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Abstract

:

Alongside the development of high-speed rail, rail flaw detection is of great importance to ensure railway safety, especially for improving the speed and load of the train. Several conventional inspection methods such as visual, acoustic, and electromagnetic inspection have been introduced in the past. However, these methods have several challenges in terms of detection speed and accuracy. Combined inspection methods have emerged as a promising approach to overcome these limitations. Nondestructive testing (NDT) techniques in conjunction with artificial intelligence approaches have tremendous potential and viability because it is highly possible to improve the detection accuracy which has been proven in various conventional nondestructive testing techniques. With the development of information technology, communication technology, and sensor technology, rail health monitoring systems have been evolving, and have become equally significant and challenging because they can achieve real-time detection and give a risk warning forecast. This paper provides an in-depth review of traditional nondestructive techniques for rail inspection as well as the development of using machine learning approaches, combined nondestructive techniques, and rail health monitoring systems.
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1. Introduction


In recent years, the train density, running speed, and load capacity of railway transportation have increased rapidly, especially in high-speed rail transportation [1,2]. Railway transportation has become more and more important in the modern transportation system. Thus, rail safety is becoming more of a concern [3]. Rails bear high mechanical loads and harsh environmental conditions routinely. On the one hand, the mechanical loads are mainly from the weight of the wheels. Therefore, the rolling contact pressure and the sheer and bending forces affect the rails [4]. On the other hand, rails are usually exposed directly to the natural environment, so corrosion, thermal stress, and other phenomena are generated. Significantly, thermal expansion greatly influences seamless rails used in high-speed railways, affecting the rail’s internal stress concentration [5,6].



The rail defects mainly distribute on the different parts of the rail, such as the rail head, rail web, rail foot, and other particular parts. The stress is concentrated on the rail head [7]. Hence, the typical rolling contact fatigue defects are mainly distributed on the surface and inside of the rail head, such as wear, stripping, cracks, crushing, corrosion, and internal damage. The significant defects of the rail web are cracks, bolt-hole fatigue, and excessive web corrosion [8]. For the rail foot, cracks and corrosion are the major defects. In addition, the defect type is even more complex on other parts of the rail, such as the welding and turnout [9].



Cracks are the most challenging to detect among the different types of defects because they are usually small and shallow [10]. The micro-cracks and sub-surface oblique cracks, which occur at the early stage, are highly concealable [11]. However, from the view of fracture mechanics, rail defects are usually generated by rail fatigue cracks, expansion to internal injury, and eventually fracture, especially in welding parts [12]. Thus, the early detection of rail defects is of great significance. A major train derailment occurred at the Hatfield site in the UK in October 2000. The accident was caused by rolling contact fatigue cracks in the rail, which mainly occurred on the top surface of the rail and were continuous, and extended deep inside the rail, causing a sudden break in the rail when the train passed [9].



There are numerous requirements and challenges for detecting rail defects in the early stage. The most salient of them can be summarized as follows:




	(1)

	
The inspection of rail defects should feature high sensitivity since it is required to detect sub-surface oblique cracks and internal damages [13].




	(2)

	
The inspection should cover the entire cross-section of the rail, from the contact surface, through the internal waist, to the rail bottom. Moreover, particular areas such as switch tips and welded joints represent a challenge due to their complex structures and inherent changes in material properties.




	(3)

	
In addition to the speed and efficiency requirements, inspecting rails should be non-contact. This way, the inspection can be carried out quickly and efficiently using movable inspection wagons that can reach the speed of a train (around 120 km/h).




	(4)

	
Due to the complexity of the mechanisms that cause rail damage, it is significantly challenging to achieve a reliable quantitative and qualitative assessment of rail defects.









Traditionally, the primary method of rail defect detection has been human manual inspection. However, this method is cumbersome, hard work, and prone to human error. In addition, the personal safety of the inspectors is also an issue that needs to be ensured [14]. Therefore, this type of inspection has been replaced over time with automated, more efficient inspection methods.



Nondestructive Testing (NDT) can be defined as an evaluation technique based on the integrity of the object to be evaluated. In other words, it provides insurance for the integrity and properties of the object itself. Ideally, NDT techniques obtain information about all the aspects of the object’s defects and, by doing so, evaluate it according to the relevant technical standard [15].



In 1959, the first ultrasonic rail inspection vehicle was put into use [16]. Since then, NDT technologies to inspect rail defects have been inherent to various aspects of railway systems, such as production, installation, and maintenance. Different NDT techniques have been applied in rail inspection and evaluation, with advantages and limitations. This paper aims to review the application of these techniques in rail inspection and compare them based on their features and rules. In addition, this paper discusses the current research status in this field by reviewing modern rail health intelligent monitoring systems and the new trends in applying artificial intelligence to rail defect NDT technologies.



The rest of this paper is organized as follows: First, a comprehensive review is given of the most prominent NDT techniques, such as visual detection, ultrasonic detection, eddy current detection, magnetic flux leakage detection, alternating current field measurement, barkhausen noise testing, and acoustic emission technology. When used for rail flaw inspection, their advantages and shortcomings will be given. Second, the rail health intelligent monitoring system will be introduced because it is a development trend in the future. Finally, artificial intelligence and combined NDT techniques will be introduced because they can improve detection accuracy and overcome some limitations.




2. NDT Method


NDT methods used for rail defects detection can be categorized into two main types: machine visual inspection and physical inspection. The former is based on applying different image processing methods to segment and identify images of the rail to obtain enough information about the defect. On the other hand, the latter relies on a range of physical signal processing schemes to inspect the rail. This section will discuss each category by illustrating its types and main features.



