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ABSTRACT 

 

A Technique for Real-Time Detection of Defects in Composite 

Structure using Carbon nanotubes, Machine Learning Including 

Transfer Learning  

 

Farzad Kashefinishabouri 

 

Fiber-reinforced polymer composites have garnered interest in a range of industrial 

applications due to their outstanding mechanical characteristics and lightweight. Monitoring 

the health of polymer composite structures in real-time is one of the most challenging issues in 

the practical use of composites due to their susceptibility to many types of damage. 

Conventional non-destructive tests (NDT) methods such as X-ray tomography and ultrasonic 

may be used to assess composite materials but the drawback of conventional NDT techniques 

is that they cannot be implemented when the composite part is in use. 

Composite plates’ electrical characteristics can be to do real-time health monitoring. 

Carbon nanotubes (CNTs) because of their excellent conductivity characteristics, are used in 

composites to enhance the conductivity of resins within composites. It is shown that by 

monitoring the electrical behavior of composites with CNT embedded resins, defects can be 

detected. The issue with this approach is that numerous wires and connections are required. 

The weight of composite structures is greatly influenced by the number of wires and 

connections, which also makes the system more prone to errors because numerous connections 

must function well for the system to respond as intended. 

To tackle this problem, in this study, the goal is to reduce the number of required probes 

and connections by limiting the probes to the edges of composite plates rather than throughout 

the plate. By having the probes on the edges of the plate, there may not be a direct correlation 

between defects at different locations within the plates to the measurements as it was in the 

previous cases. There are two approaches to tackle this problem:1. To develop a physics-based 

model that can precisely model the electrical behavior of composite with CNTs embedded in 

the resin. 2. To develop a data-driven model that can relate the measurements to the location 
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of the defect. As the first approach is expensive and time-consuming the second approach is 

picked in this study. Neural network (NN) is used to find the pattern between measurements 

on the edges and the location of the defect. The problem with using neural network (NN) 

models is that they require numerous numbers of labeled examples. To tackle this problem 

Transfer Learning (TL) and data augmentation is used. TL is used to reduce the number of 

labeled data points required for the training process as in composites it is too expensive and 

time-consuming to generate a huge number of data points. In the TL method that is used, the 

training is done in two stages, first stage the training is done based on the data generated from 

a similar problem that the data can be abundant, and the second stage of training is done using 

experimental data of the exact problem. Data augmentation is used on experimental data to 

increase the data points for training NN. The performance of the trained neural network in 

locating defects by having the probes only on the edges of the samples is promising (accuracy 

of 78.57% on the test set). 

Also, the performance of the neural network models for different precisions and sample 

sizes were studied. The precision is defined as the area in which the defects can be located 

within. 
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CHAPTER 1: Introduction 

1.1 Introduction 

Because of their high strength-to-weight and stiffness-to-weight ratios, good corrosion 

resistance, and fatigue properties compared to conventional metals, fiber-reinforced polymer 

composites (FRPC) are widely used in many industrial applications[1]. The applications of 

composites in different industries such as aerospace, automotive, and marine are growing[2]. 

There are factors threatening the structural health of composites such as fatigue loads, impact, 

humidity, and temperature[3]. A catastrophic collapse might happen if the damage is not 

discovered early during the operation. Because of this, it's crucial to effectively analyze 

composites and identify damage early during the operation. However, the anisotropic structure 

of composites makes it more challenging to assess the damage. The assessment of damage in 

composites is shown to be better served by nondestructive methods[4]. Throughout the service 

life, both freshly generated damage and critical damage must be tracked and found. The health 

monitoring approach can be used to evaluate how damage will affect the composite structure's 

residual life [5], [6]. This Structural Health Monitoring (SHM) decreases inspection time and 

prevents a structure from failing while it is in use[7]. Local and global damage detection 

approaches are subcategories of nondestructive damage detection methods. A local damage 

detection approach is used when the damage location is already known for testing. Small 

structures like pressure vessels and the aerospace and automobile industries both employ this 

method. One method for local damage detection is ultrasonic testing[8]. It is not always 

possible to detect the damage using local damage detection techniques, especial cases are big 

and complex structures and inaccessible areas. Global damage detection approaches are 

required in such circumstances. An instance of a global damage detection method is vibration-

based damage detection[9]. 

1.2 Defect Detection Methods  

Methods of defect detection can be classified by considering different aspects of methods. 

As shown in Figure 1, they can be divided into two kinds of approaches: Active Techniques 

and Passive Techniques[4]. When detecting damage, an active technique requires complex 
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equipment and less signal processing, whereas a passive approach often requires more signal 

processing and less sophisticated equipment[10]. 

 

 

Figure 1: NDT techniques classified into Active and Passive approaches[4] 

 

To find damage in composites, both destructive and non-destructive methods are 

employed. Due to its integration of sensors, data collecting, data transfer, computational 

methods, and processing power, structural health monitoring (SHM) is an improved 

approach of nondestructive evaluation[11],[12].  

Monitoring the health of composite structures in real-time is one of the most difficult 

aspects in the practical application of structural composite materials in comparison to 

traditional metallic structures. This is due to their vulnerability to various types of damage, 

such as fiber fracture, matrix cracking, delamination, and fiber/matrix debonding, which can 

occur in various areas of composite constructions[13][14]. With a wide range of usage of 

composite structures in various industries, especially in aerospace, and emerging the era of 
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reusing spaceships for space traveling, it is an urgent need to have techniques for real-time 

SHM of composite structures. 

For health monitoring of structural composites, various non-destructive evaluation (NDE) 

techniques such as ultrasound scanning, acoustic emissions, X-ray, thermography, fiber optics, 

shearography, electrical conductivity along the direction of carbon fibers, and resistance-based 

sensors have been used. However, in practice, the applications of these techniques to structural 

health monitoring, which is the continuous assessment of structural composite integrity, have 

been limited due to a variety of factors, including impracticality for real-time damage 

monitoring, local measurement, lack of ability for real-time inspecting large composite 

structures, high cost, complex data analysis tools, poor spatial resolution, limited in-situ 

capabilities, and equipment requirements[15]–[19]. The NDE techniques and their limitations 

in real-time SHM are as follows: 

1.2.1 Ultrasonic 

An active nondestructive approach called ultrasonic testing uses the ultrasonic wave 

propagation in the test object to find cracks and other damage. Based on the kind of energy 

(reflected or transmitted energy) used in the inspection, ultrasonic testing can be divided further 

into the pulse-echo technique and through-transmission technique. While the through-

transmission approach uses transmitted energy to identify the damage, the pulse-echo method 

looks for damage using reflected energy[20]. 

Pulse-echo testing is shown in Figure 2(a). The signal is sent into the material via the 

transducer, and it is reflected off the flaws or the back wall. Two transducers are employed in 

through-transmission technique in order to receive the waves; one transducer is at the top of 

the test specimen's front surface and the other is at the rear surface. Figure 2(b) illustrates how 

a break or damage in the sound's travel route results from a loss in the energy delivered during 

transmission[4]. 
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Figure 2: a: Ultrasonic pulse-echo method. b: Ultrasonic trough-transmission method 

Ultrasonic waves are delivered across the thickness of the composite laminate in this 

approach. If the laminate is good, the ultrasonic wave's travel duration is short. The period of 

passage of the ultrasonic wave is varied if there are defects in the laminate, such as 

delamination or matrix cracking. A map of images from the time of travel is displayed after 

scanning the laminate's surface area. This image map is compared to an image map obtained 

over a good lamination as a reference. The region of the defect can be determined by comparing 

the actual map of images to the reference map of images[21]–[24].  

The identification of flaws in composite materials was proposed using neural network-

based processing of ultrasonic data. The neural network was utilized to identify the location 

and kind of the damage. This procedure was used for three different thickness of materials. 

Three different materials were found to have damage, and top and bottom plies were used to 

determine the sort of damage and its location. However, because the signals generated by 

damage to several plies are identical, the defect-type characterization was reduced in the middle 

location[25]. 

This method is widely used. However, there are limitations. Scanning must be done either 

in a lab (for small samples) or a shop (for the case of the large sample). This limits this method 

to be used as a real-time SHM technique. To maintain the ultrasonic beam coherently, a transfer 

medium is required. This medium is usually liquid. Having this liquid medium required for this 

method, its practical application is limited. Also, this method requires large and heavy 

equipment which is not appropriate for aerospace applications. The method has certain 

drawbacks, including the need for skilled operators and its inability to detect faults parallel to 
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the sound stream. Due to the thin reflecting surface, faults (delamination) parallel to the surface 

may go unnoticed[26]. 

1.2.2 Vibration Technique 

Another type of method for detecting global damage is the vibration approach. Changes in 

the physical characteristics, like mass, stiffness, and damping result in observable changes in 

the modal parameters, that are used in vibration-based damage detection approaches. Natural 

frequency, modal damping, and mode shapes are the modal parameters that are impacted[8]. 

1.2.2.1 Natural frequency-based method: 

The fundamental aspect of damage diagnosis in natural frequency-based approaches is the 

natural frequency shift. The natural frequencies are impacted by changes in the structural 

qualities[27]. Since the natural frequency is less sensitive to damage, it is necessary to measure 

the damage with better accuracy in order to obtain reliable findings. The simply supported 

beam and cantilever beam with a single crack's natural frequency fluctuations were discussed 

using the forward issue[28]. 

the inverse problem is used to find the location and size of damage (cracks)  in cantilever 

and simply supported beams. The location and size of fractures in beams are determined by 

weightless torsion spring model. The magnitude and location of the damage in a structure are 

found using the inverse problem and the natural frequencies. Using a genetic algorithm, 

structural damage location and magnitude are inferred from natural frequency variations. As 

the number of recorded frequencies rises, so does the accuracy in identifying the damage and 

determining its severity[29]. 

Natural frequency shifts were used to determine the delamination size and location in fiber-

reinforced composite plates. The natural frequencies change when delamination is present. 

Using experimentally derived values and numerically simulated frequency shifts, algorithms' 

performance is assessed. To generate residual frequency response functions (FRFs), the 

reconstruction technique was utilized to measure the frequencies of the damaged composite 

structure (reconstructed residual FRFs) [30]. The debonding length extent in sandwich 

composites and fatigue damage of composites were determined from the natural frequency and 

damping ratios of damaged composites utilizing the reconstructed residual FRFs[31]. 

For basic constructions with lesser size damage, the natural frequency-based 

approach can be applied. The modeling of damage and structure is the first restriction. For 
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the purpose of identifying damage in beam structures, fractures are treated as rotating springs. 

High-frequency modes and deep cracks are not good candidates for this kind of crack modeling 

[32]. When compared to the shift brought on by environmental and operational factors, the 

frequency change brought on by a minor fracture is insignificant. Because two separate 

damages might be causing the same change in natural frequency at two different locations, 

frequency change is insufficient to pinpoint structural damage[33]. 

1.2.2.2 Mode shape change method: 

For damage identification, this approach uses changes in the mode shape of damaged 

structures. Natural frequency and mode shape variations can be combined to identify 

deterioration[34]. The difference in the mode shape between the pristine and damaged 

structures is used to diagnose damage using neural network-based approaches[35]. 

Low-velocity impact damage in composite laminates can also be identified using 

vibration-based approaches (model parameters)[36]. Natural frequency sensitivities and mode 

shapes were employed to precisely detect the damage in the cylindrical fiber-reinforced plastic 

(FRP) shell. The energy distribution in an intact FRP shell was used to calculate the sensitivity 

of natural frequency shifts based on the damage position[37]. The strain energy of the carbon 

fiber-reinforced polymer (CFRP) composite was determined using mode shapes, and the small 

change in strain energy was used as an index for the damage to detect fractures on the surface 

[38]. 

To measure mode shapes, there are large numbers of sensors required and the mode shapes 

are sensitive to noise contaminations[34]. 

1.2.2.3 Mode shape curvature method: 

Small-scale damage has little effect on displacement mode forms. As a result, the second 

derivatives of the mode shapes are used to improve the sensitivity of damage detection [39]. 

Localization of the damage is achievable because they are hugely sensitive to damage. For 

locating the damage, the performance of displacement mode shape and mode shape curvature 

approaches are examined[40]. It was discovered that the curvature of the mode shape is a 

sensitive indicator of damage. A neural network was used to detect small damage, perforations, 

and debonding damage in sandwich composites using data from mode shape curvature and 

thermographic heat patterns[41]. The combined approach had a high degree of accuracy in 

detecting deterioration in sandwich composites. In beam-like structures, natural frequencies 

and strain mode shapes are employed as inputs to ANNs for detecting damage and determining 
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damage severity[42]. On composites, the broadband approach is utilized, which uses data at all 

frequencies and has more sensitivity than model-based methods[43]. 

