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Abstract

:

Recent years have witnessed an increase in the use of composite coatings for numerous applications, including aerospace, aircraft, and maritime vessels. These materials owe this popularity surge to the superior strength, weight, stiffness, and electrical insulation they exhibit over conventional substances, such as metals. The growing demand for such materials is accompanied by the inevitable need for fast, accurate, and affordable nondestructive testing techniques to reveal any possible defects within the coatings or any defects under coating. However, typical nondestructive testing (NDT) techniques such as ultrasonic testing (UT), infrared thermography (IRT), eddy current testing (ECT), and laser shearography (LS) have failed to provide successful results when inspecting composite coatings. Consequently, microwave NDT techniques have emerged to compensate for the shortcomings of traditional NDT approaches. Numerous microwave NDT methods have been reported for composite coatings inspection. Although existing microwave NDT methods have shown successful inspection of composite coatings, they often face several challenges, such as low spatial image quality and extensive data interpretation. Nevertheless, many of these limitations can be addressed by utilizing microwave NDT techniques with modern technologies such as soft computing. Artificially intelligent techniques have greatly enhanced the reliability and accuracy of microwave NDT techniques. This paper reviews various traditional NDT techniques and their limitations in inspecting composite coatings. In addition, the article includes a detailed review of several microwave NDT techniques and their benefits in evaluating composite coatings. The paper also highlights the advantages of using the recently reported microwave NDT approaches employing artificial intelligence approaches. This review demonstrates that microwave NDT techniques in conjunction with artificial intelligence approaches have excellent prospects for further enhancing composite coatings inspection and assessment efficiency. The review aimed to provide the reader with a comprehensive overview of most NDT techniques used for composite materials alongside their most salient features.
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1. Introduction


Composite is a combination of two or more materials to attain properties that supersede those of the original substances. Over the years, the development of composite materials has kept pace with the advancements of other industries. By the early 20th century, fiber-reinforced polymer (FRP) emerged as a promising composite material for military applications. However, the superior properties of FRP (especially its corrosion resistance) made it a desirable material for other industries, such as aerospace, construction, and transportation [1].



Various composite materials have been developed to fit the required merits for specific applications. The desired merits, such as flexibility, tensile strength, hardness, and compressive strength, are achieved by adding a material that features those benefits to another material lacking such quality. Consequently, many composite materials have emerged, such as glass fiber-reinforced polymers (GFRP), carbon fiber-reinforced polymers (CFRP), and ceramic matrix composites. For instance, CFRP composite is formed by adding metal and glass fiber to the carbon fiber. The tensile strength of the glass, combined with the metal’s hardness, results in a rigid composite with a high strength-to-weight ratio [2].



FRP has been widely used as insulation coatings in many industries due to its highly favorable material properties. However, due to the aging and cyclic process, these composites’ performance is affected by various defects, such as cracks on the metal substrate under insulations [3], delamination, and corrosion between insulations and metal structure. Hence, numerous nondestructive testing (NDT) techniques have been employed to identify these defects, such as ultrasonic testing (UT), infrared thermography (IRT), eddy current testing (ECT), X-ray radiography, magnetic particle testing, laser shearography (LS), and acoustic emission (AE). NDT plays a significant part in the maintenance of the structural integrity of the system by enabling timely detection before critical damage occurs. Although each of these techniques has its advantages in its application, there are certain limitations in inspecting composite coatings due to poor signal penetration. Microwave NDT appears to be one of the most promising inspection tools in detecting the presence of defects in coatings [4,5,6,7,8,9,10]. Several microwave NDT methods have been reported for composite inspection. Although these existing microwave NDT methods have shown successful composite coatings inspection, they often have limitations in terms of detection accuracy and resolution. However, emerging soft computing techniques, such as signal processing development, have proved to address challenges [11,12,13]. The combination of microwave NDT techniques with artificial intelligence and signal processing techniques can overcome limitations and improve defect detection sensitivity. Although there has been little research into combining soft computing techniques with microwave NDT techniques, current efforts to hybridize them together have the potential to overcome the limitations.



In the next section, a comprehensive review is given for the most prominent traditional NDT techniques, such as UT, IRT, ECT and LS, and their shortcomings when used for composite material inspection. Different types of defect or composite coating might need a different method to perform the inspection. Moreover, Section 3 outlines the principles of microwave inspection and discusses the previously reported techniques used for this purpose. The section also delves into the various signal processing and AI approaches used. Overall, microwave NDT techniques have shown superiority over conventional NDT techniques in inspecting and assessing composite coatings. Furthermore, by processing the signal of microwave NDT techniques using soft computing approaches, the composites inspection results have demonstrated significant findings. Finally, Section 4 draws together the key conclusions from the previous sections. The review aimed to provide the researchers and the engineers working in this field with a broader perspective on the possible action required for any material evaluation challenge.




2. Conventional Inspection Methods


Generally, selecting the appropriate NDT technique to inspect a particular material is a challenging task. First, the type of material under test determines the nature of the inspection method to guarantee a safe and accurate process. Secondly, the types and locations of the possible defects can be a significant factor in selecting the accurate technique to determine their location quickly. Finally, a trade-off has to be made between the inspection’s sensitivity, cost, and duration.



In this section, four of the most widely known NDT methods used to inspect composite materials are outlined in terms of fundamental principles, used techniques, and their advantages and limitations. The summarized advantages and limitations for each of the methods are described in Table 1.



2.1. Ultrasonic Testing (UT)


Ultrasonic testing (UT) is characterized by using the mechanical energy of ultrasonic waves to detect defects in composite materials [20]. The range of frequencies above the human hearing (0.5–20 MHz) is utilized in this technique. Such short wavelengths of these signals can travel through solid, liquid, and gas, making them the best choice for better local resolution [16,21]. Figure 1 illustrates the basic principles of ultrasonic testing. A voltage pulse is sent to the probe to generate an ultrasonic pulse in this arrangement, propagating into the inspected material through a coupling agent. Upon meeting any defect, partial reflection will occur. The reflection travels back through the same path to be received by the probe, converted to an electric signal and displayed on the screen. The position and size of the detected defects could be determined by analyzing the reflected pulses in terms of location and amplitude [14].