2.1. Visual Inspection Methods


The visual inspection method is a non-contact inspection method that is widely used in nondestructive testing because of its speed and accuracy [17]. For rail flaw detection, visual inspection is based on the use of a high-speed camera, which can capture images of the rail (especially the rail surface) as the train moves over the rail. Then the image data will be transported to the computer via a data acquisition card. Finally, the software will process the captured image data to determine whether there are defects on the rail. The visual inspection method is suitable for detecting defects such as cracks, deformation, and corrosion on the rail surface. The principle of visual inspection is shown in Figure 1.



It can be seen from Figure 1 that the extracted rail surface image can be obtained from the visual system first. Then the image is converted to grayscale so defects can be detected at high contrast. Automated visual inspection systems can be used to measure the rail head profile and percentage of wear, rail gap, moving sleepers, absence of ballast, base plate condition in the absence of ballast, pincers position, missing bolts, and surface damage [18]. Depending on the inspection type and the required resolution quality, the speed can vary from 1 to 320 km/h [19].



Several factors can affect the accuracy during visual NDT of rails. First, the resolution of the captured video image needs to be higher to provide reliable data for analysis because of the blurring effects during the movement of the camera [20]. Second, the conventional camera cannot obtain the image data about the depth. Third, the environment light changes during the whole day, and the changes in the surrounding light environment significantly impact the capturing image data and influence the stability of defect detection. Numerous studies have been conducted to address the above issues.



For the first issue, color line scan cameras and spectral image differencing methods are currently effective in detecting rail surface defects. A charge coupled device (CCD) camera with a powerful scanning function and good image clarity, which supports multiple merged pixel modes, has been used to inspect rail visually [21]. It has high sensitivity and a high signal-to-noise ratio of captured images. Furthermore, linear CCD, a kind of image sensor, can acquire images via an A/D converter, timing generator, data storage, and other control logic [22]. Finally, the image data is converted to be digital signal and processed for rail surface defect detection. The non-contact and dynamic rail flaw inspection platform with fast line matrix CCD camera technology has been verified at 120 km/h [23]. When the inspection speed is high, the time for the analysis process should be short for achieving real-time detection. However, as the resolution of the image increases, so does the amount of data acquired, and hence more computational time is needed to complete the analysis. As a result, inspection speed needs to be adjusted to keep pace with data analysis. If a real-time evaluation is impossible, then data analysis can be conducted offline to identify any defective areas of the track section [24]. The Rail Check rail inspection vehicle, developed by Alias Elektronik in Germany, can automatically detect rail surface defects by capturing a two-dimensional image of the rail with cameras [25]. The VIS integrated rail inspection system developed by ENSCO company was equipped with four-line laser CCD cameras to capture the image information of the rails [26]. It has been verified that it could automatically detect cracks on the rail surface.



For the second issue, three-dimensional (3D) vision technologies, including binocular stereo vision and 3D structured light technology, have been progressively used in the visual inspection of rails [27]. Binocular Stereo Vision is an essential machine vision based on the parallax principle. It uses an imaging device to acquire two images of the object to be measured from different positions and to obtain three-dimensional geometric information about the object by calculating the position deviation between the corresponding points of the images. The 3D structured light camera projects a specific structured light illumination pattern onto the target object, then the image modulated by the target will be captured by the camera. The 3D information of the target object will be derived through image processing and visual modeling, and the 3D coordinates of each point in the space within the field of view can be collected [28]. Finally, the 3D stereo imaging is intelligently acquired through algorithmic recovery.



For the third issue, combining machine vision and 3D linear laser inspection technology for rail surface defect detection can partly overcome the effects of light change since the camera can scan the rail surface under linear laser illumination [29]. Meanwhile, the accuracy of visual inspection for rail defects can be further improved in the light-changing environment by algorithmic processing of the image data. The process of detecting rail defects uses image processing techniques, including pre-processing, feature extraction, defect classification, defect quantification, and other steps. The pre-processing steps of the visual inspection typically include greyscale, image enhancement, and image segmentation. Sub-images of the rail can be cut by the rail extraction algorithm first, then the contrast of the rail image can be enhanced using the local normalization (LN) algorithm [30]. By pre-processing the image data, the coarse extractor of the algorithm can be used to locate defects in the rail surface image roughly. Meanwhile, the fine extractor of the algorithm can be used to determine whether the points for which anomalies are obtained are real defects or other noisy points. Therefore, the noisy points can be discarded to obtain the true results of the image data. During the feature extraction process, the defects can be characterized by algorithms such as Histogram of Oriented Gradient, Local Binary Pattern, and Directional Chain Codes [31]. Various kinds of algorithms have been applied for rail flaw inspection to increase the accuracy of the classification. For instance, K-means and decision trees can be used in detecting rail surfaces by machine vision, mainly to classify rail defects [32]. The quantification of the defects can use the learning-from-examples technique, which is related to the image processing speed capability of the system [33]. Deep learning detection methods are a kind of supervised learning scheme, and they can learn from large amounts of image data, then accurately identify new image samples [34]. Deep learning detection methods have better generalization and robustness, and detection results are better than traditional methods [35,36].



As described, visual nondestructive inspection of rails has a high speed and accuracy. Unfortunately, it has limitations in providing any information with regard to the presence of internal defects. Therefore, it cannot be used to substitute ultrasonic inspection.




