 2 0.2675 

35 P40-L10-W2-C3-1-2 2 3 0.2675 

36 P40-L10-W2-C3-2-3 2 3 0.5350 

37 P40-L10-W2-C3-3-4 2 3 0.8025 

38 P40-L10-W2-C3-4-5 2 3 1.0700 

39 P40-L10-W3-C3-5-6 3 3 1.3375 

40 P40-L10-W3-C3-6-7 3 3 1.6050 

41 P40-L10-W3-C3-7-8 3 3 1.8725 

42 P40-L10-W3-C3-8-9 3 3 2.1400 

43 P35-L10-W2-C2-1-2 2 2 0.2675 

44 P35-L10-W2-C2-1-3 2 2 0.2675 

45 P35-L10-W2-C2-1-4 2 2 0.2675 

46 P35-L10-W1-C2-1-3 1 2 0.2675 

47 P35-L10-W3-C2-1-3 3 2 0.2675 

48 P35-L10-W4-C2-1-3 4 2 0.2675 

49 P35-L10-W2-C1-2-3 2 1 0.5350 

50 P35-L10-W2-C2-2-3 2 2 0.5350 

51 P35-L10-W2-C3-2-3 2 3 0.5350 

52 P35-L10-W2-C2-3-4 2 2 0.8025 

53 P35-L10-W2-C2-4-5 2 2 1.0700 

54 P35-L10-W2-C2-5-6 2 2 1.3375 

55 P35-L12-W2-C2-1-2 2 2 0.2675 

56 P35-L12-W2-C2-1-3 2 2 0.2675 

57 P40-L8-W1-C2-1-2 1 2 0.2675 

58 P40-L8-W1-C2-1-3 1 2 0.2675 

59 P40-L8-W1-C3-1-2 1 3 0.2675 

60 P40-L8-W1-C3-1-3 1 3 0.2675 

61 P35-L12-W2-C2-3-4 2 2 0.8025 

62 P35-L12-W2-C2-3-5 2 2 0.8025 

63 P35-L10-W2-C2-3-5 2 2 0.8025 
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64 P35-L12-W4-C2-1-3 4 2 0.2675 

65 P40-L8-W2-C2-1-2 2 2 0.2675 

66 P40-L8-W3-C2-1-2 3 2 0.2675 

67 P40-L8-W4-C2-1-2 4 2 0.2675 

68 P40-L8-W2-C2-1-3 2 2 0.2675 

69 P35-L12-W3-C2-1-3 3 2 0.2675 

70 P35-L10-W1-C3-1-2 1 3 0.2675 

71 P35-L10-W1-C3-1-3 1 3 0.2675 

72 P35-L10-W3-C3-1-3 3 3 0.2675 

73 P35-L10-W4-C3-1-3 4 3 0.2675 

74 P35-L12-W1-C3-1-2 1 3 0.2675 

75 P35-L12-W1-C3-1-3 1 3 0.2675 

76 P35-L12-W3-C3-1-3 3 3 0.2675 

77 P35-L12-W4-C3-1-3 4 3 0.2675 

8.4.2.1 Defect Depth predictions versus Actual Depth 

The defect depth predictions are shown in bar graphs with three bars. The first bar represents 

prediction of neural network that uses temperature gradients, while the second bar 

represents prediction of neural network that uses temperature gradients and information 

from the steady state thermal image, and the third bar is the actual dimension from the 

computational model. Figure 97 summarizes results of defect depth predictions. 
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Figure 97: Bar charts of predicted versus actual depths for pipes. 

The information from the steady state thermal image again improves the accuracy of the 

neural network prediction. 
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8.4.2.2 Defect Width predictions versus Actual Width 

Three bar charts shown in Figure 98 show the results of defect width predictions by neural 

networks versus actual defect width. The defect width is the distance along the pipe z axis. 

The first bar is the result from a neural network that does not use information from the 

steady state thermal image while the second bar in the figure uses steady state thermal image 

information. The final and third bar in Figure 98 shows the actual defect width dimension 

of the computational model. 
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Figure 98: Bar charts of predicted versus actual defect widths for pipes. 