Based on the thickness and structure of the inspected material, different frequencies are to be used in the inspection. Since composite materials are formed by stacking ply layers, higher frequencies are required to solve individual ply interfaces’ reflections. In other words, the resolution of the ultrasonic detection technique depends on the frequency of the utilized ultrasonic waves. On the other hand, the ultrasonic wave amplitude also needs to be adjusted to overcome the attenuation effects suffered by the acoustic waves reflected from the defects.



Reflection from internal defects in composite materials can be modeled as a reflection of partial wave [22]. The acoustic impedance of composite material is usually expressed as   Z = ν ρ  , where  ν  is the longitudinal wave velocity, and  ρ  is the density of the composite material [22]. Internal defects in the composite material are modeled as impedance discontinuities that cause partial reflection of the wave upon its incidence. Thus, this technique is able to detect any slight change in the density of the composite material as the partial reflections are tracked in amplitude and time.



From the aforementioned description, it can be understood that ultrasonic testing features the ability to detect defects in composite materials. However, some limitations hinder the wide usage of this technique. The first challenge is the inability to detect the mismatched regions between materials with different densities clearly. Another challenge arises from the long time required for ultrasonic testing to be performed [14]. Despite addressing these challenges in many approaches, there is still a high cost associated with each solution.



Moreover, since ultrasonic waves suffer from high attenuation that originates from defects of a particular shape, size, and spatial distribution, this technique is prone to fail in detecting defects that are small or located deep in the material [14].



Another problem with UT is the low resolution associated with the typically used frequency bands, namely 5 to 20 MHz. Higher resolution requires increasing the frequency band up to 2 GHz. Under such conditions, a method known as scanning acoustic microscopy (SAM) is used to detect the defects in detail. Furthermore, using ultrasonic testing to inspect laminated materials might cause the waves to be reflected or scattered.




2.2. Infrared Thermography (IRT)


Infrared thermography (IRT) is a transient NDT method used for defect detection in composite materials by determining the temperature changes on the surface [23]. Propagation of the infrared thermal energy through the inspected material generates a thermal gradient that could be used to determine the existence of defects according to the emissivity coefficients [15]. IRT can be categorized into passive IRT, where testing is conducted by monitoring the conditions of the tested material based on the thermal radiation emitted by its surface under natural conditions [24]. On the other hand, active IRT uses external sources to create a temperature difference between the areas to be inspected [25,26,27].



Figure 2 shows a basic setup of active infrared thermography testing. Placing two heaters above the composite material under test causes the surface temperature of the sample to increase due to the infrared radiation. Consequently, the surface temperature starts to decay as the infrared heat starts to propagate through the material. The changes in the temperature are captured by the infrared camera fixed above the sample. By processing these changes via an image processing unit, any impurities or defects will be detected as they cause a change in the heat flow inside the sample [18]. The shapes of the defects can be deduced from the difference in the temperature distribution between the defective area and the region around it. For instance, for a composite material containing a delaminated area, the rate of temperature decay within that area will be slower than in other regions not affected by the same defect.



Active IRT can be achieved by several methods depending on the type of the external heat source, such as optically stimulated thermography, ultrasonic stimulated thermography, and eddy current stimulated thermography [28].



In ultrasonic stimulated thermography (also known as vibro-thermography), an ultrasonic plastic welding horn is pressed against the surface of the composite material sample under test, which causes internal vibrations in the material to generate frictional heating in the defected regions and can be captured by the infrared camera [29].



In most cases, the use of IRT only is inadequate for nondestructive inspection of composite materials. There are many reasons for this limitation: first, some IRT methods require a long processing time and are limited to depth resolution. Secondly, the high heating power required for the inspection process might cause non-uniform surface heating and, in some cases, cause damages to some parts of the samples.




2.3. Eddy Current Testing (ECT)


Eddy current testing (ECT) is a method that utilizes the theory of electromagnetic induction to inspect conductive composite materials [16,30]. By using a transmitter coil, a primary magnetic field is generated near the material under test. According to Faraday’s law, an eddy current will be induced in the material [31]. A secondary magnetic field will also be generated in the material to interact with the magnetic field generated by the coil, as shown in Figure 3. On the other hand, the schematic diagram of the ECT is shown in Figure 4.



Composite material inspection using the above arrangement can be undertaken by performing eddy current thermography, which relies on heat generation by electromagnetically induced eddy currents. Heat diffusion waves will be stimulated by the eddy current and interact with the defects inside the composite material to be inspected. On the other hand, ECT can also be performed by inspecting the secondary magnetic field in the composite material. The existence of defects inside the inspected material will cause the eddy currents to be interrupted. Therefore, defected regions can be identified by observing the parts of the tested samples with weak secondary magnetic fields. Detecting the internal defects can also be performed by tracking the changes in the impedance of the inspected regions since it is related to the strength of the eddy currents.



ECT is a popular inspection method in many applications, such as steam generator tubes, feedwater heater tubes, and turbine blades and rotors [16]. It is also widely utilized to test the CFRP and metal matrix composites used in the aircraft industry. However, as explained above, this NDT approach can only be used with conductive composite materials. Therefore, it falls short of inspecting any insulator or dielectric-based wrapping samples. Also, many ECT approaches can only detect surface and near-surface flaws [17], although it could detect deep defects when applying the pulsed eddy current testing (PECT) technique [34]. Moreover, numerous conditions need to be considered before performing ECT, such as determining the optimal distance between the probe and the material and frequency of the pulses used for detection [17,35].




2.4. Laser Shearography (LS)


Laser shearography (LS) employs coherent and monochromatic laser light properties to illuminate the surface of the composite material under test. These properties will cause the reflected lights from the rough surfaces of the defected areas to generate a speckle pattern, which is captured by a camera [18]. Figure 5 shows an LS testing setup. The processing of the interferometry images is achieved by using two laser beams with the same wavelength. A charge-coupled device (CCD) video sensor captures the condition of the inspected sample. Consequently, the speckle pattern can be produced according to the inherent surface roughness of the material. Applying external load causes deformations in the inspected material’s surface, which will make the speckle pattern change. Employing a loading system, such as a vacuum, would emphasize the defects in the composite materials by applying surface vacuum stressing to the sample, which causes the effect of body “expansion” [27].