1.2.3 Acoustic Emission 

When a material experiences microstructural changes, a process known as acoustic 

emission happens naturally. The release of energy in the form of waves is connected to 

microstructural changes. The phenomenon known as Acoustic Emission (AE) is the production 

of elastic waves from the damaged area[44]. An artificial ear (high-frequency sensor) is fitted 

to the composite construction for sonic emission. When a crack appears, stress waves travel 

throughout the structure. A crack can be detected by reading the signal displayed by the sensor. 

One could find the crack by installing multiple sensors in a specific geometrical pattern on the 

structure's surface [15], [45]–[49]. The sensors positioned on the structure's surface or those 

incorporated inside the structure may both detect waves. Although the life of the host structure 

can be shortened by the incorporation of sensors, the sensor that is embedded is more 

responsive to AE monitoring than the sensor positioned on the surface[50]. 

De Oliverira and Marques AT [51] employed the AE approach and an artificial neural 

network (ANN) to detect damages in composite materials. The narrow cross-ply glass fiber 

polyester laminates' acoustic signals during the tensile test were subjected to the ANN. The 

sample size is 2.5 cm by 25 cm. Piezoelectric sensors positioned on the surface picked up the 

acoustic impulses. Broadband transducer utilized to better understand damage processes from 

AE waves[51]. 

Haggui M. et al. [52] discovered that throughout the test, the dissipated energy is greater 

in cross-ply and fast gets to the damage. In comparison to cross-ply flax fiber-reinforced 

laminate composite, uni-directional (UD) flax fiber-reinforced composite has a greater 

endurance limit. All damage mechanisms in the cross-ply laminate commence at the first stage. 

Fiber breakages do not show up in the UD laminate in the first stage. 

 Based on McCrory JP et al. [53] study: Artificial Neural Network analysis, unsupervised 

waveform clustering, and corrected measured amplitude ratio are the three AE approaches for 

classification that are used to evaluate damage in carbon fiber composite panels. These three 

methods of pattern identification were utilized to categorize the buckling-related damage to 

carbon fiber composite panels. These three methods are used to determine the damage 

processes, such as matrix cracking and delamination. 
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To evaluate the barely visible damage utilizing AE, carbon/epoxy-laminated composites 

were evaluated under quasi-static indentation and low-velocity impact loading. The AE results 

demonstrated the similarities between quasi-static indentation and low-velocity impact [54]. 

Extraneous noise from various sources, such as stiffener reflection and reverberation, free 

edges, and so on, can interfere with the desired signal. Another drawback of this method is that 

it is unable to find dormant cracks. Only when the cracks (flaws) are expanding can they be 

detected. In composite materials with complicated geometries, it is challenging to locate 

microscopic fractures and estimate their magnitude[55]. 

1.2.4 X-Ray 

In this method, an X-ray photograph is taken from the samples. By observation, the 

defected sample can be differentiated if they are defected[19], [56]. As taking X-ray 

photographs requires equipment, this method can be used only in labs and not during the time 

of service of the structure. 

1.2.5 Infrared Thermography 

Thermography works on the premise that the amount of heat emitted from a structure's 

surface is proportional to the stress condition of the material beneath it[16]. If the material 

under the surface has defects, the temperature distribution on the surface will be non-uniform 

(down to a fraction of a degree). One can evaluate whether a sample has faults by comparing 

the thermal image of a reference sample to that of the sample under investigation.  

The infrared (IR) energy released by the sample or specimen is detected using infrared 

thermography (IRT) technology. The IR energy conversion produces the thermal pictures 

(temperature distribution)[57]. There are primarily two types of thermography: passive 

thermography and active thermography. In passive thermography, a sample that is at a different 

temperature compared to its surroundings is subjected to the test. In active thermography, the 

sample's temperature gradient develops in response to an outside stimulus[58]. Lock-in 

thermography, pulse transient thermography, and other active thermography techniques are 

available depending on the external stimulation. Figure 3 demonstrates how halogen lamps are 

used to heat the sample during lock-in thermography in order to upset the thermal equilibrium. 

The input wave goes through the sample and is reflected from the specimen's rear surface or 

from any damaged regions. In comparison to waves in undamaged locations, waves reflected 

from damaged areas have a distinct phase. Different thermophysical characteristics of the 

damaged portions are caused by the phase delay. The reflected waves are captured by the IR 
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camera. In pulse transient thermography, the sample is heated over a brief period of time by a 

source of continuous heat flow, and then using an infrared camera the surface is observed[59]–

[61]. 

 

Figure 3: Lock-in thermography setup[4] 

Harizi W, et al. [62] investigated the progression of damage in GFRP laminates under 

static tensile stress using passive IRT. In a study by Montesano I, et al.[63] , the relationship 

between braider yarn crack density and stiffness deterioration for braided carbon-reinforced 

polymer matrix composites was determined using the IRT. Transverse fractures were produced 

in the event of cyclic loading. During the cyclic loading procedure, the localized interface 

cracks between neighboring braiders merged with additional interface and matrix cracks. The 

initial loss of stiffness was caused by the commencement and saturation of braider cracks, and 

the loss of stiffness persisted as a result of the spread of the pre-existing interface cracks.  

The significance of interfacial strength of composite under bending stress was evaluated 

using the passive IRT. Woven fabric glass or jute fiber-reinforced composites with 

polypropylene (pure or modified with a compatibilizing agent) were put to the test. A specimen 

made of woven glass fibers showed greater thermoelastic effects. The interface strength of 

composites is influenced by the reinforcing and compatibilizing agent [64]. Using passive IRT, 
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the fracture toughness of the carbon/epoxy UD composite laminate was calculated during 

compressive fiber failure[65]. The information received by IRT, in sum, aids in determining 

the length and position of the fracture. The temperature distribution during the growth of the 

fracture in the UD GFRP was also measured using IRT[66]. D’Orazio T, et al.[67], for the 

analysis of the series of the thermal picture for the detection of internal defects in composite 

materials, used the neural network approach. To extract data on internal defects (holes, knife 

cuts, and impact damage) in composites, a neural network was built based on composite 

thermographic images. 

This approach can only be utilized in the lab and not as real-time monitoring. Also, some 

complexity like different thermal properties in different directions is part of the intrinsic nature 

of this technique that implies limitations for practical use for real-time monitoring[68]. 

1.2.6 Fiber Optics 

Optical fibers with grating can be placed on the surface of the specimen or be put in the 

specimen to be used as a method to monitor the deformation[69]–[73]. The optical fiber 

receives the deformation of the material in the construction. The distance between the gratings 

changes according to strain in the optical fiber. The reflection of the light wave from the 

gratings varies as light waves are sent via fibers. The degree of strain can be determined by 

examining variations in the reflected wave compared to referenced signals. The approach is 

attractive because of the in-situ application possibilities. The problem is the size of the optical 

fibers and the challenges of applying them as they are fragile, and the equipment is heavy. The 

size of optical fibers is around 52 micrometers which are relatively huge compared to 

composite fibers with a diameter in the order of 10 microns. 

1.2.7 Shearography  

Holography and speckle interferometry are used in the optical method known as 

shearography[74]. The area of the object's surface that has to be illuminated is covered by an 

extended laser beam. It is possible to utilize the surface as is or to add a coat of paint or powder 

on top. A camera captures the light that the surface scatters. To create a duplicate picture of the 

object's surface, the camera contains a glass wedge or shearing interferometer. A reference 

interferogram is initially acquired in order to identify the surface deformation. As the 

specimen is loaded, interferograms are then captured either statically or dynamically. The 

displacement gradient components can be obtained from either a single camera or a multi-

camera sensor. The fact that a highly precise position between the part and the camera is 
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needed, which might not be appropriate for field applications, is one of this technique's 

drawbacks. Additionally, it cannot be used to measure the material's bulk strain[75]. 

Shearography also has the benefit of being a highly sensitive non-contact kind of 

examination[76]. But also has another certain limitation, that is the need to load the specimen 

in order to detect flaws and the possibility of fresh damage being generated during testing. The 

shearing amount is another restriction. Tiny shearing amounts result in poor fringe quality yet 

slight shearing amounts generate a small measurement mistake[77]. 

1.2.8 Electrical conductivity along the carbon fiber direction 

Studies have been done on using the conductivity of carbon fibers as a means for 

monitoring defects in composite structures[78]–[85]. Because carbon fibers are very 

conductive in the fiber direction, a change in electric potential can be used to detect damage 

in a composite specimen by providing an electric current over two probes at two points and 

monitoring electric potential over different two probes in the fiber direction. The drawback of 

this method is that resin fractures cannot be found using it since resin is not conductive. In 

contrast to fiber breakages, matrix cracking and delamination account for most of the damages 

at the comparatively modest stresses which is the case for early-stage damages. As a result, this 

technique's utility is constrained. 

1.2.9 Embedding resistance-based sensors 

Different resistance-based sensors are developed and used to monitor deformation and 

damage in composite structures[86]–[88]. In this set of methods, conductive sensing parts 

(resistance-based wire sensors or conductive ink) are embedded or out on the surface of a 

composite plate. These resistance-based sensors are shown to be capable of detecting small 

impact damages in small samples (up to 12 cm by 10 cm). The illustration of the techniques is 

shown in Figure 4, Figure 5, and Figure 6. 

. 
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Figure 4: A illustration of using resistance-based sensors that are embedded in the composite structures[86] 

 

 

 

Figure 5: Resistance-based conductive fiber sensors used with flexible circuit board[87] 
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Figure 6: A system using ink containing carbon nanofibers as conductive lines on the surface of the composite to sense 

deformation and defects [88] 

 

1.3 Adding carbon nanotubes into resin 

Because of their tiny size, high aspect ratios, great electrical conductivity, thermal 

conductivity, and outstanding mechanical qualities, carbon nanotubes (CNTs) have been 

introduced as multifunctional fillers[89]–[94]. Many researchers have recently used carbon 

nanotubes to make the matrix of fiber-reinforced polymer composite constructions electrically 

conductive. Carbon Nano Tubes (CNTs) are added to resin for enhancing the mechanical 

properties and introducing electrical conductivity[90], [95]–[98]. The development of a 

network of carbon nanotubes is responsible for electrical conductivity. As the network deforms, 

the network's configuration is modified, and the conductivity changes when a mechanical load 

is applied. As sown in Figure 7, Thostenson and Chou[99] showed that CNTs penetrate in areas 

where the matrix content is high and between plies due to their tiny size. CNTs can be used as 

nonconductors to detect deformation and damage in composite laminates in this way. 
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Figure 7: Three-dimensional illustration of CNTs’ penetration throughout a fiber array because of their relative scale[99]  

 

Pham et al. [100] studied the sensitivity of composite films with different carbon nanotube 

(MWCNT) concentrations. Based on this study, the sensitivity of the change in surface 

resistivity increases with lower MWCNT contents in nanocomposite films (Figure 8).  

 

Figure 8: Normalized change in surface resistivity PMMA/MWNT films for different MWCNT concentrations [100]. 
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The presented methods for detecting defects in composites provide promising results. 

However, they have limitations in being used as in-situ methods due to requiring the structure 

to be tested in labs and not being able to monitor while working. 

To tackle this problem, works have been done using the change in the electrical behavior 

of nanocomposites. The idea is to introduce electrical conductivity to the matrix of composites 

structures by adding CNT. The electrical properties of the composite structure can be used as 

a signal to monitor the structural integrity of the structure. Ali Naghashpour and S.V. Hoa 

[101], developed a method that uses changes in electrical resistances in nanocomposite plates 

to detect the defects. They demonstrated that by using an optimal amount of carbon nanotubes, 

they were able to monitor the development of cracks inside the epoxy matrix at an early stage 

of the loading. This early detection cannot be realized using other NDT techniques, including 

infrared.  In the method developed by Ali et al. [101] probes were placed on the grid points on 

composite plates to be able to measure electrical resistances throughout the entire plate (Figure 

9). The method provides promising capability in real-time defect detection. The only problem 

with this method is the requirement for many contact points on the plate as probes. So, as using 

electrical behavior in composites shows a promising capability, in comparison to other NDT 

methods, using CNTs in composites is adopted in this study to make composite plates 

conductive. To overcome the limitation of practicability of the existing method, the aim of this 

study is to develop a method that is capable of real-time defect detection with fewer number of 

probes and connections. 
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Figure 9: A plate of composite that the electrical resistances are measured using probes on the corner of each cell. The 

silver circles on the corners of each cell are probes [75]. 