The defect width predictions are more accurate when the neural network is fed with data 

regarding the thermal image. 

8.4.2.3 Defect Length predictions versus Actual Length 

The defect length of the rectangular shaped embedded defect within the pipes refers to the 

length along the pipe circumference. This dimension is predicted by neural networks and 

the results are shown in bar chart form in Figure 99. The first and second bars show 

predictions of neural networks and the third bar shows the actual length dimension from the 

computational model. The first bar shows predictions from a neural network that uses 

temperature gradient data as an input while the second bar shows predictions from a neural 

network that uses temperature gradient data and steady state thermal image information as 

inputs. 
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Figure 99: Bar charts of predicted versus actual defect lengths for pipes. 

8.4.2.4 Summary of Results 

The neural networks for predicting dimensions of the rectangular shaped embedded defect 

within the pipes are not as accurate those predicting dimensions of circular shaped 

embedded defects within flat plates. This is probably due to the added complexity of 

geometry and extra parameters. Table 39 summarizes the average percent difference for 

defect depth, defect length, and defect width for all 77 samples. 

Table 39: Average percent difference for defect depth, width, and length of all 77 pipes. 

Parameter Neural Network Inputs 
Average Percent 

Difference (%) 

Defect Depth Temperature and Thermal Image Information 18.7 

Defect Depth Temperature 25.3 

Defect Width Temperature and Thermal Image Information 24.1 

Defect Width Temperature 29.6 

Defect Length Temperature and Thermal Image Information 24.8 

Defect Length Temperature 29.6 

The ANNs did not characterize the embedded defects within the pipes as accurately as they 

did for the embedded defects within the plates. However, the majority overestimate the 

damage which is a good result from an engineering point of view. Further, the accuracy of 

the ANN results for the pipes is improved by quantifying image information and using it to 

train the neural networks. This improvement in accuracy also occurred in the ANNs 

predictions for the embedded defects within the plates. This proves that the thermal images 

hold important information that may be used with great success. This information must be 

quantified using image processing techniques in order to truly gain its benefits. These 
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results make a strong case for thermography as a reliable inspection method for composite 

pipes in the field. They also justify any additional cost required in order to obtain highly 

accurate thermography cameras that can detect minute temperature differences. 

Some of the temperature gradients used to train the neural networks are fractions of a degree 

Celsius. This further justifies obtaining a thermal camera with a higher accuracy and 

sensitivity in order to make field measurements that can be used as an input to the 

generalized ANN model discussed in section 3.2. The camera used in this study, FLIR 

GF309, has an accuracy of ±1°C. Thus, thermal image cameras with higher accuracy is 

considered one of the challenges in this study. Nevertheless, the research of this study shows 

how to unlock the potential of data provided by higher accuracy cameras. 

The neural networks developed in this study build on the techniques used in Numan Saeed’s 

study [18] where more input is used to train the nueral networks to predict more parameters. 

Namely, thermal image information and temperature gradients are used to train neural 

networks to predict in plane dimensions and defect depth as opposed to using temperature 

gradients to predict defect depth only. 
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Chapter 9: Thesis Conclusions and Future Work 

The advantageous properties of composites such as resistance to corrosion and strength to 

weight ratio make them attractive replacements in many industrial applications. This is 

particularly true in the oil and gas industry where they are used extensively for utility and 

low pressure lines and as risers for offshore applications. Composites use will undoubtedly 

increase as technological advancements are made enabling them to be used under more 

challenging circumstances. This surge in composite use has prompted methods to 

accurately inspect a composite that differ from inspecting their conventional metallic 

counterparts. This is due to the differences between composites and metals where 

composites are more heterogenous because of their anisotropic properties and fabrication 

methods.  One non-destructive technique that has set itself apart from others when it comes 

to inspecting composites is thermography. Thermography is a heat-based inspection method 

that is fast, non-contact, and may be practically performed in the field. Further, thermal 

imaging cameras are constantly increasing in performance while decreasing in cost. 