There are numerous advantages to the LS method. However, there are some limitations. First, the method is not able to access deformations and defects inside the material [19]. Secondly, the method suffers from a low signal-to-noise ratio, which represents a hindrance to an accurate evaluation.





3. Microwave Inspection


The microwave inspection method involves using frequencies from   300   MHz to   300   GHz, which is, in general, higher than the frequency bands used for the eddy current technique [36]. Electromagnetic waves within these frequency ranges can penetrate dielectric materials and interact with their internal structure [11]. Moreover, extra safety measures’ added cost is reduced when using such non-ionizing waves [37]. Therefore, unlike electromagnetic inspection methods that use higher frequencies (e.g., X-ray NDT), this method could be considered the best candidate for nondestructively inspecting dielectric composite materials.



Microwave inspection can be performed in two modes, namely reflection mode and transmission mode. In reflection mode, the microwave signal is transmitted through the inspected material. The material’s internal structure reflections are collected and processed in terms of magnitude and/or phase behaviour. A circulator is used as a duplexer to allow the same probe to be used for transmission and reception, as shown in Figure 6a. On the other hand, transmission mode uses a probe to transmit the microwave signal from one side of the sample and another probe to receive the signal from its backside, as shown in Figure 6b.



This section will outline and discuss the most prominent microwave inspection techniques reported in the literature. The applications for each technique are summarized in Table 2. The signal processing approaches that are followed to analyze the reflected and transmitted microwave signals are also highlighted. The section will also delve into the state-of-art machine learning methods used to enhance the outcomes of the microwave inspection techniques.



3.1. Techniques of Microwave Inspection


3.1.1. Chipless Radio-Frequency Identification (RFID) Sensor System


The chipless radio-frequency identification (RFID) sensor system was studied in [38] for structural health monitoring (SHM) applications. The working principles of the system for metal crack detection and characterization are shown in Figure 7. There is a sensor tag mounted on a metallic structure that is under investigation. The sensor reader will communicate with the sensor tag by transmitting a broadband signal via the transmitter. The resulting backscattered signal will be reflected from the sensor tag and the metal to the receiver for the sensor reading to carry out signal processing and feature extraction. This step is to identify the tag ID and read the information of the sensor. The sensor tag is very important in shaping the backscattered signal and forming a special signature in the frequency domain throughout the system. On the other hand, there is also a reader used to interpret the sensing features from the sensor tag to sense the availability of the cracks in the metallic structure under investigation.



In [50], a multi-directional expansion of metal defects is studied, where a 3D patch-bend dipole operating at 915 MHz was used. The simulation process was performed via Ansys HFSS. The results obtained were explained in terms of accuracy in depth, width, and the locations of the smooth defects on the metal surface. According to the study, the antenna could detect the defects with a minimum of 2 mm accuracy for depth and 1 mm accuracy for width. However, this kind of antenna is only suitable for surface smooth defects detection on the metal structures on the right side of the antenna, as shown in Figure 8.




3.1.2. Guided Microwave Testing (GMT)


Corrosion under insulation (CUI) is a common issue faced by the oil and gas industry, where corrosion always occurs in the pipeline. The insulation layers and protective metallic cladding cause the inspection process to be complex and unable to directly access the pipe surface [39]. Removal of the insulation layers at every inspection is time-consuming and costly. Hence, Bejjavarapu et al. have shown the utilization of guided microwave testing (GMT) to investigate the extended length of the pipeline [40]. During GMT, the microwave pulse will be transmitted by the transmitter through a sensor cable. The transmitted microwave pulse will hit the surface of the liquid and be reflected to the sensor and finally to the transmitter housing. The filling level will be determined by the electronic integrated at the transmitter according to the time taken by the microwave pulse transmitted to and back from the sensor. The strength of the microwave reflections from the wet volumes of insulation will affect the sensitivity of GMT. By this, a sudden change from dry to fully saturated insulation will occur. The idealized water volumes must be characterized by an abrupt transition from dry to 100% of water saturation to obtain high sensitivity. The paper proposed an experiment related to saturation dynamics in a highly permeable material to determine the saturation profiles obtained from capillary rise and seepage. Based on the experimental results, the wavelength of the probing signal is larger than the extent of the transition region. This will have some limited effects on the amplitude of the reflected signal. In this case, acquiring and storing the microwave signals was undertaken at 5 s intervals for the first 10 min and this was followed every 2 min. Estimation of the reflected pulse amplified from the aperture without foam was undertaken by performing a baseline measurement, which is to compensate for backscattering caused by the aperture in the cladding used to allow water into the foam blocks. About 0.1% of the end cap reflection was deducted from the reflection coefficient from the absorbed water. The narrow gaps of a few millimeters in width caused the water infiltration in the insulation of actual pipelines. Hence, the width was between one or two orders of magnitude smaller than the TEM wavelength. This condition leads to a very small backscattering and signal loss.




3.1.3. Microwave Transmission Line Sensor


One of the transmission lines being used in microwave NDT is the microwave transmission line sensor. It is being utilized in microwave NDT as presented in [51]. Inspected materials will act as conductive materials for the microwave circuit. The material permittivity will change if and only if any defects exist in the materials. The signals’ responses will be reflected to determine the location and size of the defects. The microwave transmission line is employed to determine the porosity of materials, such as evaluating the purity of honey in maintaining the quality of production as stated in [41]. Moreover, it is also used to ensure food quality and assess specific quality parameters in all food chain links, ranging from processing, distribution, and retail to preparing food. An experiment was done in [42] to show the reliability in detecting foreign objects and showing the sensor technology’s capability to measure fat content in minced meat.