 

Recently there arose many success stories about using Artificial Intelligence (AI) for the 

recognition of defects in biological systems [102], mechanical systems [103], and others [104]–

[106]. Defect occurrences in composite materials and structures are complex phenomena. As 

such even though a large amount of effort has been spent in detecting, locating, and quantifying 

the defects in composite structures, much remains to be developed. It is the hope at the 

beginning of this thesis work to use AI to help in defect detection in composite structures. In 

particular, the intention is to use AI to help to reduce the number of probes and connections in 

the technique where CNTs are incorporated into the epoxy matrix to make the composite 

electrically conductive. There have been works where AI have been used in composites, and a 

survey of these work is presented in the following chapter.     
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Chapter 2: LITERATURE REVIEW AND 

METHODOLOGY 

2.1 Artificial Neural Network in the Field of Composite Materials 

In the previous two to three decades, technology has advanced significantly thanks to the 

development of artificial intelligence (AI) and its numerous applications in several industries. 

The efficiency and capacities of many industries that just focus on business, scientific, and 

technical applications have improved because of AI [107], [108]. The most promising AI 

technology, machine learning, is renowned for its speedy and precise simulation of human 

intelligence and its capacity to comprehend processes. The use of ANN in simulating the 

characteristics of composite materials has grown rapidly in recent years. A large percentage of 

the studies using ANN in composites have been done during the last four years (Figure 10). 

This shows the technological development in the field [109]. 

 

Figure 10: Distribution of articles published on composite characterization using ANN during different years[109] 

There are studies focusing on mechanical properties of composites, like modulus, fatigue 

life, etc., using ANN. Some of these works are mentioned in the following paragraphs. 
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Gayari Vineela et al. [110] studied the ultimate tensile strength of short fiber composites. 

The volume fractions of short fiber were the input of the ANN. The high performance of the 

trained NN shows the good capability of using NN for predicting the tensile strength of 

composites. Hossain et al. [111] studied both tensile and compressive strength of cementitious 

composites. There are ten features (input) for predicting compressive strength ANN and twelve 

features for tensile strength. The performance of the NNs is high with R-values of 0.989 and 

1.0 for compressive strength and tensile strength, respectively. Kurpinska and Kulak [112] 

trained a NN to predict the compressive strength of light-weight concretes. By having a NN 

structure of 2-11-15-1 the compressive strength of light-weight concrete was predicted with 

high performance. The high performance of ANNs’ predictions in the strength of composites 

is observed in studies([113]–[117]). 

The hardness of composites is also studied using ANNs. Vinoth and Datta [118] trained 

ANNs on the hardness of ultra-high-molecular-weight polyethylene composites with an R-

value of 0.96. Nwobi-Okoye and Uzochukwu optimized ANNs to predict the hardness of 

A16351/eggshell composites. They considered stirring time, preheat temperature, and sitting 

speed as inputs (features) of the NNs. The performance of the NN modeled was measured with 

an R-value of 0.9982. In Devadiga et al.’s study [119], the hardness of CNT fly ash reinforced 

aluminum composites is predicted using ANN. The inputs are reinforcement content, ball 

milling time, and sintering time. The error of the trained NN is small (MAPE= 1.51%). Similar 

performance of ANNs is reported in other studies focusing on the hardness of composites 

([120]–[125]). 

The stiffness modulus of composite materials is an interesting topic for researchers to 

predict using ANNs. Kabbani and Kadi [126] studied Young’s modulus of glass fiber 

polypropylene composites with different cooling rates. They predicted the stiffness of the 

composites using ANNs with an accuracy of 97%. Ye et al. [127] used Convolutional Neural 

Network (CNN) to predict both Young’s modulus and Poisson’s ratio of composites. The 

relative error of their NN is around 4%. Based on their opinion, the deep neural network is one 

of the best options to predict the mechanical properties of composites that have complex 

microstructures. There are articles that study also shear and bulk modulus of composites with 

high performance using ANNs ([128]–[134]). 

The strength of composites under shear and flexural loading is also studied using ANN. 

Different tests are carried out in order to analyze and evaluate the impact of different input 
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factors on the shear and flexural strength of composite materials[135], [136]. However, the 

time and expense required for experimental tests prompted researchers to use artificial 

intelligence to foretell the mechanical characteristics of composite materials[109]. Shyam et 

al. [137] used ANNs and Deep Neural Network (DNN)  to model the flexural behavior of E-

glass reinforced bayan fiber composites. The fiber orientation of the composite structure is 

considered as an input for ANNs and DNNs to study its effect on flexural strength. The 

performance of 92.2% and 92.8% was achieved using ANN and DNN, respectively. Prasad et 

al. [138] used NN as a prediction model for flexural strength of coir polyester composites. 

There are other studies that used ANNs to model shear, flexural, and impact strength in 

composite materials ([139]–[144]). 

Researchers also used ANNs for the prediction of the toughness of composite materials in 

the recent 20 years. Sharma and Kushvaha [145] studied the fracture toughness of silica-filled 

polymer composites by ANNs when carrying different loads. The performance of the trained 

ANNs was measured to be of R-value of 0.972 with respect to experimental results. Yang et 

al. [146] used CNN to predict composites’ toughness. Jia-li et al. [147] used a Multilayer 

Perceptron (MLP) neural network to predict the toughness of wheat straw reinforced 

composites. The features for the NN are mold temperature, mold pressure, fiber content, and 

time. Studies that used ANNs show high performance in modeling the toughness of composite 

materials([148], [149]). 

Bezazi et al. [150] studied the fatigue life of sandwich composites using Baysian NN. 

Ahmed et al. [151] used ANNs to study hot mix asphalt (HMA). The features of the ANN in 

this study are stiffness modulus, phase angle, shear stress amplitude, relaxation test coefficient, 

shear strain amplitude, air void percentage, and bulk density. The R-vale for the trained NN is 

more than 0.98. Other attempts to study the fatigue life of composites were done using 

ANNs([152]–[157]).  

Based on the studies on using ANNs in the field of composite materials, this method 

presents promising capabilities for modeling the complex behavior of composite materials.   

2.2 Objective 

In a previous study by Naghashpour and Hoa [158], composite plates were divided into 

cells using the grids and for each cell 4 probes are required. This makes the method require lots 

of probes, wires, and contact points which is a limitation in the practicability of this method 
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(Figure 11). To have a new method without this limitation, fewer probes should be required to 

be capable of locating the defect. So, some probes should be removed by noting that the 

remaining probes should be around the area where the defects occur to be affected by them. By 

having these two key factors considered, this study aims to develop a method that can locate 

the defects inside a plate of composite by using measurements on the edges (Figure 12). By 

comparing  Figure 11 and Figure 12, the saving in the number of probes for similar plate sizes 

is obvious. 

To emphasize the difference between the previous method and the method in this study, a 

comprehensive view on cells and defects can help. In the previous method (Figure 11), the 

decision on whether there is a defect in a cell or not is based on the measurements on the corners 

of that cell, so for each cell its own measurements should be performed. On the other hand, for 

the method in this study (Figure 12), there are only fixed measurements for all the cells. It 

means by using unique measurements, the decision on being defective or not should be taken 

for all the cells on the plate rather than having specific measurements for each of them. This 

certainly does reduce the number of probes. However, it is not certain that the patterns of 

measurement values from probes on the edges will enable the determination of the existence 

of defects within the structure along with their locations. This degree of uncertainty (or 

certainty) may be addressed using the Machine Learning approach, which is described below.  
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Figure 11: Illustration of probes required in the method developed by Ali Naghashpour and Hoa.[158]. Purple squires 

represent probes. 
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Figure 12: Illustration of the number of probes required for this study to locate the location of the defect using probes on the 

edges. Purple squires represent probes. 

 

2.3 Rationale for selecting Machine Learning 

By having the probes limited to the edges of the samples, the measurements may not be 

directly and independently related to each defect, as they were in the previous study [158]. 

There are two ways to tackle this problem. One way is to study the electrical behavior of 

composites with having CNTs embedded in their resin and develop a model that can precisely 

determine the complex electrical behavior of the structure. After that, by having a precise 

model for electrical behavior, it can be used to study the effects of defects on the electrical 

behavior and to detect the defects. As it is clear, this technique is time-consuming, costly, and 

may not be possible. Another way to do this with a smaller number of samples and with a 

reasonable cost is to try to relate the inputs (the measurements on the edges) to outputs (the 
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location of the defect) without modeling the exact and detailed way that they are related by 

using Machine Learning (ML). In other words, there are two approaches to tackle the problem:  

1- Developing a physics-based model for the electrical behavior of nanocomposites + 

studying the effects of having a defect in this physics-based model 

2- Trying to relate the measurements on the edges to the location of the defect without 

necessarily knowing how exactly they are related scientifically.  

As the first approach requires numerous experiments and modeling, the second approach 

is picked for this study. To fulfill the second approach, ML methods are picked as they show 

promising capabilities in composite fields as mentioned in the previous section. Introduction 

to the method that is used, and steps that are taken are provided in the next sections. 

2.4 Introduction to ML approaches and Method Selection 

The advent of Artificial Intelligence and Machine Learning gives a lot of hope for the 

development of effective and efficient defect detection in composite structures.  

 

Figure 13: Artificial Intelligence Subcategories [159] 

 

Machine Learning approaches can be classified to two categories: conventional ML and 

Deep learning. Conventional ML methods, like support vector machine (SVM), Decision 

Trees, K-means Clustering, are limited in the capability of processing data that are in their 

original form. These methods need a noticeable amount of understanding of the data and 

features[159], [160]. On the other hand, machine learning has a branch called deep learning. 

Deep learning is an advanced technique to machine learning that enables computers to 
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automatically extract, analyze, and comprehend the valuable information from the raw data. 

The technique of AI and Deep Learning may provide means for this detection[159]. Results 

from deep learning are far better than those from conventional methods for machine 

learning[161]. Deep neural networks employ a non-linear model with a number of hidden 

layers to enable the system to learn about the intricate connections between input and output. 

Deep learning has the benefit of not requiring manually retrieved or constructed features as 

conventiolan machine learning does. Automatic feature extraction from the raw data, 

processing, and decision-making are all done via deep learning[162], [163]. Deep learning 

techniques use non-linear models to turn the initial data into more abstract levels for decision-

making, resulting in many abstractions of levels. Finding the solution to complicated and non-

linear functions is made simpler as a result[164]. Deep learning relies on autonomous feature 

learning, which offers the benefits of modularity and transfer learning[159]. Based on the 

advantages of deep learning over conventional ML methods, for this study, Neural Network 

with multiple hidden layers (Deep Neural Network) is selected.  

2.5 Special techniques to overcome the need for large amount of 

data 

 However, this technique requires a large amount of experimental data. This is troublesome 

for composites due to the exorbitant cost to generate these data. In this thesis, two techniques 

are used: One is to reduce the need for a large amount of data, and the other is to augment the 

data obtained from experiments.  These are Transfer Learning (TL) and Data Augmentation 

(DA). Transfer Learning is a technique where the neural network is undergoing two levels of 

training. In the first level (level 1), the network is trained using a similar, and better-known 

problem where the data can be abundant. This problem is usually less complicated (or already 

solved) than the actual problem and is similar to the actual problem. It should be noted that the 

model for level 1 training may not exist for all phenomena or physical problems. Fortunately, 

for the detection of defects in composite structures using enhanced electrical conductivity due 

to the addition of carbon nanotubes, there are similarities to the circuit of the grid of resistors 

where the effect of the defect can be considered similar to increasing the electrical resistance 

in a particular cell. Once the training network has graduated from level 1, it is trained again 

using experimental data in level 2. The fact that the network was trained in level 1 allows it to 

provide better results in level 2. Since the number of experimental results may be limited, these 

data may be augmented using Data Augmentation (DA). In Data Augmentation, the limited 
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experimental data is augmented by Symmetry, Anti Symmetry, etc. A schematic of the 

procedure is shown in Figure 14. 
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  * Brief introduction of the tools used for data preparation is presented in chapter 4. 

Figure 14: The schematic of the procedure  

 

 

* * ** ** 

** 
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In Figure 14, the block on the left shows the procedure and software programs used to 

generate data from a similar, better-known problem. The electrical activity of the plate shown 

in Figure 15a may be modeled as a network of resistors shown in Figure 15b. This network as 

shown in Figure 15b is a grid of resistors. The existence of a hole in the middle of the plate in 

Figure 15a may be represented by increased values of resistance at corresponding position in 

Figure 15b. By using Kirchhoff law, the relation between the points on the edges of the plate 

may be written in terms of the resistances inside the plate[75]. LTspice is a simulation software 

that can model circuits [165]. Using this software electrical specifications between any points 

on the simulated circuit can be monitored. The software LTspice in Figure 14 is used to 

determine the equivalent resistances between points on the edges corresponding to values of 

resistances within the plate.  