2.2. Physical Inspection Methods


2.2.1. Ultrasonic Inspection


Ultrasonic NDT uses ultrasonic waves’ reflection, diffraction, and transmission characteristics to determine whether there are defects inside the workpiece [37]. When inspecting rails with traditional ultrasonic probes, a piezoelectric device transmits an ultrasonic energy beam into the rail. Then a group of transducers detects the transmitted beam’s reflected or scattered energy. Finally, the position and nature of the identified flaws and the overall structural integrity of the rail under examination can be learned from the amplitude of the reflections and the timing of their occurrence [38]. The principle of ultrasonic inspection is shown in Figure 2.



It can be seen from Figure 2 that not only the base echo but also the defect echo are detected after the excitation signal when there is a defect in the detection area. Therefore, we can detect the defects from the characteristics of the wave. Conventional ultrasound technology has been widely used for internal rail defects detection because it has a high penetration capacity. Based on ultrasonic sensors, a real-time photoacoustic imaging system for nondestructive testing of rails can be established [39,40]. The location, direction, and depth of rail defects can be effectively identified by reconstructing the image from the photoacoustic signal. Therefore, it can scan internal rail defects automatically because of its high detection sensitivity. To reduce rail breakage caused by internal rail damage, Network Rail in the UK has developed the handheld rail flaw detector and the rail inspection train based on UT technology, which can effectively detect internal rail core damage [41]. A University of California research team developed ultrasonic inspection equipment with efficient data processing algorithms to accurately detect rail stripping and corrosion defects. The GTC-80 rail flaw detection vehicle, developed by the Chinese Academy of Railway Sciences, was based on ultrasonic detection technology to achieve online flaw detection of high-speed rail [42]. It can effectively detect rail damage with a detection speed of 80 km/h (approx. 22 m/s).



Ultrasonic rail inspection can be performed manually or on special test vehicles. However, conventional ultrasonic has several limitations. Firstly, conventional ultrasonic NDT has a limited speed and cannot be used in long-distance detection because it requires a coupling agent to fill the gap between the probe and the measured surface. The inspection speeds verified in the experiment were only from 40 up to 80 km/h by conventional ultrasonic NDT. In reality, however, inspection speeds can be as low as 15 km/h, particularly when the vehicle must be manually verified [43]. Secondly, it is difficult to detect rail defects with complex shapes or irregular shapes because of the limits of conventional multi-probe ultrasound inspection systems. Thirdly, the defects on the top surface of the rail and the near-surface fatigue damage cannot be effectively detected and assessed. The fatigue crack on the top surface of the rail prevents the ultrasonic wave from being incident into the measured parts, which will have a negative impact on the detection of internal defects in the structure below the fatigue crack. Especially near the gauge angle of the horizontal direction, the defects which have longitudinal extension will have a reflective effect on the ultrasonic wave, preventing the incidence of the sound beam and resulting in the failure to detect the dangerous defects buried below it [44].



New techniques have been developed, such as ultrasonic phased-array inspection, ultrasonic guided wave inspection technology, electromagnetic ultrasound technology, and laser ultrasound technology, to overcome the limitations of conventional ultrasonic NDT techniques.



The ultrasonic phased-array system consists of multiple arrays of independent piezoelectric wafers. The spotlight’s position and orientation are controlled by specific rules and timing sequences, which can effectively detect internal defects of complex shapes with high accuracy [44,45]. Ultrasonic phased-array systems are gradually replacing conventional multi-probe ultrasound inspection systems. The new automated ultrasound inspection system consists of a pair of phased-array probes, and it is capable of performing a large number of tasks [46,47]. Ultrasonic defect detection systems consisting of phased-array probes and field-programmable gate array (FPGA) modules can increase the speed and accuracy of detection [48]. Especially in particular locations such as welds, ultrasonic phased-array inspection has proved more efficient than conventional ultrasonic inspection.



Guided waves are a kind of long-range ultrasonics that can be effective over distances up to 30 m from the sensor array [49]. At semi-infinite or two semi-elastic media surfaces, ultrasound waves are reflected or transmitted due to differences in the material properties of the media, resulting in a shift in the waveform [49,50,51]. Due to different waveforms and different propagation speeds, different waveforms propagate in the medium at their inherent speeds. When ultrasound waves are propagated in a medium with boundaries, such as steel rails, various reflected, transmitted, refracted, and interfacial waves appear as coupled waveforms, thus forming ultrasound-guided waves [52,53].



Compared with traditional ultrasonic inspection technology, ultrasonic guided wave inspection technology uses low-frequency ultrasonic waves, which have the outstanding advantages of long propagation distance and fast speed. British Rail Network Rail has developed the G-Scan rail ultrasound-guided wave inspection device, which uses low-frequency ultrasound-guided waves to detect defects in aluminum thermal welds over long distances [54,55]. Moreover, the 300 kHz pseudo-Rayleigh guided waves have been used for long-distance detection of different defects on rail undersides [56]. However, various factors can significantly attenuate the signal to the extent that the effective distance may only be a few meters in some cases. The wave mode and frequency selected determine the most effective inspection range.



Meanwhile, the entire object cross-section, including transverse rail defects, can be inspected. For instance, based on the guided wave propagation and scattering characteristics at the bottom of the rail, guided waves can be used to detect oblique cracks at the bottom of the rail in the vertical vibration mode [50]. The pulse-echo method can be used to quickly locate defects at a certain distance from the rail head. Prism, which has been developed by Wavesinsolids LLC in the USA, has a maximum inspection speed of 15 km/h, and it has been reported to be capable of detecting large transverse rail head defects [57]. The static tests were conducted on a piece of rail that contained simulated transverse cracks in the rail head that extended below 20% of the total cross-sectional. The University of Pittsburgh developed the rail head damage detection system based on ultrasonic guided wave technology [58]. It used wavelet transform and unsupervised learning algorithms to identify rail damage and maximize the sensitivity of the detection system. The tests have been carried out on rails at an inspection speed of 10 km/h, with damage detection rates between 75% and 100%. Based on guided wave technology, Gurevich developed an ultrasonic guided wave flaw detector AKR1224 [59]. The equipment used 12 antenna array sensors to detect rail defects. Defects such as rail head stripping, rail head injury, and screw hole crack can be detected from multiple angles. It has a high detection rate. Mariani developed the non-contact ultrasonic guided wave rail inspection vehicle for rapid detection of vertical defects using laser excitation and air coupling.