On the other hand, the composite could become a ground plane of a transmission line. Based on [51,52,53], a copper tape as a signal line is placed on the GFRP plate, which acts as a substrate, as shown in Figure 9. This constructed structure is known as the microstrip line under the category of the self-sensing method. The working principle of this method while inspecting the materials is based on changing characteristic impedance whenever any defects exist. According to the reflected signal, the existing defects could be located in the form of a time-domain known as time-domain reflectometry (TDR). As reported, several defects such as delamination lightning strike damage, matric cracks, and fiber breakage could be detected successfully via the aforementioned method. By referring to the testing setup in Figure 9, the dimensions of GFRP and CFRP were the same as both plates were glued together. The copper tape and CFRP that stuck to the GFRP were soldered to a coaxial cable at the end of the transmission line. Due to this scenario, this method does not apply to numerous practical applications since microstrip lines should be bounded to the sample under inspection.



In addition, another work related to the self-sensing method, which is part of a transmission line according to the study conducted by [54]. An independent microstrip line was used on the printed circuit board (PCB) to detect the defects of the materials under inspection via the TDR concept. The detection system setup with a microstrip line sensor is shown in Figure 10. The strip conductor was placed near the surface of the CFRP sample. A new transmission line will be formed when a portion of the electromagnetic field was distributed between the strip conductor and the CFRP sample. The reported measuring system in [54] differs from the measuring system in [51,52,53], where it can be separated from the material under investigation. Moreover, according to the study conducted in [54], the size is smaller than the CFRP sample. Hence, the whole area of the material could be examined by conducting a line scan. A microstrip line was made on the FR4 substrate during testing with a standoff distance of 100 µm. The vector network analyzer (VNA) will generate the microwave signal transmitted towards the material under inspection. After that, time-domain data were obtained from the frequency domain data via the inverse fast Fourier transform (IFFT) [55]. According to the data obtained, the detected defects on the material were represented by the peak in the curve. Whenever there is a defect, the magnitude of the curve at a specific location will be higher than other locations to form a peak.




3.1.4. Microwave Planar Resonator


The microwave planar resonator is a method in microwave NDT testing. A complementary split-ring resonator (CSRR) was developed in [43] instead of a resonant cavity. As illustrated in Figure 11, the CSRR was located on the lower side of the FR4 substrate, while the microstrip line was made on the upper side for signal feed. During testing towards the CFRP sample, two coaxial cables connected the HP 3720D VNA (HP Inc., Palo Alto, CA, USA)to the sensor, which was located above the CFRP sample with a standoff distance of 100 µm. The defects in the CFRP sample were detected by measuring the part of the sample without any defects as a reference to the part with defects. According to the results obtained, the resonant frequency shifts if and only if any defects exist.




3.1.5. Microwave Open-Ended Waveguide


Microwave open-ended waveguide imaging is another method in microwave NDT testing [10,44]. Two types of probes are used in microwave open-ended waveguide imaging: open-ended coaxial probes and open-ended rectangular waveguide probes. Among these probes, open-ended coaxial probes are the most popular as compared to open-ended rectangular waveguide probes. However, various coaxial probes with different diameters might be selected at a maximum frequency of operation, 50 GHz. On the other hand, there is no frequency limit for open-ended rectangular waveguide probes at 50 GHz and up to 300 GHz. The inspection of this method refers to one-port measurement. The detection via this method involves placing the probe above, on, or immersed in the materials under inspection. This could be contact or contactless measurement of the materials. Contact measurement is only applicable for laminar solid, power, or liquid, while contactless measurement is only applicable for liquid or powder [36].



Under the inspection of open-ended waveguides, the current will be induced in the conductive materials under inspection. Therefore, defects such as cracks could be detected easily based on the magnitude or phase information of the reflection coefficient, S11 acquired from a vector network analyzer (VNA). There are different types of open-ended waveguides according to their operating frequency. The higher the operating frequency, the smaller the size of the waveguide. Also, the spatial resolution of the inspection depends on the size of the waveguide [32].



Figure 12 shows the propagation of microwaves through the materials under inspection. Initially, the thickness of defects under insulation is estimated by TDR according to the time of receiving the reflected wave [57,58]. This method is based on the speed of the wave travelling in the medium, which is the speed of light under the same conditions. By this, two reflections will be obtained at different times if there are no defects in the materials. However, three reflections will be obtained at different times if and only if there are defects in the materials [59]. A comparison between the time taken for the second and third reflected wave to be received by the microwave open-ended waveguide imaging was made to estimate the depth/size of the defects. The larger the differences between the time taken between the second and third reflected wave to be received, the larger the depth/size of the defects.




3.1.6. Horn Antenna


Horn Antenna was used together with the vector network analyzer (VNA) to form a microwave imaging system in inspecting the reinforced concrete blocks [42,60]. During the process of inspection, electromagnetic waves will travel through the concrete. At the path of travelling, the waveform and electric field intensity could be varied by altering the geometry and electromagnetic characteristics of the medium. The received signal will be analyzed to determine the distribution of rebar steels in the concretes. In order to improve the efficiency of signal penetration, a lower frequency of the microwave signal in the range of 800 until 4500 MHz is required. Hence, a vector network analyzer will be used to transmit the ultra-wideband stepped frequency signal. The selection of this frequency is based on comparing the reflection data of the reinforcement in the concretes. Then, the original data will be used to find the sensitive bands.



In [45], the design and simulation of pyramidal horn antenna were presented for NDT applications, such as detecting cracks in different materials. The designed pyramidal horn antenna works in the microwave domain with an operating frequency of 4.7 GHz and a gain of 12.90 dB. During NDT, the designed pyramidal horn antenna was made to face the material under inspection, such as aluminium, as stated in the paper with a few millimetres of distance. A comparison of the characteristics of the antenna was made by using a sample with and without defects. The sample used in [45] were FR4-epoxy and aluminium. Based on the results of the FR4-epoxy, the return loss is more negative and operating at a lower frequency for FR4 epoxy with defects compared to the FR4-epoxy without defects. On the other hand, the return loss for aluminium is less negative and operating at a lower frequency than aluminium without defects. This shows the importance of comparing the results with and without defects towards the materials. With this step, the defects that exist in the materials can be analyzed easily.