The simulation data is generated by modeling a grid of resistors in LTspice software. For 

generating each example of data, resistors creating the targeted cell were increased. The relative 

changes in equivalent resistances between every two opposite nodes on the edges of the grid 

of simulated resistors before and after increasing resistors’ values were recorded as features. 

Sequential numbers were assigned to cells from left to right and from top to bottom. The 

number assigned to the cell with the increased resistors is recorded as the label. A Python code 

is also developed to automate model preparation in LTSpice and to record the data. The Python 

code provides the dataset in a reasonable amount of time relative to doing it manually. In the 

data preparation step, the features were normalized using standard deviation and mean.  

The top row, right part in Figure 14 shows the data generation using experiments. Details 

of the experiments will be given in chapter 3. Also shown at the top row, right part of Figure 

Figure 15: a. Composite plate with probes, b. Model as network of resistors 

a b 
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14 is the Data Augmentation (DA). The procedure for DA is described in more detail later in 

chapter 3. 

The top row, middle block in Figure 14 shows the training portion of ANN. As mentioned 

before, there are 2 levels of training. In level 1, the training of the Neural Network is done 

using data generated from the simulation on the left. After level 1, the initially trained network 

is used as a base for the NN that is trained again using the augmented experimental data from 

the right in stage 2. Before the second training step, the last layer of the ANN from the previous 

stage is removed and new untrained layers were added on top. In the training step, the newly 

added layers were trained. 

In the data preparation step, the data were normalized using mean and standard deviation. 

Each data set is divided into 3 subsets as the training set, development set, and test set. The 

initial and final ANNs are trained using the training set, optimized using the development set, 

and evaluated using the test set that comes from simulation and experimental data, respectively.  

The last block at the bottom of Figure 14 shows the optimized ANN model after training 

in stages 1 and 2 as the final model. The inputs for this model are features that come from 

electrical measurements on the edges of the composite plate and the outputs are labels that 

represent the location of the defect. 
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CHAPTER 3: Materials, Sample preparation, and 

Experiments 

This chapter explores the procedure and steps for making and testing samples. This step is 

an important step in the process of developing a real-time defect detection technique for 

composite plates. 

Sample preparation consists of adding CNT to epoxy resin, cutting fibers, wetting the 

fibers, preparing probes on the edges of samples, and curing samples. Then samples are tested, 

the measurements are performed, and the data is summarized and labeled to be prepared for 

the next steps in training and testing the performance of the trained NN model. 

Two sets of samples were made, first set consisted of samples with different CNT 

concentrations to find the best CNT concentration for getting the best response in the primary 

samples (to generate data for NN modeling). From the result of testing the first set of samples 

the concentration of CNT to prepare the primary samples was achieved. 

In this chapter, the method, tools, and materials that are used to have the samples prepared 

and tested are reviewed.  

3.1 Experiments 

3.1.1 Materials  

-CNT: single-walled CNT with the purity of 75% manufactured by TUBALL 

nanomodifier of materials (Figure 16) 

-Epoxy resin: Hexion Epon 862, Epikure Curing Agent W (Figure 17) 

-Glass Fiber: Plain woven fabric bought from FiberGlasst, item #224-A an areal weight of 

7.4 oz/yard2. 
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Figure 16: CNT used to prepare samples 

 

 

Figure 17: Epoxy resin and Curing Agent used to prepare samples 

 

3.2 Determination of Optimum CNT Concentration 

The technique of adding carbon nanotubes into epoxy to make the composite more 

conductive so that the occurrence of defects can be detected by measuring the change in 

resistance between probe points has two requirements for the amount of nanotubes. One is that 
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the amount of nanotubes should be large enough to make the resin matrix to be conductive. On 

the other hand, if the resin matrix is too conductive (too much nanotube), the material may not 

be sensitive to the occurrence of defects. The second scenario is similar to the case of a very 

conductive material such as copper. The occurrence of a small defect within a copper plate may 

not affect the resistance (or conductivity) between two probe points on the edge of the copper 

plate.  This is because copper is very conductive, and there are many paths of conduction 

between the two probe points. The occurrence of a defect may disrupt the conductivity along 

one path, but there are many other paths available, which makes the occurrence of the defect 

ineffective in changing the resistance between the two probe points (Figure 18 a). If the paths 

of connection are not many a disruption in one path results in a more tangible change in the 

resistance between the two probe points (Figure 18 b).  

 

Figure 18: a. Many paths of conduction in a very conductive material. b. Few paths of conduction within a less conductive 

material 
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As such, the amount of nanotubes should not be too much. The first and second 

requirements define a window for the amount of nanotubes to be used. In the following, two 

experiments were carried out. The first one is to determine the conductivity (resistivity) of the 

material, and the second one is to determine the sensitivity to the occurrence of the defect.   

3.2.1 Effect of amount of nanotubes on resistivity 

For the determination of the conductivity (resistivity), 8 samples of dimensions 6” by 6”. 

were made tested (Figure 21). 

CNTs were dispersed into epoxy resin (Figure 19) by the required amount for the desired 

concentration using three-roll milling (EXAKT 80E; WXAKT Technologies, Inc.). The 

mixture of epoxy and CNT is then mixed with the curing agent (26.4 wt%) in the vacuum mixer 

for 3 minutes. The prepared resin was then used to wet 10 layers of plain weave glass fabric by 

hand layup. On the last layer of each sample films of copper in rectangular shape were co-cured 

in the autoclave. These copper films were used as probes to measure electrical properties. 

Probes are placed on the edges of samples in 6 pairs being opposite of each other (Figure 21). 

Two samples per each 4 different CNT concentration (0.05%,0.1%.0.25%,0.5%) are made. The 

average thickness of the samples is 2.17 mm.  
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Figure 19: CNTs being dispersed in epoxy resin using three roll milling 

 

Figure 20: (a) Epoxy resin with different concentrations (Difference in viscosity is shown) 

(b) sample with different CNT concentrations under a vacuum bag. 

a 
b 
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Figure 21: Samples made with different concentrations of CNT 

To study the resistivity for different CNT concentrations, the Van der Pauw method [166] 

is used. This method is applicable to thin plates with small contact areas for probes [158], 

which is the case with our samples. To operate this method, the program that is developed in 

CONCOM is used [167]. The program controls the switches that control the current to the 

probes on the edges of the sample and measures the electrical voltages between the two other 

probes. The program solves the following equation based on the measurement. 

 𝑒(−𝜋.𝑡.𝜎.𝑅𝐴) + 𝑒(−𝜋.𝑡.𝜎.𝑅𝐵) = 1 (1) 

 

Where 𝑡 is the thickness of the sample, 𝜎 is conductivity and 𝑅𝐴, 𝑅𝐵are as follows: 

 

 
𝑅𝐴 =

1

2
(
𝑉34
𝐼12
+
𝑉12
𝐼34
) 

(2) 

 
𝑅𝐵 =

1

2
(
𝑉41
𝐼23
+
𝑉23
𝐼41
)   

 

(3) 
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Figure 22: Experimental setup for the Van-Pauw method 

𝑉𝑖𝑗 represents the voltage difference between different probes on the edges of the samples 

(Figure 22). For conductivity and resistivity relation we have: 

 
𝜌 =

1

𝜎
 

(4) 

   

𝜌 is resistivity and 𝜎 is conductivity. 

The measurements were made using a current source and voltmeter. KEITHLEY 6220 

Precision current source and KEITHLEY 2182A Nanovoltmeter are used for this purpose 

(Figure 23).  

The resistivity is measured for each plate and the result is presented in Figure 25. Based 

on Figure 25, for concentrations more than 0.1w%, the resistivity is not decreasing that much 

as the concentration is increased. This means that although more CNTs are embedded into the 

resin, they do not contribute to conductivity. Also in the same figure, it is observed that there 

is a huge gap between the resistivity of plates with 0.05w% CNT and 0.1w% CNT which means 

the capacity of the network in 0.05w% resin is not sufficiently used to increase the conductivity. 

In other words, there are some unused capacities for CNTs to make conductive networks in 

samples with 0.05w% concentration. 
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3.2.2 Effect of amount of nanotubes on sensitivity to the occurrence of 

defects 

To test the sensitivity for the detection of the occurrence of defects, the effects of having 

a hole in samples with different concentrations on resistances between opposite probes were 

measured before and after drilling a hole (with a diameter of 8.40 mm) in the middle of each 

sample. The relative resistance before and after having a hole is measured using a current 

source and voltmeter. KEITHLEY 6220 Precision current source and KEITHLEY 2182A 

Nanovoltmeter are used for this purpose (Figure 23). To measure the resistance between 

opposite probes, a constant current was injected between two outer probes, and the voltage 

difference is measured between inner probes. The value of voltage difference divided by the 

constant current is the equivalent resistance. An index for sensitivity (S) is defined by averaging 

the 6 resistances between every 2 opposite probes on the edge before and after having a hole 

in the middle (equations (5) and (6)).  

 
𝑅𝑟,𝑖 =

𝑅𝑏𝑒𝑓𝑜𝑟𝑒 𝑑𝑒𝑓𝑒𝑐𝑡 − 𝑅𝑎𝑓𝑡𝑒𝑟 𝑑𝑒𝑓𝑒𝑐𝑡

𝑅𝑏𝑒𝑓𝑜𝑟𝑒 𝑑𝑒𝑓𝑒𝑐𝑡
× 100 

(5) 

 
𝑆 =

∑ 𝑅𝑟,𝑖
6
𝑖=1

6
 

(6) 

 

As is shown in Figure 25 and Figure 26, the resistivity and sensitivity (S) are studied with 

respect to CNT concentration. 
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Figure 23: The current source and voltmeter used 

 

 

Figure 24: Sample with a dilled hole to measure the measurable difference before and after the defect 
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According to Figure 26, the sensitivity decreases while increasing CNT concentration. As 

a result, the least amount of CNT would be better for sensitivity. Although Sensitivity (S) for 

0.05w% and 0.1w% CNT concentrations are not considerably different as mentioned in the 

previous section concentration less than 0.1w% is not acceptable.  So, the optimum 

concentration of CNT is 0.1w%. The concentration of 0.1% of mass fraction for CNTs is picked 

to make samples for the generation of data for NN training. By choosing this concentration we 

minimized agglomeration of CNTs that may imply inconsistency in our results while keeping 

the sensitivity high. 

 

 

Figure 25: Resistivity of samples vs. CNT concentration 
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Figure 26: Sensitivity (S) vs. CNT concentration 

 

Table 1: Resistivity of samples with different CNT Concentration 

CNT Concentration 

(w%) 

Resistivity 

(Ω.cm) 

Average 

resistivity (Ω.cm) 

0.5 3.6731 
3.6677 

0.5 3.6624 

0.25 4.4545 
4.7063 

0.25 4.9581 

0.1 39.2413 
40.7410 

0.1 42.2408 

0.05 175.121 
175.6375 

0.05 176.154 

 

3.3 Samples for Experimental Data Generation 

To have 12”x12” plates made of CNT epoxy resin/glass fiber, glass woven fibers were cut 

into 12”x12” pieces. The samples are made using the same materials that are used for the 

previous set of samples (Figure 16 and Figure 17). To mix CNTs within epoxy resin, a three-

roll milling method is used (same as the procedure for the first set of samples). 
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After preparing the resin with CNT, 10 layers of woven fiberglass were wetted by the 

prepared resin and stacked together. Before vacuuming, the copper film was cut into squares 

of 0.5” x 0.5” (for injecting electric current) and 0.25” x0.25” (for measuring voltages) and 

placed on the edges of the top layer. These copper films on the top are used as probes to inject 

current and read the voltage while testing. To avoid the probes to get dirty by epoxy resin, 

which makes the connecting wires unstable and erratic, they were covered by thermal resistant 

tape before placing them on the samples. These tapes were pulled off after curing to have the 

fresh and clean surface on copper probes ready for the wires to be connected. Using these tapes 

helped a lot to save time and removed the need for sanding them after curing. Sanding probes 

not only are time-consuming but would affect the quality of soldering and conductivity. The 

samples were vacuumed and co-cured with the copper films in the autoclave. The vacuumed 

layup is cured using the autoclave. For curing, the temperature is increased by the rate of 10 

Deg F/min to 350 Deg F while the pressure of 50 psi is applied to the samples. The temperature 

is kept for three hours at 350 Deg F and then the sample is cooled to 140 Deg F at the rate of 5 

Deg F/ min. After cooling, by venting the autoclave the pressure is taken off and the sample is 

cooled to room temperature.  