The electromagnetic ultrasound first generates a high-frequency current in the zigzag coil via an external circuit, which induces eddy currents in the opposite direction on the surface of the rail head. At the same time, the eddy currents caused by the strong static magnetic field provided by the magnet cause vibrations in the surrounding masses, resulting in electromagnetic ultrasound surface waves [60]. Electromagnetic ultrasound technology uses the Lorentz force and magnetostriction effects to excite and receive ultrasound waves in conductive specimens. The orientation of the magnetic field, the geometry of the coil, and the physical and electrical properties of the material under investigation strongly influence the ultrasound generated within the sample [41]. Compared to conventional ultrasonic NDT techniques, it has the advantages of high accuracy, no coupling agent required, non-contact measurement, and fast inspection speed as it is an electromagnetic coupling mechanism that generates the ultrasound within the sample skin depth [61]. Several electromagnetic ultrasound NDT vehicles have been developed. For instance, VIGOR Russia has developed the electromagnetic ultrasound NDT vehicle named UD-EMA-RWT-01M, which can provide complete coverage of the rail head, rail waist, and rail bottom at speeds between 0.1 and 1 m/s [62]. Canadian company Tektrend has developed RailPro, an electromagnetic ultrasonic rail flaw detection system for the online verification of many types of rail defects at speeds between 5–9 km/h [63]. Significantly, the defects include transverse fissures, horizontal and vertical head splits, split webs, bolt hole cracking, and RCF damage.



Laser ultrasonic systems operate by first generating ultrasound in a sample using a pulsed laser. When the laser pulse strikes the sample, ultrasonic waves are generated through a thermoelastic process or by ablation. Pulsed lasers can be used to generate all types of ultrasonic waves, including compressional, shear, surface, and plate waves [64]. When ultrasonic waves reach the sample’s surface, the resulting surface displacement can be measured with a laser ultrasonic receiver based on an adaptive interferometer. Laser pulses can produce sound waves with a wavelength of only a few microns, allowing the detection of minor defects within the material. Therefore, it has high accuracy [65]. No coupling agent is required in the testing process, so acoustic-solid coupling does not affect the testing speed. For complex-shaped workpieces, laser ultrasound technology can generate multiple modes of ultrasonic signals in a single excitation process. Therefore, it can be applied to the real-time detection of micro-cracks in rails with high accuracy in harsh environments. Laser ultrasound detection has been validated by detecting rail internal defects of different sizes [65,66]. Meanwhile, the current automated laser ultrasonic rapid rail defect detection device can detect defects on the rail surface as well as horizontal and vertical rail defects in the rail head at speeds of up to 40 km/h [67,68].



In general, ultrasonic inspection detect deep surface-breaking and internal defects relatively well. However, these high-speed systems usually cannot detect defects smaller than 4 mm deep. Such surface defects can shadow critical internal defects and thus give a false picture of the rail’s structural integrity. Ultrasonic inspection can also miss some defects in the rail foot, especially corrosion, as this part of the rail can only be scanned partially. Meanwhile, they also perform relatively poorly when inspecting alumino-thermic welds.




2.2.2. Eddy Current Inspection


Eddy currents testing (ECT) is commonly used to inspect conductive materials for detecting surface and subsurface defects. Typically, eddy current sensors are comprised of one exciting and one sensing coil. The magnetic field near the surface is generated by feeding an alternating current to the exciting coil. Changes in the magnetic field cause eddy currents to be induced just below the surface. The search coil detects changes in the secondary magnetic field generated by the eddy currents in the form of an induced voltage. When a near-surface or surface defect is present, the eddy currents are disturbed, causing fluctuations in the secondary magnetic field, and giving rise to changes in the impedance [69,70].



ECT can detect near-surface or surface damage on the rail head. Thus, it can complement the performance of ultrasonic transducers. The probe coil can obtain the magnetic field changes, thus obtaining defect characteristics on the rail. The principle of eddy current inspection is shown in Figure 3.



It can be seen from Figure 3 that the eddy current changes when a defect is detected. The dimensional characteristics of defects can be quantified by the characteristic values of eddy current changes. ECT is non-contact and can be used in high-speed inspection. The inspection speed achieved by the combined ultrasonic/eddy current systems is typically 75 km/h, but higher speeds of up to 100 km/h have been reported [71]. Sperry Corporation in the USA combined ECT and ultrasonic inspection techniques to detect rail surface defects and internal defects. Meanwhile, it can detect cracks in different depths by adjusting the eddy current sensor frequency, coil, and other parameters [72,73]. Furthermore, ECT performs well in special areas such as surface defects on the curved-tip rail of the turnout and surface defects on the inside of the variable-section turnout track. Thomas investigated ECT for the detection of contact fatigue cracks and combined it with ultrasound technology for the defects in rail welds and joints [74]. The German Federal Railways has designed and developed two types of rail inspection equipment using eddy current detection technology, which are vehicle-mounted and hand-pushed [75]. The inspection train, which was vehicle-mounted with eight eddy current probes, four for each rail, can be used at a speed of 50 to 80 km/h to achieve routine inspection of rails. Furthermore, the hand-pushed equipment was equipped with four eddy current probes, which can detect railway turnouts and areas that cannot be reached by trains.