3.1.7. Ground-Penetrating Radar (GPR)


Ground-penetrating radar (GPR) is a subsurface imaging technology method of NDT where the electromagnetic wave, typically in the 1–1000 MHz frequency range will transmit into the material under investigation [61]. The basic principles of radar wave propagation, reflection, and transmission were employed while investigating the material. According to [62], the electromagnetic wave will reflect at interfaces and objects within the material. Analysis of the results obtained will be useful in determining the location and depth of the detected interfaces and buried objects. There are two basic types of radar wave such as pulse and continuous wave. Based on the method of NDT discussed, pulse radar waves are employed to investigate the material as it will transmit a burst of radar energy and the echoes will be reflected back to the same antenna. The short pulse radar waves will propagate through the layers of material which is under investigation. Figure 13 shows the principle of GPR where the sensor and software pulse EEKO100 GPR system with an antenna for transmission and reception of electromagnetic waves is connected to the computer [63]. A structure with three different materials is used to study the principle of GPR. The signal of GPR is emitted via an antenna. Reflection of signals is happening at the interfaces between the materials and interfaces with the surrounding medium. Receiving the reflected signals by the same antenna represents one scan. The process is repeated to obtain several scans at different locations of the structure for analyzing purposes.



Several studies have been reported on using GPR for NDT purposes [64,65,66]. Based on [47], GPR is used to check the condition of reinforced concrete structures of bridge decks. Another work [67] stated that almost 90% of the concrete, reinforced, or pre-stressed inspections were undertaken via GPR. The main kinds of the structure under this method of investigation are bridges, structural buildings, and tunnels as GPR has the benefits of fast data acquisition and high reflectivity on different kinds of reinforcement elements. With that, the GPR method is highly recommended to be applied in reinforcement detection and joint detection. Reinforcement detection involves investigating the depth position of reinforcement, moisture content of concrete [68], and GPR mid-frequency. Joist detection involves the investigation of the size of the joist. In addition, Giamou et al. have shown that concrete imaging investigation at the Clinton Power Station, south of Chicago, Illinois [69], via the GPR method with a lower intrusion and disruption to the operation of the nuclear plant. The objective of the investigation was to observe the spatial location and depth of all embedded reinforcement bars and conduits (1.8 m × 3 m) before the new crane hoist installation. The GPR method was chosen in the project as it has higher scanning speed within a large scanning area with immediate onsite results. Besides, a higher resolution of data would be another benefit of using the GPR method to enable the definition of embedded structural elements. In the study, the processed radar data for the six grid was pieced together for the depth slice from 75 to 100 mm below the floor surface. Accurate grid registration and careful data acquisition were done by matching from grid to grid. This makes interpretation of the location of the intersecting beams easy. On the other hand, another work of identifying early cracking in cement concrete pavement with the combination method of GPR and computational modeling was reported in [70]. This was done by an experimental and numerical approach. The reported work aimed to allow early identification of pavement cracks, reducing life cycle and decreasing life circulation comfort. An early maintenance process would help reduce the life-cycle cost and increase the pavement life.



Furthermore, another experimental study on an improved joint detection technique for concrete structure using two techniques such as GPR and sensing pre-stressed concrete multivariate analysis of transcript splicing (SPC-MATS) was presented in [46]. A joint application using the aforementioned two NDT techniques was undertaken to inspect the concrete construction, which usually focuses on the internal void defects of grooved pipe in pre-stressed concrete structures. By focusing on the GPR method, this was applied in the experimental study to obtain the information from the interior structure of the concrete to determine the location of an anomaly. This technique demonstrated clearly its sustainability in detecting the anomalies via the attenuation or the scattering of the GPR signal.



In short, GPR is one of the NDT methods providing a faster and continuous measurement tool in investigating concrete structures. Utilization of this method could help to improve the safety of the workers and checking time. Moreover, it could also help improve the speed of decision-making according to the results given by the GPR method [61]. Nevertheless, data processing will take longer, and it is complex to analyze due to irregular geological interface. Besides, interpretation of GPR data will be difficult when there are any unexpected causes such as uncontrolled fill or previous excavations [71].




3.1.8. Couple Spiral Inductors (CSI)


Couple spiral inductors (CSI) are another form of designed probe popular for microwave nondestructive testing. These are constructed by primary and secondary coils forming two spiral inductors. The principle applied in this sensor is the measurement of the transmitted energy from the secondary coil to the primary coil. This might be affected by the variation of the thickness of the materials under inspection [11]. Normally, the operating frequency of CSI is basically from 10 to 500 MHz, and it is known as an RF NDT sensor. However, the sensor’s operating frequency could also increase up to 5.5 GHz depending on the application, such as on-chip spiral inductors as described in [48]. Several types of defects could be examined by CSI, such as cracks, porosity, and delamination. The images of the defects provided by CSI are better as compared to other conventional NDT methods such as ultrasonic testing [32]. The image of the detected defects is related to the terms of the spatial resolution of CSI and is better than ultrasonic testing. Spatial resolution is the ability of the methods in separating the defects which are close to each other [72]. The sensor is mounted on the XYZ scanning stage for the experimental setup and connected to the vector network analyzer (VNA) connected to the computer. Moreover, the computer is connected to the PIC18C452 microchip microcontroller for data acquisition and precise movement control [32].



Several orientations of couple spiral inductors can be organized, such as planar coupling between two side-by-side spiral inductors on the same metal layer and vertical coupling of two spiral inductors as shown in Figure 14 and Figure 15, respectively [48]. Planar coupling of spiral inductors is usually fabricated on the underside of the PCB. Two-port sensing devices are made as the inductor connected to a coplanar transmission line on the top side. Several parameters such as couple spiral inductors’ geometry like several turns of the coils, frequency, and standoff distance are considered in estimating the sensitivity of the transmission coefficient of the sensor. The principle used in defects detection is based on the scattering transmission coefficient, S12, which indicates the transmission of relative power from the primary spiral to the secondary spiral as S12 has a greater signal-to-noise ratio than the other S-parameters. Whenever any defects exist in the materials under inspection, they disturb the coupling and perturb the transmission coefficient to enable detection and evaluation. In other words, the transmission coefficient will change when the coupling region is interacting with a groove where the coupling region will start to move across and leave the boundaries of the groove [72]. The vertical coupling of two spiral inductors is constructed by overlapping two identical spirals. This configuration of spiral inductors is robust which could be used as an on-chip transformer [48].