The DSC test was done on the cured samples containing 0.1w% CNT. The result, as shown 

in Figure 27, proves that the samples are fully cured. Also, the heat flow curve shows that the 

glass transition temperature (Tg) is 147.92o C. 

The void content of the cured samples is checked and confirmed to be under 1%. As shown 

in Figure 28, the samples were cut out of the cured laminate, polished, and observed under a 

microscope. As shown the sizes of the voids are also small. 
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Figure 27: DSC result of the cured sample. 

 

Figure 28: Image of the cross-section of the cured layup under a microscope.  
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After curing, the samples were trimmed. To test the samples, wires were attached to the 

probes on the plate using soldering. 

The cured plate is shown in Figure 29. As illustrated in Figure 29 the plate is discretized 

into 36 cells (6 cells in each row and column). Each cell is 2” by 2”. There are two series of 

numbers on the plate, one in silver color and one in copper color. Figure 30 shows how the 

plate is numbered. Each node on the corner of the cells is numbered from top to bottom and 

from left to right. The cells are also numbered sequentially from top to bottom and from left to 

right. The numbers of each cell are in the middle of the cell with silver color. The copper-

colored numbers on the edges specify the numbers attributed to each probe on the edges. The 

probes’ numbers are the numbers of the nodes that the probes are located on (Figure 30). These 

numbers are used during performing measurements to be sure that the equivalent resistances 

are measured between the correct probes. The number of the cells is used to record the label of 

each measurement that represents the location of the defect. 

 

 

Figure 29: A cured sample with node numbers on the edges and cell numbers in the middle of each cell 
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Figure 30: Schematic of Numbering cells, Nodes, and Probes 

 

3.4 Electrical Resistance Testing 

To generate data from testing manufactured samples, electrical resistances between every 

pair of opposite probes on the edges (for example between probe 1 and 43, or between probe 8 

and 14) were measured.  

3.5 Electrical Measurement Strategy 

There are two available methods to measure the electrical resistance in plates: 

1. Two-probe method 

2. Four-probe method 

In the two-probe method, two electrical probes are used to apply electrical voltage 

deference to force an electric current flow between these probes and then measure the electrical 

resistance between the probes. On the other hand, in the four-probe method, 2 pairs of probes 
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are being used. These four probes are used on a line to measure the electrical resistance between 

the inner pair. One pair is used to provide a constant electrical current. The other two inner 

probes are used to measure the drop in electrical voltage. The electrical resistance is calculated 

from the ratio of current applied and the voltage drop [158]. 

The benefit of using the four-probe method compared to the two-probe method is that in 

the four-probe method the contact resistance between probes and plates is eliminated while in 

the other one the contact resistance affects the outcome[158]. 

 

Figure 31: Schematic diagram of a four-point probe circuit 

The four-probe method is used to eliminate the effect of contact resistances. This can be 

illustrated by writing the Kirchhoff equations. The target is to measure the resistance shown in 

red (in Figure 31 and Figure 32). This resistance is Rs2. As shown in Figure 31, there are 

contact resistances (illustrated by Rc1, Rc2, Rc3, and Rc4). By writing the Kirchhoff equation 

for the four-probe method (Figure 31), as shown in equation (7), the contact resistance is 

eliminated. In this equation, 𝑉 is the electrical voltage difference measured by the voltmeter 

and 𝐼 is the current injected by current source.  

 
𝑉 = 𝐼 × 𝑅𝑠2 ⇒ 

𝑉

𝐼
 =  𝑅𝑠2 

(7) 
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Figure 32: Schematic diagram of a two-point probe circuit 

On the other hand, by writing the equation for the two-probe method (Figure 32), the 

contact resistances (Rc2, Rc3) cannot be eliminated. It is shown in equation (8). 

 
𝑉 = 𝐼 × (𝑅𝑐2 + 𝑅𝑠2 + 𝑅𝑐3 ) ⇒  

𝑉

𝐼
 =  𝑅𝑐2 + 𝑅𝑠2 + 𝑅𝑐3  

 

(8) 

In this equation, 𝑉 is the electrical voltage difference measured by the voltmeter and 𝐼 is 

the current injected by the current source and 𝑅𝑐2 and  𝑅𝑐3 are contact resistances and 𝑅𝑠2 is 

the resistance of the sample.  

In our problem, the difference in electrical resistance before and after the defect is being 

used. As these differences are estimated to be small as compared to the contact resistances, the 

four-probe method is used for this study to eliminate any errors that may be related to contact 

resistances or the changes in contact resistances. So, the differences that are measured represent 

the effects of defects in the plate rather than changes in contact resistances. So, to measure the 

equivalent resistance between the probes on the plates, the 4-probe method is used. An 

illustration of applying this method for measurements is provided in Figure 33. 
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Figure 33: A four-probe method applied for measurement on a sample plate 

As it is shown in Figure 34, 14 measurements needed to be done for each data point. These 

measurements are done between every two opposite probes on the edges. These measurements 

consist of 7 measurements between probes on the vertical edges and 7 measurements between 

probes on the horizontal edges. To perform all these measurements to generate the data points 

required for NN training, a data acquisition system is developed and used. The data acquisition 

system is described in the following section. By using the data acquisition system, all the 

measurements can be done without the need for switching the probes of the voltmeter and the 

current source between the probes on the plates. Developing the data acquisition system helped 

a lot in doing the measurements, to allow more quick and accurate measurements than doing 

them manually.  
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Figure 34: Measurement on the sample. 

 

3.6 Data Acquisition System 

As the measurements can be sensitive to the changes in connection and even length of the 

wires, a fixed method is needed that would be consistent both during testing a sample and 

through different samples. It is noteworthy that it should be fast, as for NN to be trained, 

sufficient data is needed.  

To overcome these challenges, a data acquisition system is designed and developed. The 

data acquisition system is developed using an Arduino Mega board and multiple relays. 
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Arduino boards are microcontroller boards that can be programmed to perform tasks. 

These boards can be connected to personal computers and are popular for being easily 

programmed[168]. Arduino boards come with different numbers of pins that can be controlled. 

Based on the number of relays needed for our data acquisition system to be controlled, the 

Arduino Mega 2560 Rev3 board is used.  

The Arduino Mega board is programmed to switch the current between the different probes 

and change the probes that the voltmeter is connected to accordingly. Using this Arduino 

system reduces the time needed to record data while sufficient consistency is achieved. 

Arduino Mega is programmed using an open-source integrated development environment 

(IDE) developed by Arduino. Arduino software is also used to control switching from one to 

the other steps among 14-step-measurement cycles. The schematic diagram of the developed 

data acquisition system is presented in Figure 35.  



 

49 

 
 

 

Figure 35: Schematic diagram of the Data Acquisition System  

 

3.7 Measurements and Data Treatment 

To generate experimental data set, for a data point, equivalent resistances between every 

pair of opposite probes before and after having a defect, which is generated in a randomly 

chosen cell, were measured. After performing measurements, there are 14 equivalent 

resistances for the sample before having any defects and 14 equivalent resistances for the 

sample after having a defect. The defect is generated by drilling a hole with the diameter of 

11.5mm.  The relative differences between the equivalent resistances before and after the defect 
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are recorded as features. The number assigned to the cell in which the defect is generated is 

recorded as the label.    

As data points are the relative differences of the measurements before having a defect 

(reference state of the plate) and after a defect, one sample can be used to generate multiple 

data points. This is beneficial as a smaller number of samples is needed to generate data set for 

training NN. So, each plate is used to generate multiple data points. This can be done by 

changing the reference state of the sample after each defect. The assumption is that there was 

not any defect in the plate as the reference resistances of the plate were measured before 

generating a defect in a specific cell. In order to overcome the challenge of being compatible 

with this assumption while having plates with multiple defects, changing the reference point 

after each defect generation is used. The reference from which the relative changes are 

calculated is updated after having a new defect in the plate. For example, after having one 

defect at cell number 12 (which is picked randomly), the reference is changed to the resistance 

distribution of the plate with a defect in cell number 12. Then another defect is generated in 

cell 30 (which is picked randomly), the changes due to this new defect (in cell 30) are measured 

with respect to the new reference, which is with having a defect in cell 12. The formulas for 

recording the features are as follows:  

 
𝑅𝑟
𝑖 = 

𝑅𝑎𝑓𝑡𝑒𝑟 𝑖𝑡ℎ𝑑𝑒𝑓𝑒𝑐𝑡 − 𝑅𝑎𝑓𝑡𝑒𝑟 (𝑖−1)𝑡ℎ𝑑𝑒𝑓𝑒𝑐𝑡

𝑅𝑎𝑓𝑡𝑒𝑟 (𝑖−1)𝑡ℎ𝑑𝑒𝑓𝑒𝑐𝑡
 

Or 

(9) 

 
𝑅𝑟
𝑖 = 

𝑅𝑖 − 𝑅𝑖−1

𝑅𝑖−1
 

(10) 

 
𝑅𝑟
𝑖̅̅ ̅ =

∑ 𝑅𝑟
𝑖,𝑛14

𝑛=1

14
 

(11) 

 

𝜎𝑅𝑟 =
√
∑ (𝑅𝑟

𝑖,𝑛 − 𝑅𝑟̅̅ ̅)2
14
𝑛=1

14
 

(12) 

 
𝑋𝑖
𝑛 =

𝑅𝑟
𝑖,𝑛 − 𝑅𝑟
𝜎𝑅𝑟

 
(13) 

𝑅𝑟
𝑖  is relative resistance after having 𝑖𝑡ℎ defect in one sample. 𝑋𝑖

𝑛 is the feature data point 

for 𝑖𝑡ℎ data point and 𝑛𝑡ℎ measurement (𝑛 ∈  {1,2,3, … ,14}). 𝑅𝑟
𝑖,𝑛

is the relative resistance 

change for 𝑛𝑡ℎ measurements after having 𝑖𝑡ℎ defect in a pate. 𝑅𝑟
𝑖̅̅ ̅ and 𝜎𝑅𝑟 are the mean and 

standard deviation of relative equivalent resistances after 𝑖𝑡ℎ defect, respectively. 
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Having a data acquisition system that is specifically designed for this task coupled with 

recording multiple data points from one plate helped a lot to reduce the number of samples 

needed and the amount of time needed. By using these methods 98 labeled data points (7 x 14) 

were recorded from testing 14 plate samples. Seven data points are generated by testing each 

plate. It is noteworthy that, as mentioned, each data point consists of 14 features (measurements 

on the probes on the edges) and a label (the defected cell number). Features will be the input 

and labels will be the output of the NN. 

3.8 Data Augmentation 

To be able to train a NN well enough, enough data points are required. As in our case, 

generating lots of data points is hard and expensive, generating new data points from existing 

data points is beneficial. To do so, data is “Augmented”. 

3.8.1 Introduction to Data Augmentation 

“The term data augmentation refers to methods for constructing iterative optimization or 

sampling algorithms via the introduction of unobserved data or latent variables”[169] 

The performance of deep learning models is fundamentally dependent on the size and 

diversity of the training set. Deep learning models (DL models) that are used for complex 

problems have many hidden layers. The more hidden layers in a model, the more parameters 

are needed to be optimized. The number of parameters in common-high performance models 

in computer vision like RESNET1 (60M), and Inception-V32 (24M) is in the order of millions. 

So, much data is needed to train such large DL models. Often while dealing with complex 

problems, there are not sufficient labeled data available to train the models. In these cases, 

“Data Augmentation” can be used to enhance the data set in both aspects of being enough 

numbers and being diverse. The table below summarizes the performances of some models in 

different fields to show the effectiveness of data augmentation.[170]  

 

 

 
1 Residual Networks. RESNET was the winner of the ImageNet challenge in 2015. The invention of this model 

provides ways to train NN with more than 150 layers. [194] 
2 Inception V3 is a popular computer vision model. It provides an accuracy of greater than 78% on the ImageNet 

data set. This model is a result of the work of several researchers for years.[195]The model is based on a paper 

by Szegedy, et. al.[196] 
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Table 2: Different models’ performance with and without data augmentation[170]  

Application Performance without 

Augmentation 

Performance with 

Augmentation 

Augmentation Method 

Image Classification 57% 78.6% Simple Image based 

Image Classification 85.7% 85.7% GAN based 

NMT3 11 BLEU4 13.9 BLEU  Translation data 

augmentation 

Text classification 79% 87% Easy Data 

Augmentation 

 

Data augmentation is effectively being used in training DL models for image classification. 

Some simple geometrical transformations are being used to augment the images. Some of these 

transformations are flipping, rotation, cropping, scaling, and… (Figure 36). 