However, ECT has a collective skin effect and only detects the surface and near-surface structural state of conductive materials. In addition, the main issue for the eddy current inspection is that this type of sensor is susceptible to lift-off variations. Thus, the distance between the detection probe and the measured rail surface should be kept fixed (generally within the range of 2 mm) [76]. For that reason, the probe needs to be positioned at a constant distance from the surface of the rail. Particular attention must be given to any lift-off variations that may occur during an inspection. The changes in the lift-off variable could influence the accuracy of the predicted depth.



Pulsed Eddy Current (PEC) is proposed to enhance the penetration of eddy currents. PEC uses a pulsed excitation signal to induce transient eddy currents in the part being measured [77]. The coil induces a time-varying voltage, which is analyzed to detect defects at different depths, characterize properties, and assess the condition of the specimen by analyzing the change in frequency of the transient currents. The technology has the advantages of rich spectrum content for detecting and identifying defects at different depths, fast detection speed, and non-contact detection. Newcastle University in the UK was the first to experiment with this application in the area of rail defects with good results [78].



Furthermore, PEC can integrate with thermal imaging technology based on electromagnetism’s eddy current and Joule heat phenomena. Eddy Current Pulsed Thermography (ECPT) uses infrared thermography to obtain the temperature distribution and conduction of conductive specimens under pulsed eddy current excitation [79]. The length, width, depth, and inclination of rail defects can affect the thermographic data. The principle of ECPT is shown in Figure 4.



It can be seen from Figure 4 that the thermal imaging of a defect is clearly distinguishable from the surrounding background. Therefore, the size of the defects can be analyzed by image-recognizing techniques. ECPT combines the advantages of pulsed eddy current and infrared thermography. Thus, it can rapidly visualize the rail fatigue cracks. Furthermore, it can concentrate the heat on the defects. Therefore, the temperature difference between the defective and non-defective areas increases, and spatio-temporal characteristics and rich transient information can be obtained. Thus, it can improve the signal-to-noise ratio and detection sensitivity, especially for small defects such as fatigue multi-crack and micro-defect damage on the rail surface [80]. With that, Vrana J. developed the ECPT systems, which can effectively detect cracks in 0.1 mm resolution in depth. Moreover, the longitudinal parallel crack can be detected using ECPT [81]. The Fraunhofer Institute for Nondestructive Testing in Germany has applied ECPT technology to detect rail and wheel surface cracks. They mounted the equipment on the rail test vehicle. The results showed that at low speeds (2 km/h), the device could effectively image rail surface cracks and at a maximum travel speed of 15 km/h (approx. 4 m/s), the device can only detect large rail surface defects [82].



The main factors affecting the ECPT are the excitation coil, the yoke, the temperature rise, and the type of defect. Therefore, the temperature distribution of rail surface defects was investigated through induction thermography simulation and experimental analysis. The results indicated that the eddy current penetration correlated with the temperature rise. Using single-turn coils to detect small cracks on the rail surface by ECPT will easily cause uneven heating. Thus, the improved Helmholtz coil excitation structure was developed to enable uniform heating of the rail surface, eliminating the shortcomings of single-turn coil non-uniform heating in the detection [83]. Meanwhile, the ferrite yoke excitation structure was used for uniform heating and unobstructed visualization of defects on the top surface, facilitating quantitative assessment of defects.




2.2.3. Magnetic Flux Leakage Inspection


The magnetic flux leakage (MFL) inspection method has been widely used for ferromagnetic materials evaluation. Permanent magnets or DC electromagnets are usually used to generate a strong magnetic field to magnetize the specimen to saturation [84]. The magnetic flux lines are coupled into the specimen using metal brushes or air coupling [85]. When the rail is magnetized, defects on or near the rail surface cause a change in magnetic permeability. Then the direction of magnetic induction lines will be changed, with some of the flux leaking onto the surface. Magnetic sensors can detect the leakage field to analyze the rail surface defects. The principle of MFL inspection is shown in Figure 5.



It can be seen from Figure 5 that when the magnetic lines encounter defects, the magnetic lines are bent. This is because the magnetic field lines are refracted as they pass through the interface between a ferromagnetic object and air. The leakage field from the defect can be analyzed by Finite Element Simulation, and then the flux density distribution curve can be obtained. The simulation results indicated that the features of the leakage signal could be obtained from the leakage flux density curve [86]. Therefore, it can be used to identify the defect information.



In 1928, Dr. Elmer Sperry successfully developed the world’s first rail flaw detection vehicle based on the principle of magnetic leakage detection under the auspices of the American Railway Union [87]. It could detect surface and near-surface cracks in rails very well but could not detect complex components and deeper defects.



There were several limits for rail MFL inspection. Firstly, the defect’s depth is difficult to identify by permanent magnets or DC electromagnets. Secondly, increasing inspection speed also has a negative impact on MFL. The magnetic flux density in the rail decreases with increasing speed. As a result, the signal becomes insufficient to detect at speeds more than 35 km/h [88]. However, research by new technologies has gradually solved these issues in recent years.



For the first limit, the current research integrates pulse leakage and pulse reluctance technology to detect different depths of rail cracks on the rail surface, achieving better results [89]. Furthermore, MFL inspection equipment by sensor array can obtain more information about the leakage field. Therefore, it can significantly improve the prediction accuracy of defects, especially for the depth of the defects. Meanwhile, the sensor array can form the three-dimensional leakage magnetic field image to describe rail defects [90].