According to a sensitivity graph, the curve will rise with the movement of the coupling center until it arrives at the left boundaries of the groove. Then, if any defects exist, it will influence the coupling and cause it to become prominent gradually at that moment. Meanwhile, the sensitivity value will stabilize until the center comes to the right of the groove. Then, the sensitivity will reduce to zero as the sensitivity of the transmission coefficient drops due to the center moving away from the groove. Overall, there are three stages experienced by the sensitivity curve while the sensor is scanning through the groove, which are increasing, temporarily stable, and decreasing [72].



As mentioned in [72], some developments have been applied to improve the sensitivity performance of CSI. The idea of improvement was obtained from the well-established PCB transformer, where a ferrite sheet was placed on the top side of the transformer to reduce the magnetic circuit’s reluctance. However, the ferrite sheet was applied to the coils of the CSI for shielding purposes and the magnetic field concentration.



According to the study conducted in [49], several types of defects were being used in CSI detection under RF C-scans, such as holes, cracks, delamination, and voids. There were certain frequency values for the defects to be seen clearly, and they will disappear when the frequency was at any other values. Different types of defects will require different frequency values to be observed clearly. For example, an oblique void could be observed clearly below frequency values of 150 MHz but quickly disappears with the increase of frequency.





3.2. Signal Processing Development


Conventional NDT techniques, as discussed in previous sections, face several challenges such as automation complexity, low quality of the spatial image and blurred defect shape, extensive data interpretation, and difficult defect detection due to penetration limitation. In addition, reducing the dependency on the skills and experience of operators has become a necessity for reducing the cost of the NDT process. Signal processing using artificial intelligence (AI) could be considered the best approach to meet all the aforementioned challenges and is illustrated in the next subsection. Using AI could also increase the sensibility of defect detection and improve the possibility of fully automating the monitoring procedure [73].



Signal processing employed in NDT techniques usually undergoes four stages: preprocessing, feature extraction, feature reduction, and classification. The post-processing stage is the stage that eliminates noise effects and unnecessary data. Feature extraction is the process that extracts the most important features for defects analysis. This process is normally related to features selection which selects the most important features for defects analysis. Finally, the classification stage process is responsible for classifying and estimating the defects based on their characteristics [11].



Post-processing could be regarded as the most important stage in the signal processing algorithm since it entails removing undesired signal components, such as noise. In other words, this stage is to enhance the signal-to-noise ratio (SNR). The greyscale conversion process is involved in this stage as the edge detectors in the spatial frequency domain are usually performed in grayscale images that require conversion [74]. There are several techniques to improve SNR as discussed in [75], such as cross-correlation, Hilbert Huang transform (HHT), autoregressive analysis, wavelet transform (WT), and others. The methods of testing discussed in [75] were based on ultrasonic signal processing methods. The signal processing reported here relies on the cross-correlation method, based on calculating the similarity degrees between two signals. The output of the cross-correlation operation will be maximum if the two signals are almost similar to each other or opposite; the cross-correlation operation will be minimum if the two signals are different from each other. From here, the received signal could be used to compare with the reference signal (reflected signal at defect-free region) in extracting the information from dispersive wave modes or change the signal waveform due to delay and scattering. According to the analysis undertaken, there are two steps to be completed in cross-correlation analysis. First, the cross-correlation between the reference signal and the full signal obtained from the full inspection of the materials needs to be completed to estimate the normalized cross-correlation coefficients. Next, cross-correlation was performed along with a 10-point moving average filter to estimate the delay time between flights’ time of reference signal and the full signal obtained from the full inspection of the materials. The defected region will result in a longer delay as compared to defect-free regions. Figure 16 and Figure 17 show the defect detection in the materials by using the cross-correlation method.



HHT is another method used to improve SNR during NDT testing. This method combines two different signal processing techniques: Hilbert transform (HT) and empirical mode decomposition (EMD). Each method gives different functions in the signal process, where EMD will decompose the analyzed signal into various intrinsic mode functions (IMFs) while HT calculates individual frequencies. By referring to the example of ultrasonic testing in [75], the decomposed ultrasonic signal could be represented in either amplitude distribution or local energy in a time-frequency plane. This representation is very important for information extraction, followed by further processing as the results were different between the defect-free region and the defect region. A comparison between HHT, Fourier transform (FT), and wavelet transform (WT) was undertaken in the same study. The results proved the superiority of HHT over the other methods in terms of its applicability to linear and non-linear transient signals. Analysis using the Hilbert–Huang method showed that the defect-free region would have a shorter approximate time of arrival of the first IMF than the defective region. As shown in Figure 18, the larger the defect, the longer the approximate time of arrival of the first IMF.



The last technique to be discussed is WT, which is the most popular technique used to suppress the noise in the signals to increase defect detection accuracy. This method decomposes the signals into preliminary signals called wavelets. Each of the wavelet coefficients consists of signals and noise in the time-frequency domain. Therefore, the noise that exists in the wavelet could be reduced by manipulating the wavelet coefficients. Two approaches could be used to remove the unwanted wavelet coefficients, namely soft-or-hard threshold and discrete wavelet transform (DWT). However, due to the inefficiency of the former approach with correlated noise, the DWT approach is usually used for increasing the SNR during the signal processing phase.