 

 

Figure 36: Some of the simple image transformations used for image augmentation [170] 

 
3 Neural Machine Translation is a machine translation method that uses NN to predict how much a set of words 

is in sequence.[197] 
4 bilingual evaluation understudy is an algorithm that provides a method to evaluate the performance of a 

machine-translated text from one language to another.[198] 
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3.8.2 Data Augmentation on Experimental Data Set 

Although our problem and data set seem to not be similar to the common data sets that 

data augmentation is usually used on, the symmetry in the problem helps to apply the same 

method to get the benefits of data augmentation. 

Imagine the case that we have a defect in cell number 8 (as it is depicted in Figure 37. The 

measurements are done and recorded on the edges of the plate. Now if we flip the whole plate 

with respect to the middle column (or similarly, look at it from the other side), it is like the 

defect is in cell 26. So, by just switching the elements in the vector 𝑋𝑖, without performing new 

measurements, data for the case as if we had a defect in cell #26 is achieved. 

There are 3 axes of symmetry in the plate as below: 

1- Horizontal axis 

 

Figure 37: presentation of data augmentation using horizontal flipping 
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2- Vertical axis  

 

 

3- Diagonal axis 

 

The same method is used at 45 degrees for the diagonal axis of flipping. 

 Each experimental data point in the original data set can be used to augment three new 

data points. So, the data set size is now 4 times bigger. There are 98 labeled data points from 

experiments. 

 𝑆𝑖𝑧𝑒(𝑋𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙
1:98 ) = 98 

 

(14) 

𝑋1:98 means data examples from first till 98. Basically, there are 98 examples in the 

original data set (experimental data set). 

 𝑋1:98
𝐻𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑓𝑙𝑖𝑝𝑝𝑖𝑛𝑔
⇒                𝑋𝐻

1:98 

 

(15) 

 𝑋1:98
𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑓𝑙𝑖𝑝𝑝𝑖𝑛𝑔
⇒              𝑋𝑉

1:98 

 

(16) 

 𝑋1:98
𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑓𝑙𝑖𝑝𝑝𝑖𝑛𝑔
⇒              𝑋𝐷

1:98  
(17) 

Figure 38: presentation of data augmentation using horizontal flipping 
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By doing these 3 flipping processes for the augmentation process, we have: 

𝑆𝑖𝑧𝑒 (𝑋) = 𝑆𝑖𝑧𝑒(𝑋𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙) + 𝑆𝑖𝑧𝑒(𝑋𝐻) + 𝑆𝑖𝑧𝑒(𝑋𝑉) + 𝑆𝑖𝑧𝑒(𝑋𝐷
1:98 )      

= 4 × 𝑆𝑖𝑧𝑒 (𝑋) 

= 4 × 98 = 392 

 

(18) 

So, by using data augmentation without doing more experiments, the number of 

experimental data points is increased by a factor of four.  
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CHAPTER 4: Simulation and Data Preparation  

4.1 Simulation 

To generate data that is needed for the initial training of the NN in stage one of the transfer 

learning, a simulation for a similar problem is developed. This simulation models a grid of 

resistors. This simulation is used as there are similarities between the electrical behavior of the 

grid of resistors and composite plates[75].To do so LTspice software is used to model a 6-cell-

by-6-cell grid of resistors. A python code is used to generate and record data from the electrical 

model. Introduction to LTspice and Python is provided below. 

4.2 LTspice 

LTspice is simulation software, schematic capture, and waveform viewer with 

enhancements and models for easing the simulation of analog circuits. Ltspice is a common 

software used for simulating electrical circuits in a range of research from simple phenomena 

like resistors to thermoelectric elements and sparks gap modeling ([171], [172]). 

This software, in our problem, is used to model a circuit of resistors. The equivalent 

resistances between certain points are desired. LTspice is capable of calculating and providing 

the electrical attributes between any points in the modeled circuit. For data generation, certain 

points (nodes) are given to the software and the required attributes between them are recorded. 

The term “recording” is used in this chapter for the task of saving the values that are calculated 

and provided by LTspice software. This explanation is found to be necessary to avoid any 

confusion between “recording” values provided by LTspice and doing measurements in 

experimental testing that is mentioned in the previous chapter. 

4.3 Python  

Python is a high-level, general-purpose programming language that is interpreted. The use 

of considerable indentation in its design philosophy promotes code readability. Its language 

constructs and object-oriented approach are aimed at assisting programmers in writing clear, 

logical code for both small and large-scale projects [173]. 
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4.4 Simulation of a Grid of resistors  

In order to have a model to generate the data that is needed for the initial training of the 

NN, a circuit of a grid of resistors is developed. The rationale behind having similarities 

between such a circuit is that equivalent resistance for each cell in the continuous plate can be 

assumed to be similar to the effect of having 4 discrete resistors on the sides of the cells. The 

resistance of the resistors is considered to be proportional to the size of the cells. It is common 

in studying electrical elements to have them behave like known elements like resistors, 

capacitors, etc. So, it is possible to have the whole plate having similarities with the behavior 

of one resistor as, for this study, only the similarities in resistance behavior of the plate is 

considered. And that one resistor can be presented by equivalent resistors and this process is 

repeatable. This is the explanation of why the model shown in Figure 40 is considered to have 

similarities with the plate shown in Figure 39. 

The equivalent electrical resistances between the points (nodes) on the edges of the grid 

(Ri) are calculated by injecting the current (I0) from the selected points and then recording the 

voltage difference between the same nodes (V0) in LTspice software. The actual plate, the 

schematic figure, and the resistor model in LTspice are shown in Figure 39 and Figure 40, 

respectively. 

 

 

Figure 39: (a) The actual glass fiber reinforced Epoxy with CNTs 

(b) The schematic of the plate indicating cell numbers and probes and their assigned numbers 

a b 
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Figure 40:(a) A schematic of the circuit of a 6 by 6 grid of resistors used to model the composite plate 

(b) The circuit that is shown in Fig3 (a) modeled in LTspice software 

 

Calculating the equivalent resistances in 7 vertical lines of resistors and 7 horizontal lines 

of resistors requires 14 times running of the electrical model and recording the electrical 

voltages between different nodes on the edge of the model (Figure 41). To do so a python code 

was developed to run the circuit model in LTspice and record the data for each run. 

 

a 

b 
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Figure 41: Illustration of recording electrical voltages between 14 opposite pairs of nodes.  

 

A grid of discrete resistors is formed in LTspice. The resistors were assigned values 

between 1 to 10 Ohms with random distribution. The reason for having the values assigned 

randomly is based on the assumption that more similarities to the actual problem (plate of 

nanocomposite) can be achieved with this randomness. This assumption is rooted in the fact 

that the nano composite plates have a random distribution of CNTs. This randomness in CNT 

distribution makes randomness in the paths of conductivity which results in variation in 

conductivity (resistivity) in different locations on a plate. It is noteworthy that changing the 

range of initial values for resistors in the model would not change the values of the data points 

that will be used in training the NN. The reason is that the normalized values of relative 

difference will be used for data points. In other words, multiplying a number to this range 

would not change the normalized resistance values that are used.  

To represent a defected cell in the plate, the resistors making that targeted cell are increased 

in value. After trying and checking the results with the experiments in order to make a more 
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realistic model, the four resistors were increased by four different random values between 30 

and 40 Ohms. The process is depicted in Figure 42. 

 

 

Figure 42: One cell is targeted at each run of LTspice model and the values for resistors making that cell increase from 

initial values (random between 1Ω-10Ω) to random values between 30-40 Ω 

The flowchart of the python code is depicted in Figure 43. To be able to change the grid 

and record required values a “.text” file as the input for LTSpice software is needed. This file 

is generated by having a grid of resistors modeled in LTSpice. The “.text” file was then changed 

and imported to LTspive using the python code.   

First, values for the resistors were randomly generated between 1-10 ohms. These values 

were replaced in the “.text” input file. This action is repeated in the “Loop for initializing grid 

of resistors” (Figure 43). A new input file is generated for each distribution of resistors. The 

counter for this loop is “i” which controls the iteration for 100 times of repetition (100 is chosen 

as a large round number). 

Then in the second loop, defects are addressed. In “Loop for having defects in cells” 

(Figure 43) four random values for each targeted cell’s sides are generated. These values (Rd1, 

Rd2, Rd3, Rd4) are between RD,min= 30 ohms and RD,max = 40 ohms. These values are allocated 

in the input file for the jth cell as defective. Counter j is for the loop to 36 as there are 36 cells 

in each plate. 
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In the last loop, the voltage recordings and equivalent resistance determinations are 

performed. As there are voltage recordings needed between 14 opposite nodes (7 in horizontal, 

7 in vertical) that are on the boundaries of the grid of resistors, k (the counter for this loop) 

goes to 14. For each recording, an electrical current of 1A is injected between the kth pair of 

probes, and the voltage needed to be recorded between them. The input file with the instruction 

is sent to LTSpice software and the circuit was solved by LTspice and the values are recorded. 

The recorded voltage is saved as equivalent resistances for all 14 pairs of opposite nodes 

(equation (19) ). 

 
𝑅𝑒𝑞
𝑘 = 

𝑉𝑘

𝐼𝑘
=
𝑉𝑘

1 𝐴
= 𝑉𝑘 

 

(19) 

By using this python code, 3600 unique labeled data points are generated. The number of 

labeled data generated can be calculated using counters of the loops in python code as in 

equation (20). As mentioned, 𝑀𝑎𝑥(𝑖) = 100 (a random large number) and 𝑀𝑎𝑥(𝑗) = 36 

(number of cells). 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑎𝑏𝑙𝑒𝑑 𝑑𝑎𝑡𝑎 = 𝑀𝑎𝑥(𝑖) ×  𝑀𝑎𝑥(𝑗) = 100 × 36 = 3600  (20) 

 

4.5 Data Preparation 

To have the features for simulation data points, the relative differences in values of 

equivalent resistances before and after increasing resistance values of the targeted cells were 

calculated. 

 
𝑅𝑟 = 

𝑅𝑎𝑓𝑡𝑒𝑟 𝑑𝑒𝑓𝑒𝑐𝑡 − 𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙
 

(21) 

 

After having the relative changes in equivalent resistances, the data was normalized using 

standard deviation and mean: 

 
𝑅𝑟̅̅ ̅ =

∑ 𝑅𝑟
𝑖14

𝑖=1

14
 

 

(22) 
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𝜎𝑅𝑟 =
√
∑ (𝑅𝑟

𝑖 − 𝑅𝑟̅̅ ̅)2
14
𝑖=1

14
 

 

(23) 

 
𝑋𝑖 =

𝑅𝑟
𝑖 − 𝑅𝑟
𝜎𝑅𝑟

 
(24) 

   

In which 𝑅𝑟̅̅ ̅ and 𝜎𝑅𝑟 are the mean and standard deviation of equivalent resistances, 

respectively. 𝑋𝑖 is the ith feature of the data point. 
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Figure 43: Flowchart for the python code 
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By running the Python script which solves the circuit model with random initialization and 

random cell as damaged one each time, 3600 unique data points were generated. Each of these 

data points consists of two main vectors: 𝑋 and 𝑦 

 

𝑋𝑚 =

{
 
 

 
 
𝑋1
𝑋2…
𝑋𝑖…
𝑋14}
 
 

 
 

 

 

(25) 

 𝑦 ∈  {1,2,3, … ,36} 

 

(26) 

𝑋𝑚 is the feature vector, 𝑚 indicates the number of data points, 𝑚 ∈ {1,2,3, … ,3600}. 𝑦 

is the number associated with the cell which targeted to be increased. 

In order to have 𝑦 be a vector that is compatible with future calculations, vector 𝑌 is 

defined as follows: 

 

𝑌𝑚 =

{
 
 

 
 
1: 𝑖𝑓 (𝑦𝑚 = 1); 𝑒𝑙𝑠𝑒: 0

1: 𝑖𝑓 (𝑦𝑚 = 2); 𝑒𝑙𝑠𝑒: 0
…

1: 𝑖𝑓 (𝑦𝑚 = 𝑖); 𝑒𝑙𝑠𝑒: 0
…

1: 𝑖𝑓 (𝑦𝑚 = 36); 𝑒𝑙𝑠𝑒: 0}
 
 

 
 

 

 

(27) 

 𝑚 ∈ {1,2,3, … ,3600} 

 

(28) 

So now features and labels for data points are generated as 𝑋𝑚 and 𝑌𝑚, respectively. The 

data set for initial training in stage 1 of transfer learning is summarized in equations (29) and 

(30). 