This thesis is part of KFUPM’s continuing objective to be a pioneer in the research field of 

thermography inspection on composites. Previously, lock-in thermography experiments 

were carried out on a set of nine composite samples with controlled defects in the form of 

drilled holes. In this study, a computational model that simulates this experiment accurately 

is devised through calibration and validation. Then, hypothetical models were created by 

building upon this computational model that include composite geometries with embedded 

defects. These geometries are composite flat plates with varying circular shaped embedded 

defects (Chapter 6:) and pipes with varying rectangular shaped embedded defects Chapter 

7:). Finally, the output of the thermography simulations was used as inputs to neural 

networks to train them to predict embedded defect dimensions. 

9.1 Thesis Outcomes 

The successfully achieved outcomes during this study are development of a computational 

model, creating hypothetical computational models from this validated model, analyze the 

effects of various parameters on thermography simulations through parametric studies of 

hypothetical models, and define the ability of lock-in thermography to characterize 

embedded defect shape and size through ANN simulations.  
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9.1.1 Development of an accurate computational model 

The computational model is created using ANSYS and ACP to simulate the previously 

carried out lock-in thermography experiments on nine composite samples. The drilled holes 

were created by cutting out cylindrical shapes from the flat plate geometry. The model is 

calibrated against one sample and then validated against the remaining eight samples. The 

computed maximum and minimum temperature plots versus time closely resembled the 

experimental outcomes. A detailed discussion of the experimental setup and computational 

simulations of the experiment is found in Chapters 3 and 4 respectively. 

9.1.2 Development of hypothetical computational models 

The accurate computational model developed in Chapter 4 is then used to create 

hypothetical models. These hypothetical models include flat plates with circular shaped 

embedded defects and pipes with rectangular shaped embedded defects. These geometries 

and their embedded defects are not as easily created as the flat plate with controlled surface 

defects in the form of drilled holes. Creating hypothetical models is one of the real 

advantages of having an accurate computational model that is validated against 

experimental data. 

9.1.3 Parametric Studies on hypothetical models 

Parametric studies of the hypothetical models were created with the goal of studying the 

effects of various parameters on output results of a typical lock-in thermography simulation. 

These studies included embedded defect dimensions such as depth, thickness, and diameter 

for the circular shaped embedded defects in the plates and depth and in-plane dimensions 

for the rectangular shaped embedded defects in the pipes. The study included other 

parameters to be more inclusive such as number of composite layers for the plates and pipes 

and outer diameter for the pipes. These parametric studies for plates and pipes are detailed 

in Chapters 5 and 6 respectively. 

9.1.4 Develop ANNs using computational simulation results 

The results of the simulations for the flat plates and pipes were used to train neural networks 

to predict embedded defect dimensions. The predictions of the neural networks when 

compared to actual dimensions of embedded defects answer the important question of how 

accurately lock-in thermography can detect and characterize embedded defects. The results 



126 

 

of the ANN predictions for embedded defect dimensions versus actual embedded defect 

dimensions are summarized in Chapter 7.  

9.2 Conclusions 

The important conclusions that may be drawn from this study deal with lock-in 

thermography’s ability to accurately detect and characterize embedded defects. This is done 

by first coming up with a proven method to simulate lock-in thermography through 

computational techniques. The high level of accuracy between outputs of computational 

simulations to experimental outputs proves this method of simulation is a viable and trusted 

one. Next, embedded defects are created in hypothetical models of plates and pipes. The 

outputs of the computational simulations are used to train neural networks to study if the 

outputs of the computational model can be used to correlate the intricate relationship 

between defect dimensions and thermography output results. The results show a high level 

of accuracy for the plates and a mediocre level of accuracy for the pipes. 

The higher accuracy of neural network predictions for embedded defect dimensions for the 

plates than the pipes is mainly due to two main factors. These are the shape of the embedded 

defect and number of outputs predicted by the ANNs. 

The shape of the embedded defect and plates have a more ideal embedded defect shape than 

the pipes where the embedded defect is circular shaped rather than rectangular shaped. This 

results in a more uniform heat flow phenomenon in the plate samples than the pipe samples. 