For the second limit, in [91], the authors investigated that hall sensors in MFL systems can improve their performance at higher speeds. Meanwhile, in [86], the authors simulated the leakage magnetic field at high speed to study the dynamic magnetization and velocity effect in the high-speed leakage detection of rail cracks. The research above reduced the speed effect during rail flaw inspection by MFL techniques. In [92], the authors reviewed the nondestructive testing method of metal magnetic memory and established a magneto-mechanical model based on a nonlinear constitutive relation for ferromagnetic materials under a constant weak magnetic field. Theoretical results obtained from the proposed model are more consistent with experimental data, and the proposed magneto-mechanical model applies to various ferromagnetic materials. Meanwhile, in [93,94,95,96] the authors investigated a magnetic shielding strategy and assessed the evaluation of defect depth in ferromagnetic materials via the magnetic flux leakage method with a double Hall sensor.



Near-surface or surface defects like cracks on rail heads are particularly well-detected by MFL sensors. However, internal defects cannot be detected because they are too far from the sensor coils. Therefore, MFL is commonly used as a complementary technique to ultrasonic inspection because it cannot detect internal defects.




2.2.4. Other Physical Inspection Methods


Alternating current field measurement (ACFM) is based on the principle that an alternating current can be induced to flow in a thin skin near the surface of any conductor. The geometry of the component cannot affect the alternating current [97]. Measuring changes in the current on the rail surface enables fast and accurate non-contact detection.



When using ACFM probes, a maximum operating lift-off of 5 mm is possible without suffering a significant loss of signal, in contrast to eddy current sensors, which must be positioned at a close (2 mm) and constant distance from the inspected surface [98]. The signal strength of the eddy current sensor decays with the cube of the lift force. However, the signal strength of the induction sensor decays with the square of the lift force. As a result, the ACFM technique can handle a much higher lift-off [99]. The hand-pushed detection vehicle has been designed based on ACFM technology to detect fatigue damage on the rail surface [100]. It was used to test different sizes of defects on rail surfaces at different speeds, achieving better detection results than conventional methods. A team of researchers at Buckingham University developed a rail vehicle based on the principle of Alternating Current Field Measurement (ACFM). It can detect cracks on rails at speeds of up to 121.5 m/s [101,102]. However, due to vibration in the vertical direction of the equipment during the detection process, the detection accuracy does not meet the specified requirements [96,97]. Meanwhile, the ACFM system has been verified that it can detect cracks smaller than 2 mm in depth [103].



Barkhausen Noise Testing (MBN) is based on the relationship between dynamic magnetization properties and microstructural changes in ferromagnetic materials. During the workpiece’s magnetization by applying an alternating magnetic field, the material is magnetized in the external magnetic field direction [104]. The coil detects the sudden change and stops the noise signal caused by the discontinuous change of magnetic flux in the workpiece. Therefore it can obtain the microstructure and stress information of the material [105]. The principle of MBN inspection is shown in Figure 6.



It can be seen from Figure 6 that the hysteresis loop changes for the defects and the characteristics of the defects can be analyzed by the variation of the magnetic domain. MBN inspection can assess the microscopic changes in properties such as stress, hardness, and aging. It has the following advantages:



	(1)

	
Barkhausen noise is an essential reflection of the microstructure of ferromagnetic materials. Therefore, it can describe the internal stresses of ferromagnetic materials under restricted conditions such as rail deformation [106].




	(2)

	
Barkhausen noise is an electromagnetic nondestructive testing technique that can be used for non-contact detection of stresses [107].




	(3)

	
According to the MBN generation mechanism, MBN testing techniques can detect not only the magnitude of stresses but also the fatigue life of ferromagnetic materials and microstructures.







Meanwhile, MBN rail stresses are related to temperature changes. Therefore, the effects of temperature changes should be considered in the MBN detection method [108]. The integration of magneto-acoustic emission and MBN techniques for detecting stresses in ferromagnetic materials such as rails has already yielded good results.



Acoustic emission inspection is based on the principle that internal local energy is rapidly released when an object is subjected to a force, resulting in a transient elastic wave [109]. The elastic wave signal will be emitted at the moment of cracking. Collecting and analyzing this elastic wave makes it possible to determine whether there is damage on the rail [110]. The principle of acoustic emission inspection is shown in Figure 7.



It can be seen from Figure 7 that the duration, counts, threshold, and amplitude can be calculated from the acoustic wave, and the defects can be quantified by its characteristics. Early applications of acoustic emission were to analyze the stress and strain on rails when trains pass over bridges. It theoretically demonstrated that acoustic emission techniques could detect rail cracks [111]. The wheel-rail simulation has verified that the characteristics of acoustic emission sources in rails can identify different damage stages of the rail. Meanwhile, the acoustic emission inspection method is more accurate in detecting the onset of fatigue crack extension on the rail surface.



Acoustic emission technology is a kind of dynamic detection method for rail cracks. It has the advantages of high sensitivity, and it can monitor dynamic cracks. However, it cannot detect the existing static cracks, and it is easy to be influenced by external noise [112].



The different NDT methods’ respective advantages and limitations are shown overall in Table 1.






3. Rail Health Monitoring System


The development of rail inspection equipment began as early as the 1920s. After nearly a century of exploration and continuous improvement, a series of rail flaw detection vehicles based on different detection technologies were developed and successfully applied, including various hand-pushed rail flaw detection vehicles and large rail flaw detection vehicles [113]. At present, with the rapid development of high-speed railways, a variety of nondestructive testing instruments and equipment are widely used in the monitoring and maintenance of rail health status.