 𝑋𝑚  ∈  𝑅1 ×14 (29) 

 𝑌𝑚  ∈  𝑅1 ×36 (30) 
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CHAPTER 5: ANN Training, Optimizing, Testing, 

and Results 

In this chapter, the focus is on the development of NN models. The NN model development 

consists of two stages: Stage1. Initial training based on simulation data. Stage 2. Final training 

on experimental data. To develop NN models, data points in the training set (examples for 

training the NN) are fed to NN and the parameters of the NN (weight and biases) will be 

updated based on the difference between the current prediction and the actual value for each 

data points. The NNs are optimized and evaluated. Also, in this chapter, the study of precision 

and sample size is done and presented. 

5.1 Introduction to ML and Tools that are Used for ANN Model  

5.2 Development 

To predict the cell with the defect, 𝑦𝑚, we had a feature vector of 14 elements to analyze. 

To develop a model to predict 𝑦𝑚 from 𝑋𝑚, Neural Network (NN) from Machine Learning 

(ML) as a branch of Artificial Intelligence (AI) is used. 

5.2.1 What is ML? 

“Machine learning (ML) is the study of computer algorithms that can improve 

automatically through experience and by the use of data [174].” It is a branch of the more 

general topic of Artificial Intelligence (AI). 

Machine learning algorithms build models using sample data, known as training data, to 

make predictions or decisions without being explicitly programmed to do so. 

Without being explicitly programmed, machine learning programs may complete tasks. It 

entails computers learning from data in order to do specific jobs. It is possible to write 

algorithms that tell the machine how to perform all steps required to solve the problem at hand 

for basic jobs; no learning is required on the computer's behalf. It can be difficult for a human 

to manually build the algorithms required for increasingly complicated tasks. In practice, 
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assisting the computer in developing its own algorithm rather than having human programmers 

explain each required step can prove to be more productive.[175] 

5.2.2 Training Deep NN model 

To train a deep neural network model, a relatively large data set is needed. To tackle this 

challenge transfer learning is used to use the simulation model data set to “transfer” the 

knowledge of ideal modeling to our training process.  

All the codes for developing and training NN are prepared in Python language and run 

using Google colaborator. “Colaboratory, or “Colab” for short, is a product from Google 

Research. Colab allows anybody to write and execute arbitrary python code through the 

browser and is especially well suited to machine learning, data analysis, and education. More 

technically, Colab is a hosted Jupyter notebook service that requires no setup to use, while 

providing free access to computing resources including GPUs [176].” 

A lot of research works have been done using Google Colab. It is especially useful to 

develop a deep neural network. Examples are in the fields of emotion recognition based on 

videos[175], detecting skin cancer [177], and so on. Even a paper studies the performance of 

Google Colab on accelerating deep learning applications. The results reveal that, given the 

same resources, the performance achieved using this cloud service is similar to the performance 

achieved using dedicated testbeds[178]. TensorFlow, Google's large-scale machine learning 

toolkit, simplifies often-complex computations by modeling them as graphs and efficiently 

mapping parts of the graphs to cluster machines or single-machine processors [179]. 

To build robust ML models, one of the easy ways is to use TensorFlow. “TensorFlow is 

an end-to-end open-source platform for machine learning. It has a comprehensive, flexible 

ecosystem of tools, libraries, and community resources that lets researchers push the state-of-

the-art in ML, and developers easily build and deploy ML-powered applications [180].” 

To develop the models in the TensorFlow platform, the Keras library is popular. “Keras is 

an open-source software library that provides a Python interface for artificial neural networks. 

Keras acts as an interface for the TensorFlow library [181].” Keras includes many 

implementations of standard neural-network building blocks like layers, objectives, activation 

functions, optimizers, and a slew of other tools to make working with picture and text data 

easier while also reducing the amount of coding required to write deep neural network code 

[181]. 
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5.3 Transfer Learning 

Transfer learning is the process of learning a new activity more effectively by applying 

what has already been learned about a related one. The creation of algorithms that promote 

transfer learning is a subject of constant attention in the machine-learning field, despite the fact 

that the majority of machine learning algorithms are created to handle particular tasks [182]. 

TL is a machine-learning strategy that aims to provide a faster and better answer while 

requiring less work to gather the required training data and rebuild the model [183]. Recent 

neurophysiological studies have demonstrated the efficacy of the TL for improving 

classification performance by using/learning data/information from other individuals [184]–

[187], in addition to its great progress in the domains of document, speech, and image 

classification [188]–[190]. 

5.3.1 Definition  

The definition would be as follows in terms of domains and tasks: 

“Given a source domain DS and learning task TS, and a target domain DT and learning 

task TT, TL aims to help improve the learning of the target predictive function f(•) in DT using 

the knowledge in DS and TS, where DS ≠ DT, or TS ≠ TT.”[191] 

5.3.1.1 Notation: 

“A domain D consists of two components: a feature space 𝒳 and a marginal probability 

distribution P(X), in which X = {x1, …, xn} ∈ 𝒳. Given a specific domain, D = {𝒳, P(X)}, a 

task consists of two components: a label space 𝒴 and an objective predictive function f(•), 

denoted by T={𝒴, f(•)}, which can be learned from the training data pairs {xi, yi}, where xi ∈ 

𝒳 and yi ∈ 𝒴. The f(•) can be used to predict the label of a new instance x, which can be 

rewritten by the probabilistic form of conditional probability distribution P(Y|X). A task can 

then be defined as T= {𝒴, P(Y|X)}”.[191] 

From running the LTspice model which simulates a grid of resistors that is used to model 

the electric behavior of a nanocomposite plate a data set is gathered to perform the initial 

training of the model. 

By running the Python code, which manages the LTspice model to generate unique 

examples, 3600 data points from the simulation were generated. From these 3600 data points, 
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2880, 360, and 360 were randomly chosen as training, development, and test set, respectively 

(equations (31)-(36)). The training set is used to train NN, the development set is used to 

optimize NN’s parameters, and the test set is used to check the final performance of the 

optimized NN on unseen data examples. The data set for initial training is as follows: 

 𝑋𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑟𝑎𝑖𝑛  ∈  𝑅2880 ×14 (31) 

 𝑌𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑟𝑎𝑖𝑛  ∈  𝑅2880 ×36 (32) 

 𝑋𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝐷𝑒𝑣.  ∈  𝑅360 ×14 (33) 

 𝑌𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝐷𝑒𝑣.  ∈  𝑅360 ×36 (34) 

 𝑋𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑒𝑠𝑡  ∈  𝑅360 ×14 (35) 

 𝑌𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑒𝑠𝑡  ∈  𝑅360 ×36 (36) 

 

Different dimension of NN was trained using the training set and checked the performance 

on the development set to optimize the best number of neurons for each layer. The dimensions 

of the input layer and output layers are fixed as there are 14 inputs (features) for each example 

and 36 classes for output (36 possible values for labels). So, the input layer (first layer) has 14 

neurons, and the output layer (the last layer) has 36 neurons. The summary of different NN and 

the performance on the development set is shown in Table 3. Accuracy is used as the metric 

for evaluating the performances of the models (equation (37)). It is noteworthy that as the 

datasets are kept almost balanced, this matric is appropriate for evaluating the performances. 

A balanced dataset is a dataset with the same number of examples for all the classes (in our 

case, cells). 

 

 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒

=  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡

𝑡𝑜𝑡𝑎𝑙 𝑑𝑎𝑡𝑎 𝑝𝑜𝑖𝑛𝑡𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡 
 

(37) 
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Table 3: Optimizing initial NN on the Dev. Set data example of simulation 

NN Structure  

(Number of neurons in layers) 

Performance of 

Model on Dev. set 

14-40-36 89.44% 

14-50-50-36 95.83% 

14-50-40-36 96.94 % 

14-45-40-36 98.89 % 

 

Dimensions of NNs are presented as a series of numbers under the “NN structure in Table 

3. The Series of numbers are the number of neurons for each layer. For example, 14-45-40-36 

represents a NN that has 14 neurons in the first layer, 45 neurons in the second layer, 40 neurons 

in the third layer, and 36 neurons in the fourth layer.  

The model with the highest performance is selected as optimized initial NN (14-45-40-

36). The optimized initial model dimension is shown in Figure 44. By running the training 

using Keras in the Colab platform and optimizing the parameters, the performance of the 

trained model on 360 test set data points from the simulation is 98.61% (Table 4). This high 

performance of NN on the simulation data comes from the fact that the data points are gathered 

using a simplified and ideal simulation of the grid of resistors. In other words, there are not any 

unknown phenomena considered in simulation data so the NN can perfectly find the pattern in 

data to get high accuracy as a means for measuring the performance of the NN modeling the 

simulation data. This highly accurate model is then used as the base for the training in the next 

stage which is to model the actual electrical behavior of the plates using experimental data.  
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Figure 44: Initial NN that is trained on simulation data 

As illustrated in Figure 44, the activation functions for the hidden layers (middle layers) 

are ReLU (Rectified Linear Unit). This is a common activation function for NNs that is proven 

to be an appropriate choice to speed up the convergence of the NN during training [192]. For 

the last layer (output layer) the activation function is Softmax. Softmax is a well-known 

activation function for the last layer of the NN that is capable of providing the prediction of the 

NN as probabilities of possible outcomes[193].  

Table 4: Performance of initial NN model on the simulation model 

No. Test set No. Correct 

predictions 

No. Wrong 

predictions 

Performance 

360 355 5 98.61% 

 

After training the initial Neural Network, experimental data is used to perform the final 

training on the Neural Network. To do so, the top layer (36-softmax layer) in the initial NN is 

removed (Figure 45). The first two layers were frozen which means the values for their neuron 

were considered fixed (will not be updated during the second round of training). The 

experimental data is also grouped into training, development, and test sets as shown in 

equations (38)-(43). The training set, development set, and test set of experimental data contain 

282, 40, and 70 data points, respectively. 
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 𝑋𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑟𝑎𝑖𝑛  ∈  𝑅282 ×14 (38) 

 𝑌𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑟𝑎𝑖𝑛  ∈  𝑅282 ×36 (39) 

 𝑋𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝐷𝑒𝑣.  ∈  𝑅40 ×14 (40) 

 𝑌𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝐷𝑒𝑣.  ∈  𝑅40 ×36 (41) 

 𝑋𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑒𝑠𝑡  ∈  𝑅70 ×14 (42) 

 𝑌𝐹𝑖𝑛𝑎𝑙 𝑡𝑟𝑎𝑖𝑛𝑛𝑔
𝑡𝑒𝑠𝑡  ∈  𝑅70 ×36 (43) 

 

 

 

Figure 45: Removing the top layer of the initial NN structure. 

 

Then three new, randomly initiated, layers were added to the top of the previous network. 

To optimize the final NN, different structures (number of neurons in different layers) were 

tested on the development set. The summary of the accuracies of different NN structures is 

presented in Table 5. Based on these results, the structure with the number of neurons in 

different layers as 14-45-40-36-36-36 is picked as the highest performance on the development 
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set. This NN model is shown in Figure 46. The performance of the final NN model on the test 

set is 78.57% as summarized in Table 6. 

 

Table 5: the performance of final NN on the experimental development set of data 

NN Structure  

(Number of neurons in layers) 

Performance of 

Model on Dev. set 

14-45-40-45-40-36 72.50% 

14-45-40-50-45-36 75.00 % 

14-45-40-30-25-36 67.50% 

14-45-40-36-36-36 82.5% 

 

 

 

Figure 46: Adding 3 new layers on the top and training the parameter based on experimental data 
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Table 6: Performance of final NN model on the test set from the experimental data 

No. Test set No. Correct 

predictions 

No. Wrong 

predictions 

Performance 

70 55 15 78.57% 

 

5.4 Precision Study 

The presented model is able to locate the defect on a composite plate in one of 36 cells 

which each has the size of 2” by 2”. To study the performance of the NN model for detecting 

defects in different cell sizes, new NNs were trained on data points with different cell sizes. 

The cell size in which a defect is located is defined as the precision. If the defect is detected 

using the NN in a 2” by 2” cell, the precision of the model is 2” by 2”. To study the precision 

of the NN models in defect detection, the original data (the data with 36 possible cells) is 

manipulated to have fewer possible cells by grouping different numbers of cells into one new 

cell. This procedure is used to go from 36 possible cells to 9, 4, and 2 possible classes. 

The process of doing so is shown in the following figures. In Figure 47 the original cell 

class distribution is shown. By grouping each 4 of the original cell classes into one new cell, 

the plate with 9 possible cell classes is achieved. So, by doing this on data with the precision 

of 2” by 2”, data with a precision of 4” by 4” is achieved. In other words, as an example, all Y 

data points representing the cells associated with numbers 1, 2, 7, and 8 would be changed to 

cell number 1 of the new distribution. This process is shown in Figure 48. It is noteworthy that 

the features (X vector for the examples) are not changed and only the labels (values for Y) are 

changed. 