The following stage is feature extraction and selection, which selects the only relevant features that differentiate the signal in the feature space. The purpose of this stage is to reduce the unwanted data without losing the desired information by reducing the dimensionality of input data to improve the performance and computational efficiency with a series of additional and appropriate transforms. Several transforms have been proposed for feature extraction methods such as Karhunen–Loeve transform, singular value decomposition, discrete Fourier transform, discrete cosine transform, Haar transform, and discrete wavelet transform. Each of the transforms has its advantages and disadvantages. Among the aforementioned transforms, the Haar transform is considered the best in energy packing efficiency, although wavelet transform could also be good to improve the energy packing efficiency if and only if a proper mother wavelet is chosen. Moreover, wavelet transformation also has a better localization property. Overall, it is used to find the moment when an abrupt change occurred in the frequency domain at a certain period [76]. In addition, other reported researches have shown that wavelet transformation is the most successful method to use for feature extraction and selection [77,78]. Based on [78], there are also several methods used in feature selection and extraction, such as principal component analysis (PCA) and artificial neural networks (ANN). The PCA method transforms a set of correlated variables into a set of uncorrelated variables known as principal components. This method is to reduce the dimensionality of input features for the classification of a bunch of data. On the other hand, ANN is a method used in data processing for simulating the biological brain via simple computational elements such as neurons.



The final stage in signal processing is the classification stage. This stage is to classify the unknown patterns of data into a class. The class could be either previously exist or newly created. Supervised classification is one of the classification methods used to classify unknown data or patterns easily. In this method, the labelling of each class is known as a priori by using a set of training samples. The training samples are the set of test data to be allocated to the classifier. In this way, the result of classifying each sample could be easily determined. However, some problems still arise in the training samples, and the corresponding classes are not always available. Hence, another method is known as unsupervised classification or clustering has been introduced [76]. Here, the classification is done by determining the likeness and grouping it into the same vector according to x feature vectors. Each group or cluster consists of many samples that are close together, but the similarities among each other are relatively small. A classifier needs to be selected throughout the classification stage to maintain high accuracy and speed with low computational steps. Besides, the high reliability of classification in the NDT inspection system is also important to ensure clear results [76].



According to the discussion above, several signal processing methods have been employed in the signal processing stages. Since signal processing is a part of machine learning [79], supervised and unsupervised classifications have been involved in signal processing, as discussed previously [80]. Employing these techniques will make the data analysis easier.




3.3. Nondestructive Testing (NDT) Using Artificial Intelligence


Artificial intelligence (AI) can simulate human intelligence by using a complex algorithm and training over large amounts of data. Those data will be the reference for the system to perform analysis and prediction in making decisions. By this, a system or computer will have the ability to learn and think like a human. Any machine learning (ML) technique can be AI if and only if it can decide like human beings. AI includes robotics, machine learning, natural language processing (NLP), and others. According to Figure 19, ML is part of AI that recognizes a given data pattern. Decisions will be made without human intervention by learning from the given data set based on the patterns identified. By using this, a large set of sample data should be used to compare with the incoming signal. Then, a decision will be made based on the results of the comparison. Furthermore, it is also shown that neural networks (NN) and deep learning (DL) are parts of ML. NN will simulate a human brain neural network to identify, classify, and analyze different kinds of data in determining the patterns which are considered complex for human brains. DL is based on NN, which handles complex algorithms with multiple variables and hidden layers in deriving high-level patterns [81].



Many ML methods could be utilized in improving the performance of conventional NDT techniques’ results such as ANN, deep neural network (DNN), support vector machine (SVM) [11], and convolutional neural network (CNN) [81] as there are many challenges as stated in Section 2. ANN, DNN, and CNN are part of the methods of ML and subsets of NN.



ANN is a type of supervised learning system constructed from many simple elements, known as neurons. Each of the simple elements will make simple decisions. Each decision made will be interconnected to form interconnected layers. In this way, a neural network will be formed to simulate any functions, such as answering a question if the training samples and computational power were enough. There are three layers of neurons for a simple neural network: input layer, hidden layer, and output layer, as shown in Figure 20. Input layers normally accept inputs, while the output layer gives out any predictions based on the training data provided.



DNN is like ANN, but it has more than one hidden layer of neurons to process inputs, as shown in Figure 21. Hence, DNN to have more layers of neurons in total. By this, DNN is more accurate as compared to ANN. In addition, DNN is efficient if autonomous jobs are going to replace human labour. In other words, the efficiency of DNN does not decline. Hence, many applications of DNN can be used to ease human life, such as a real-time camera for an automatic face recognition system in identifying criminals, AI cars, AI robots, and a lot more applications have been designed. From the applications, it was known that DNN is a complicated system that can recognize voice commands, sound, and graphics, undertake an expert review, creative thinking, and other activities. Hence, DNN could solve problems and making decisions depending on the information provided and the desired results. However, there is none of any marked data provided for DNN in solving a problem.



CNN was originally devised for image analysis. However, recently, it has been discovered to have excellent capacity in sequential data analysis such as natural language processing. Generally, there are two operations involved in CNN such as convolution and pooling. Multiple filters are being used in extracting features from the data set in preserving the spatial information if a convolutional operation is applied. On the other hand, the pooling or subsampling operation is used to lower the dimension of feature maps from the convolutional operation. There are two types of pooling: maximum pooling and average pooling, which are common to be applied in CNN [82].



SVM is another ML method in analyzing data for classification and estimation purposes. This method can provide reliable and fast recognition of NDT defects, which is the most important criterion for materials’ health monitoring to ensure it is safe during services. It can also provide a better generalization capability, especially in dealing with unseen data. In this way, SVM can also be used for various defect recognition. SVM can differentiate the defects by using a binary classifier where output ‘1’ is for the defected region, and output ‘0’ is for the defect-free region. During the testing period, the classification results of the conditions of the materials under inspection can be obtained by sending all the input data to the classifier. If many classes exist, there will be more classifiers. Therefore, a longer period will be needed for classification as higher computational will be required. Besides, the computation cost is also higher. Instead of SVM, support vector regression (SVR) is being introduced, which could completely avoid complicated mathematical modelling and reduce the higher computational cost [11].