Rapid inspection of rails using nondestructive testing and assessment techniques can effectively detect rail defects. However, the extensive use of high-speed railways has shortened the “window of opportunity” for rail inspection and maintenance. It is difficult to obtain timely information on the service status of rails by carrying out periodic rail inspections at different intervals [49]. Fortunately, the development of wireless communication and self-organizing networks enables the information collected by sensing devices to be transmitted to the terminal in real-time and with good reliably [114]. By installing permanent sensors and constructing sensor networks for real-time monitoring of the structural health of railway rails, it is possible to monitor the rail service state, detect defects, and carry out maintenance in time. Therefore, it can ensure the maximum safety of railway operations. In addition, long-term monitoring of rail condition data information can help to analyze the evolution of the service rail and failure mode. Thus, it can help improve the rail’s maintenance capacity [115].



Rail status monitoring systems mainly include resistance strain gauges, piezoelectric strain sensors, fiber optic strain sensors, vibration sensors, acoustic emission sensors, and acceleration sensors [116]. The development of advanced sensors and information technology in rail inspection has provided a platform for the expansive growth of data. It has created a new paradigm in storing, processing, and applying inspection data [117]. Big data is emerging as a new trend for rail inspection. More and more existing rail inspection instruments have been combined with big data management technology. By fusion of mass storage data, a rail status monitoring system can establish a defect-health condition (material state, equipment performance) model. The model can evaluate current rail health conditions and give a risk warning forecast [118]. The big data cloud could be established, combined with historical data, to get the trend of the defect evolution curve. Meanwhile, it can give the overall rail route and local risk section of the remaining life-accurate assessment. Also, it can provide maintenance, decommissioning, renewal, improvement, and other suggestions for the decision-making department [119]. The structure of the rail health monitoring system is shown in Figure 8.



In [49], the authors gathered the previous works in which the said technique was used as a tool to monitor the health of rails, and put special emphasis on the use of ultrasonic guided waves in a structural health monitoring context. In [115], the authors explored new inquiries of Structural Health Monitoring for rail monitoring including defect detection and interpretation. In [51], the authors designed an experimental monitoring system that was installed on an operational heavy haul rail track. The system used two piezoelectric transducers mounted under the head of the rail to transmit and receive ultrasonic-guided waves in pulse-echo mode, and data was captured over two weeks. The experimental results indicate that a transverse defect in the rail head could be detected and located at long range, by a system comprising only two transducers. The variation of the signals due to changing environmental and operational conditions limits the size of the defect that can be detected but it is expected that even a relatively small defect, which is significantly smaller than the critical size, would be detected. In [120,121], the authors reviewed the condition monitoring of various rail transport systems-especially in the context of rail vehicle subsystem and track subsystem monitoring.



The current method of monitoring and identifying multiple damages on rails is based on detecting response data from rails by different testing technology. To monitor rail health, the NEWTON project at the University of Newcastle, UK, in conjunction with Network Rail, has carried out research on rail health monitoring by big data management technology [122]. In [123], the authors invented a robot-based infrared sensor detection system. However, robot-based detection systems can still not achieve real-time detection since they usually have larger locomotion ranges than detection ranges. In [124], the authors established a wireless sensor network model for railway safety, laying the foundation for wireless network application in rail detection.




4. Development Trends


4.1. Application of Artificial Intelligence


NDT is a cross-discipline involving various excitation sources, instrument parameters, material properties, defect characteristics, signal response mechanisms, display modes, signal analysis, feature extraction, and selection. Artificial intelligence algorithms can improve the objectivity and accuracy of inspection results and, more importantly, provide stronger technical support for automated, intelligent NDT. On the other hand, NDT based on machine learning technology can provide near real-time inspection, reducing production time and increasing productivity [125]. The typical algorithms in NDT are Artificial Neural Networks (ANNs), Deep Neural Networks (DNNs), and Support Vector Machines (SVMs).



ANNs are information processing systems, and there are generally three layers (input layer, implicit layer, and output layer) in the ANNs algorithm. ANNs have significant advantages in processing fuzzy, random, and non-linear data. The ultrasonic detection system, which used reduced clustering algorithms to improve the ANNs algorithm, has been applied to detect the more hazardous damage on the rail [68]. Wavelet algorithms combined with ANNs in MFL inspection have achieved better results for rail surface defects and rail head defects [90]. Meanwhile, rail crack identification algorithms based on adaptive weighted multi-classifier fusion decisions of leak signal features can accelerate the convergence speed of neural networks [126].



DNNs are a form of ANNs with multiple implicit layers. By building a learning model with multiple implicit layers and a large training data set, the DNNs can mine deeper information and establish effective connections between the input and output layers, thus ultimately improving the accuracy of classification or prediction [127]. DNNs are suitable for processing complex nondestructive signals with large-scale data to achieve many types of defect recognition. Furthermore, they can dig out hidden features from massive data or image sets and achieve complex function approximation. The main algorithms are Deep Belief Network (DBN), Convolutional Network (CNN), and Recurrent NeuralNetwork (RNN). De Bruin combined long short-term memory (LSTM) and recurrent neural network (RNN) in rail inspection [128]. It has been shown to outperform single neural networks in detection. The use of deep convolutional neural networks to analyze rail surface defects’ images has been studied and applied. To compensate for the problems that the image processing technology has poor classification and robustness in rail inspection, the ResNet-50 network, a kind of deep learning method, has been used to identify and classify the internal damage of rails [129]. It has high classification accuracy, good robustness, and repeatability. The acoustic emission method based on deep learning algorithms provides a more accurate localization of rail cracks. Application of the improved Sobel algorithm to the detection of rail surface defects has been shown to improve the accuracy of defect prediction [130]. As described above, DNNS algorithms have been verified that it could increase the accuracy of the detection. However, the method currently has the problem of achieving real-time positioning of rail damage during the online inspection.