 

 

 

 



 

74 

 
 

 

Figure 47: The original cell classes distribution. A sample with 36 possible cell classes 
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Figure 48: The distribution of plate with 9 cell classes by grouping 4 cells of 36 cell class distribution into one new cell 

 

This process of manipulating the original data to generate data with different precision is 

repeated for other precision of 6” by 6” (4 possible cell classes), and 12” by 6” (2 possible cell 

classes). The process is shown in Figure 49 and Figure 50. Also, by doing these changes in the 

labels of the existing data points and keeping the features unchanged, the data for different 

precisions is achieved without the need to do new simulations and experiments. In the final 

step, these new data points are used to develop new NN models to locate the defects with 

different precisions. The steps for having the models trained and tested are the same as the 

original NN with the precision of 2” by 2” (36 possible cell classes). The performance of these 

NN trained and tested on data with different precision is presented in Table 7. 
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Figure 49: The 4 possible cell classes from 36 possible cell class distributions. 
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Figure 50: The 2 possible cell classes from 36 possible cell class distributions. 

 

Table 7: The performance of the developed NN model on different precision data distribution 

Precision 

(Inch by 

Inch) 

precision 

area 

(inch2) 

Random 

classifier 

accuracy 

(%) 

Accuracy 

(%) 

Gained 

Accuracy 

(%) 

2"x2" 4 2.78 78.57 75.79 

4"x4" 16 11.11 84.29 73.18 

6"x6" 36 25 80.00 55 

6"x12" 72 50 90.00 40 
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The performance of the trained NN models is measured based on two parameters: accuracy 

and gained accuracy. “Random classifier accuracy” in Table 7 explains the performance of a 

model which randomly predicts the location of the defect in our example. As an example, if 

the possible answer for each given output is within 36 classes, the accuracy of a random 

classifier is 1/36=2.78%. Comparing random classifier accuracy to absolute accuracy defines 

how well our model is performing. The difference between the absolute accuracy and random 

classifier accuracy is called gained accuracy (equation (44)). Gained accuracy defines how 

much the trained model is boosting the performance in comparison to a random classifier. The 

trends of accuracy and gained accuracy for different precision are presented in Figure 51 and 

Figure 52, respectively. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝐺𝑎𝑖𝑛𝑒𝑑 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑚𝑜𝑑𝑒𝑙 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑟𝑎𝑛𝑑𝑜𝑚 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟 (44) 

 

 

Figure 51: Change of accuracy with respect to changes in the precision area 
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Figure 52: Change of gained accuracy with respect to changes in the precision area 

 

5.5 Study of Sample Size 

After training different NNs for different precisions, in this section, the study focuses on 

the study of the performance of these NNs for different sample sizes. As it is discussed in 

chapter 3, the nanocomposite plates were manufactured in the size of 12” by 12”. But in the 

data preparation step, before the training process, the data is normalized based on the average 

and standard deviation of the measurements. So, from the NN model’s perspective, there is not 

any input representing the sample size. To study the effect of the size of the sample on the 

performance of the NN models for different sample sizes, new samples were manufactured in 

sizes of 9” by 9” and 15” by 15”. So, with the original 12” by 12” samples, three sizes of 

samples were manufactured for studying the effect of the size of the sample. Figure 53 shows 

these three different sizes of samples in a picture. 
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Figure 53:Samples are manufactured in different sizes: 15”by15” on the left, 12” by 12” in the middle and 9” by 9” on the 

right side of the picture. 

The samples of new sizes (15” by 15” and 9” by 9”) are tested to generate data. The new 

data is recorded and prepared using the same method mentioned for measurements and data 

preparation of samples with the size of 12” by 12”. The data is then fed to the trained NN for 

different precisions and the performances are recorded. The summary of the results for samples 

with sizes of 9” by 9” and 15” by 15” is presented in Table 8 and Table 9, respectively. It is 

noteworthy that the result for samples with the size of 12” by12” is already presented in the 

previous section. 

 

Table 8:The result of the performance of NNs on the data from testing samples with the size of 9” by 9” 

Precision 

(Inch by Inch) 

precision 

area 

(inch2) 

Random 

classifier 

accuracy 

(%) 

Accuracy 

(%) 

Gained 

Accuracy 

1.5" x 1.5" 2.25 2.78 82.61 79.83 

3" x 3" 9 11.11 85.87 74.76 

4.5" x 4.5" 20.25 25.00 84.78 59.78 

4.5" x 9" 40.5 50.00 93.48 43.48 
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Table 9: The result of the performance of NNs on the data from testing samples with the size of 15” by 15” 

Precision 

(Inch by 

Inch) 

precision 

area 

(inch2) 

Random 

classifier 

accuracy 

(%) 

Accuracy 

(%) 

Gained 

Accuracy 

2.5" x 2.5" 6.25 2.78 72.83 70.05 

5" x 5" 25 11.11 80.43 69.32 

7.5" x 7.5" 56.25 25.00 81.52 56.52 

7.5" x 15" 112.5 50.00 93.48 43.48 

 

To develop a bigger picture representative of the performance of the developed NNs on 

different sample sizes and precisions, the performances of NNs are presented in two separate 

figures (Figure 54 and Figure 55). These figures study the changes in the performance of the 

NNs with changes in precision and sample sizes. The test data set size for samples in sizes of 

15” by 15” and 9” by 9” are 92 data points for each sample size. Figure 54 summarizes the 

performance based on absolute accuracy while Figure 55 compares the gained accuracy. 

 

 

Figure 54: Changes in the accuracy of the developed NN with respect to precision and sample size. 
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Figure 55: Changes in gained accuracy of the developed NN with respect to precision and sample size. 
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CHAPTER 6: Results, Conclusion, and Future 

Works 

6.1 Results and Discussion 

As described in the previous chapters, ANN models were developed to detect the location 

of a defect in nanocomposite plates. Also, the performance of the trained NNs studied in 

different precision and on different sample sizes. NN models were trained on two separate 

stages. In the first stage, NNs were trained, optimized, and tested based on data points from 

electrical stimulation. These data points were generated using LTSpice software which is 

controlled using a Python script. The first step is used to transfer the knowledge from a 

electrical model of the grid of resistors to the actual problem. Before the final training, the top 

layer of the initial NN is removed and the rest of it is kept fixed (layers were frozen). Then in 

the second stage, new layers were added to the basic NN (initial NN), and training, 

optimization, and testing is performed using augmented data from the experiments. Data is 

prepared for different precisions. The labels of the original data is changed to match the number 

of cell classes in each precision. These steps are repeated on the data prepared for different 

precisions. The NN models that are trained for different precisions are tested using the 

experimental data from samples of different sizes. The performance of the NN models with 

respect to the sample size and precision is presented in Figure 56 and Figure 57. Absolute and 

gained accuracy is depicted in Figure 56 and Figure 57, respectively.  

As it is shown in Figure 56, the absolute accuracy of the NN models is generally increasing 

as the precision area increases. This phenomenon is because of the fact that as the precision 

area increases the number of possible cell classes for the defect to be detected in is decreased. 

So the possible classes are decreased and, understandably, the performance increases as the 

problem is less complicated. In other words, as it is harder to find the location of the defects 

among 36 possible cells than 9 possible cells, it will be harder for the NNs to find the patterns 

with the same amount of data. This fact is also understandable as the performance of a random 

classifier increases as the possible classes decreases.  
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Figure 56: Changes in the accuracy of the developed NN with respect to precision and sample size. 

 

 

Figure 57: Changes in gained accuracy of the developed NN with respect to precision and sample size. 

 

The average performance of a random classifier can be calculated using the following 

formula. 
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�̅�𝑟𝑎𝑛𝑑𝑜𝑚 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟 = 

1

𝑁
∗ 100 

 

(45) 

N is the number of possible classes that the output can be among them. For example, the 

average accuracy of a random classifier in a classifying problem that has two possible outcomes 

(like tail and head in throwing a coin) is 50%. In Figure 58 the graph shows this equation for 

various possible class numbers. 

 

Figure 58: The average performance of a random classifier with respect to the number of possible classes  

 

Figure 58 also explains the reason that the gained performance of the NNs decreases as the 

number of possible cell classes decreases or the precision increases in each sample size. As the 

precision area increases (while the sample size is constant) the number of possible cells for the 

defect to be located among them decreases. So, the random classifier performance is increased 

and as the gained performance is the absolute performance minus the average random classifier 

performance, the gained performance is decreased. 

It is also observable that the performances (accuracies) of the NN models are higher in 

smaller sample sizes. This is due to the fact that the signals representing defects in the samples 

are stronger when the samples are smaller as the measurement probes, which are located on the 

edges, are closer to each other compared to the larger samples. Also, in larger samples the 

number of conductive paths is higher than in smaller samples, so the sensitivity is higher in 

smaller samples.   
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The only discontinuity in the results is the decrease in accuracy when changing the possible 

cell classes (precision) from 9 to 4 for sample sizes of 12” by 12” and 9” by 9”. This is due to 

the way discretization is done. As the discretization is done as shown in Figure 48 and Figure 

49 for 9 possible and 4 possible cell classes, respectively, all 4 original cells in the middle (15, 

16, 21, 22) are grouped together in one new cell for the case of 9 possible cell classes while in 

4 possible cell classes, these are grouped into four different new cell classes. Also, as these 

cells are the most critical locations for the models to detect (as they are far from the probes), 

the way they are grouped in one cell or in four different ones is important. In 9 possible cell 

class precision, as these critical cells are grouped in one cell, the performance is high as the 

difference between them is not important. But in 4 possible cell class precision, these critical 

cells are grouped in 4 different cells, so it is harder for models to distinguish the location of the 

defect while happening in the middle of the samples. The difference in the way the 

discretization can cause this discontinuity in the graph of accuracy is shown in Figure 59 and 

Figure 60.  

 

 

 

Figure 59: The way all 4 cells in the middle (in 36 cell precision) are grouped into one cell in 9 cell class precision 
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Figure 60: The way every 4 cells in the middle (in 36 cell precision) are grouped into different cells in 4 cell class precision 

 

6.2 Conclusion 

This study aims to increase the practicality of using electrical properties to perform health 

monitoring on a composite plate. The problem with the previous method in this area was that 

lots of probes and wires are needed. The reason is that the grid size that was used was small (3 

inches) and on each corner of the cells there where a probe [158].In this study, a method is 

developed using ML and Transfer Learning that is capable of detecting defects on composite 

plates with reasonable productivity in a range of precision (as mentioned in chapter 5) while 

the number of probes is restricted. In this method, probes are needed only to be on the edges 

of a composite plate. A good performance of detecting defects on 9” by 9”, 12” by 12”, and 

15” by 15” plates with different precisions is achieved by having only 24 probes on the edges 

of the samples. The highest precision for sample sizes of 9” by 9”, 12” by 12” and 15” by 15” 

are 1.5”, 2”, and 2.5”, respectively. The precision for previous work is 3”. Also, the method 

from previous work uses 49 probes and wires for this less precision. This reduction in the 
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number of probes and wires, while increasing the precision, makes this method more practical 

and easier for aerospace applications in different sections based on the accuracy and precision 

that are required.  

6.3 Contributions 

Beside reducing the number of required probes for defect detection of a composite plate, 

by performing a detailed study of the effects of the size of the samples and precision on the 

performance of the NN models for defect detection, an intuition is provided in the case of 

choosing the proper model for different applications. Also, it is proven that using the Transfer 

Learning method for developing NN models in the field of composite is a huge benefit as it 

eliminates the need for having a lot of data points that are very expensive to generate in the 

field of composite. The use of Augmenting Data in defect detection is another contribution of 

this work. By using the symmetries in the geometry of the problem more data points are 

generated without performing extra experiments. This increases the applicability of NN models 

in the field of composite. 

6.4 Future Works 

Recently, there is a huge and ongoing advancement in the field of Artificial Intelligence 

and Deep Learning. There are some complex problems in the field of composite materials that 

by using conventional methods, sufficient performance is not yet achieved. As this study 

proved the capacity of using NNs in tackling problems in composites, using AI approaches in 

the following fields is recommended: 

- For imposing defects in composite plates, the method of drilling holes is used. In future 

works, more diverse methods can be used. 

- For modeling and testing samples, direct current is used. The reason is that the electrical 

response is tried to be as simple as possible to limit the parameters needed to address in 

modeling. But as this study provide a solid application of NNs in detecting defects, using 

alternating current (AC) is recommended for future works as more details in the electrical 

behavior of composites can be modeled.  
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- Using other Deep learning algorithms (like Recurrent Neural Network) in studying the 

fatigue life of composites can be recommended as detection of the defects using electrical 

behavior and NN models are proven to be possible.  
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