Throughout the explanation of AI/ML approaches, one of its applications in NDT testing was studied in [83] to detect and accurately predict the location and type of defects in composite materials. This was undertaken with the combination of the concept of broadband dielectric spectroscopy with a ML approach and neural network computing systems. In addition, various defects could be classified according to the dielectric properties. On the other hand, Sacco et al. have shown that utilization of the ML methods for swift inspection towards the automated fiber placement manufactured composite structures due to the faster lay-up time and consistency of production across different geometries leads to difficulties in quality assurance efforts and inspection [84]. Moreover, other manufacturing defects might be induced, such as wrinkles, twists, gaps, and overlaps. Thus, software packages, such as image analysis algorithms, were employed to demonstrate the manufacturing defect types. Overall, the utilization of AI and NDT testing helps detect the defects and helps to detect the types of defects with their accurate location/size/depth.





4. Conclusions


This review paper covers studies on NDT testing techniques undertaken on composite materials. NDT testing is vital in inspecting the conditions of the materials either during manufacturing or in services to ensure the high quality of the manufactured materials and improves the reliability of the materials to be used by end-users. Conventional NDT techniques discussed include ultrasonic testing (UT), infrared thermography (IRT), eddy current testing (ECT), and laser shearography (LS). On the other hand, microwave NDT techniques reviewed include the chipless radio-frequency identification (RFID) sensor system, guided microwave testing (GMT), the microwave transmission line sensor, microwave planar resonator, microwave open-ended waveguide imaging, horn antenna, ground penetrating radar (GPR), and couple spiral inductors (CSI). The review demonstrates some challenges faced in conventional NDT techniques, such as penetration limitation. Hence, microwave NDT techniques were introduced to overcome the challenges faced as the microwave’s working frequency is higher than the working frequency of conventional NDT techniques. However, the research reveals that microwave methods have numerous drawbacks in material inspection, including low spatial image quality, blurred defect geometry, and extensive data interpretation. Soft-computing techniques, such as signal processing development, were introduced as a result to overcome the constraints. In addition, the review presented numerous research studies of microwave NDT techniques that have improved the efficiency of composite coatings inspection using machine learning and artificial intelligence approaches. Thus, microwave NDT approaches using machine learning and artificial intelligence have a significant potential for use in the nondestructive testing area, benefiting related industries.
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Figure 1. Basic principle of ultrasonic testing [22]. 
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Figure 2. Setup of infrared thermography (IRT) [14]. 
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Figure 3. Induced currents in conductive material [32]. 
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Figure 4. Schematic diagram of eddy current testing [33]. 
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Figure 5. Setup system of laser shearography (LS) [14]. 
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Figure 6. Microwave testing in (a) reflection mode and (b) transmission mode [37]. 
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Figure 7. Basic principle of a chipless radio-frequency identification (RFID) sensor system for crack detection and characterization on a metallic structure [38]. 
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Figure 8. Simulation process of 3D RFID tag antenna on the metal structures with defects [50]. 
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Figure 9. Self-sensing sensor [52]. 
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Figure 10. Detection system with microstrip line sensor (a) experiment setup (b) cross-section [56]. 
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Figure 11. Side view of the complementary split-ring resonator (CSRR) [43]. 
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Figure 12. Cross-section diagram of the scanning arrangement using an open-ended rectangular waveguide in case of (a) defect-free and (b) defect [11]. 
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Figure 13. The basic configuration of ground-penetrating radar [62]. 
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Figure 14. Planar coupling between two side-by-side spiral inductors. 
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Figure 15. Vertical coupling of two spiral inductors [48]. 
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Figure 16. Correlation coefficient along with the scanning onto the materials using cross-correlation [75]. 
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Figure 17. Time delay of all signals along with the scanning onto the materials using cross-correlation [75]. 
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Figure 18. Instantaneous amplitudes of first two intrinsic mode functions (IMFs) using Hilbert transform (a) defect-free signal, (b) 15 mm defective signal, (c) 25 mm defective signal [75]. 






Figure 18. Instantaneous amplitudes of first two intrinsic mode functions (IMFs) using Hilbert transform (a) defect-free signal, (b) 15 mm defective signal, (c) 25 mm defective signal [75].



[image: Coatings 11 00913 g018]







[image: Coatings 11 00913 g019 550] 





Figure 19. Venn diagram of artificial intelligence with its categories [81]. 
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Figure 20. Neural network with one hidden layer. 
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Figure 21. Neural network with many hidden layers. 
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Table 1. Advantages and limitations for each traditional NDT technique.
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	Ref. No.
	NDT Technique
	Advantages
	Limitations





	[14]
	Ultrasonic Testing (UT)
	
	
Able to detect a slight change in the density of composite material.





	
	
Inability to detect mismatch region.



	
Longer inspection time.



	
Inability to detect smaller defects, which deep into the material.



	
Lower resolution.








	[15]
	Infrared Thermography (IRT)
	
	
Temperature variation helps to identify the location of defects





	
	
Longer processing time.



	
Requirement of high heating power.








	[16,17]
	Eddy Current Testing (ECT)
	
	
Depends on the heat generation by electromagnetically-induced eddy currents.



	
The strength of secondary magnetic fields decided the location of defects





	
	
Only applicable for conductive composite materials.



	
Mostly detect surface and near-surface flaws.








	[18,19]
	Laser Shearography (LS)
	
	
Generation of speckle pattern to indicate the defected areas.





	
	
Unable to access deformations and defects inside the material.



	
Low signal-to-noise ratio
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Table 2. Applications of microwave inspection techniques.
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	Ref. No.
	NDT Technique
	Applications





	[38]
	Chipless Radio-Frequency Identification (RFID) Sensor System
	
	
Structural health monitoring (SHM).








	[39,40]
	Guided Microwave Testing (GMT)
	
	
Investigation of the corrosion on the metal pipeline.








	[41,42]
	Microwave Transmission Line Sensor
	
	
Determine the porosity of materials.



	
Detect foreign objects.








	[43]
	Microwave Planar Resonator
	
	
Defects detection.








	[10,44]
	Microwave Open-Ended Waveguide
	
	
Defects detection.








	[45]
	Horn Antenna
	
	
Cracks’ detection.








	[46,47]
	Ground-Penetrating Radar (GPR)
	
	
Condition check on reinforced concrete structures of bridge decks.



	
Inspecting concrete construction.








	[48,49]
	Couple Spiral Inductor (CSI)
	
	
On-chip spiral inductors.



	
Defects detection.
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