This greater uniformity in heat flow is directly reflected in the thermography simulation 

results such as temperature gradient plots versus time and steady state thermal images. For 

example, the steady state thermal images for the plates show circles of varying diameter, 

while the steady state thermal images for the pipes show several image types that are 

classified into seven categories. Thus, it is easy to devise a quantifying value to distinguish 

between the steady state thermal images of the plates, while it is more difficult to do the 

same for the pipes. 

There are three and four dimensions that fully define the circular shaped and rectangular 

shaped embedded defects respectively. Since thickness is assumed to be a known value, the 

ANNs were tasked to predict two dimensions for the plates and three dimensions for the 

pipes. This added dimension decreases the accuracy for the pipe predictions. 
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The following summarizes the main conclusions of this study: 

• Simulated lock-in thermography experiments successfully using finite element tool, 

ANSYS, by calibrating model against one sample and validating against remaining 

eight samples. 

• Created hypothetical models of plates and pipes with embedded defects of varying 

size and shape using calibrated model to generate typical thermography data of 

temperature gradients and thermal images. 

• Trained Artificial Neural Networks (ANN) using generated data to make predictions 

regarding embedded defect shape and size. 

• Compared ANN predictions to actual embedded defect dimensions and found that 

there is a high level of accuracy for the plates and a lesser degree of accuracy for 

the pipes. 

9.3 Future Work 

There are several items to be completed as future work that are results of this study and part 

of meeting KFUPM’s larger scale research objectives in this field. These items are beyond 

the scope of this work but are logical next steps to continue this research. For example, 

perform a more thorough image processing study on steady state thermal images and carry 

out thermography experiments on geometries with embedded defects. 

9.3.1 More thorough image processing techniques 

The image analysis in this work includes measuring diameters of red circles of the steady 

state thermal images for the plates and obtaining three parameters from the steady state 

thermal images of the pipes. These three parameters are horizontal and vertical dimensions 

of the red region and shape classification of the red region. This information is sufficient to 

get within 10% and 5% accuracies for predicting the circular shaped embedded defect 

details of depth and diameter respectively. On the other hand, the information provided an 

accuracy of 19%, 24%, and 25% for embedded defect depth and in-plane dimensions. This 

accuracy may be increased by performing a full image processing analysis on the entire 

thermal image rather than only the red region. There are many image processing tools 

available. For example, MATLAB has a set of functions for image processing that are 
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available through its image processing toolkit. These functions allow for a more wholistic 

image processing study of the steady state thermal image. 

9.3.2 Plate to Pipe Correlation 

A brief analysis of the effect of curvature on computational results is discussed in Section 

7.2. In this analysis, temperature gradients of two groups of pipes and plates with identical 

circular and rectangular defects are plotted together. These plot comparison show that as 

the diameter of the pipe increases the temperature gradient approaches that of a flat plate 

but converges to a lesser value. This shows that one may extend thermography results of a 

flat plate to pipes through a correlation factor. Defining this correlation factor is outside of 

the scope of this study but obtaining it may be achieved through a more thorough and 

complete analysis similar to the one discussed in Section 7.2. 

9.3.3 Create Geometries with Embedded Defects 

Creating a geometry with embedded defect may be a challenge but there are several 

methods available. For example, introducing a Teflon strips during the manufacturing 

process between a prescribed number of layers to achieve the defect size and shape sought 

after. Lock-in thermography may then be performed on this geometry. Then, the 

hypothetical computational simulations can be fully calibrated, validated, and verified.  

A summary of future work recommendations appears below: 

• Create composite plates and/or pipes with embedded defects and run lock-in 

thermography experiments on specimens. Composites may be damaged through 

impact damage and inserting artificial defects during manufacturing process. 

•  Measure damage within composites accurately using Computed Tomography (CT) 

Scan. 

• Simulate experiments using finite element software with techniques outlined in 

Chapter 5:. 

• Use advanced image processing techniques to convert image into quantitative data 

that can be fed to ANN. 

• Train ANNs using data from simulations and image processing to make predictions 

regarding embedded defect damage. 
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• Check level of accuracy of ANN predictions against actual values. 
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