SVMs are designed for non-linearly divisible data samples in low-dimensional space. They build non-linear mapping to transform the samples into high-dimensional space and search for classification hyperplanes in the high-dimensional space [131]. When the distance between the two types of samples on both sides of a classification hyperplane is the furthest, the corresponding is the optimal hyperplane. SVMs are often used in high-dimensional, small-sample, non-linear NDT classification and regression problems. SVMs can be subdivided into Support Vector Classification (SVC) and Support Vector Regression (SVR), depending on the classification and regression task they are used for [132].



The SVM algorithm allows for more accurate identification of different crack angles when using MFL detection techniques for rail crack defects [133]. Compared to other algorithms, SVM requires less data to identify rail defect types accurately. When using linear hall sensor arrays for rail defect MFL detection, the SVM algorithm can quantify the rail defect size more accurately, proving that SVM has high prediction accuracy in small samples.




4.2. Combined Detection Technology


The integration of multiple inspection methods is another development trend that can overcome the limitations of a single inspection method and obtain better-integrated inspection results [134]. Each type of nondestructive testing has its advantages and limitations. If the benefits of various testing techniques can be combined, it will improve the accuracy of detecting cracks and defects in complex working conditions.



Sperry USA has combined UT with an electromagnetic inspection to develop a rail flaw detection vehicle with an inspection speed of 35 km/h [135]; the vehicle can detect both internal and surface defects. Eurailscout has combined the two inspection technologies ECT and UT to develop a rail flaw detection vehicle that can detect both surface and internal defects at inspection speeds of up to 75 km/h [136]. The vehicle overcomes the limitation of either ECT or UT, and it can adapt to more defect types.



TTCI and Teenogamma SPA have jointly developed the world’s first Laser Air Hybrid Ultrasonic Technique (LAHUT) based inspection equipment, which can achieve a detection rate of over 95% for transverse cracks at the bottom of the rail and vertical cracks at the rail head [137]. The US company Sperry combines ultrasound and MFL technology to achieve rail defect inspection speeds of 35 km/h [138], and the combined testing method can detect both surface and internal defects. The Eurailscout rail inspection vehicle from the German Federal Railways integrates ultrasound and eddy current detection technology to enable rapid detection of surface and internal rail defects at speeds of up to 75 km/h [139], and the eddy current detection makes up for the deficiency of ultrasonic detection technology. The Eurailscout combines traditional visual inspection technology with laser technology, using nine high-speed cameras with switchable viewing angles to develop a laser video inspection vehicle [140], and the vehicle is faster and more accurate. It is used to quickly locate and assess surface defects at speeds of up to 100 km/h. Sperry uses eddy current to detect surface cracks in rails and combines it with ultrasound to detect rail defects at different depths [141]. British researcher R.S. Edwards has combined Pulsed Eddy Current (PEC) and Electromagnetic Acoustic Transducer (EMAT) technologies to develop a flaw detection vehicle that takes advantage of both technologies [142]. In [143], the authors combined the MFL technique, ECT, and MBN technique to develop inspection equipment for rail. It can be used to de-noise the inspection signal, display defect information online in real-time, and provide defect information playback function, which can further reduce the risk of misjudgment.





5. Conclusions


Each conventional NDT technique has its advantage and limitations during rail flaw inspections. The visual inspection method is suitable for the detection of defects such as cracks, deformation, and corrosion on the rail surface. However, it cannot detect internal damage. The ultrasonic inspection method is a typical kind of acoustics inspection method, and it performs well in detecting defects. However, it cannot detect surface damage accurately, and surface defects can shadow critical internal defects and thus give a false picture of the structural integrity of the rail. Electromagnetic inspection methods such as Eddy current inspection, MFL inspection, ACFM inspection, and Eddy Current Pulsed Thermography have a simpler detecting structure and higher detecting speed but can only be used to detect rail top surface defects.



Various rail flaw nondestructive inspection vehicles, including hand-pushed vehicles and large automation vehicles, were developed and successfully applied in monitoring and maintaining rail health status. Rail intelligent health monitoring system mainly includes resistance strain gauges, piezoelectric strain sensors, fiber optic strain sensors, vibration sensors, acoustic emission sensors, and acceleration sensors. Fusing big data technology can evaluate current rail health conditions and give a risk warning forecast. Meanwhile, it can analyze the evolutionary state and failure mode of rails in service to help improve the maintenance capability of rails.



The nondestructive techniques, in conjunction with artificial intelligence algorithms, have tremendous potential and viability for rail flaw inspection. Artificial intelligence algorithms can improve inspection accuracy and provide near real-time inspection, thereby reducing production time and increasing productivity. In addition, combined NDT techniques can improve detection accuracy, obtain better-integrated inspection results, and overcome the limitations compared to a single NDT method. The application of artificial intelligence and the combined NDT techniques are future development trends.
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Figure 1. Visual inspection of rail. 
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Figure 2. Ultrasonic NDT for rail. 
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Figure 3. Eddy current inspection for rail. 
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Figure 4. ECPT inspection for rail. 
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Figure 5. MFL inspection for rail. 
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Figure 6. MBN inspection for rail. 
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Figure 7. AE inspection for rail. 
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Figure 8. Rail Health Monitoring System. 
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Table 1. Characteristics of different NDT methods.
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Method

	
Technology

	
Recommended Defects Type for Inspection

	
Characteristics






	
Acoustics

	
Ultrasonic Phased-array

	
Internal defects in rail head, rail web, and rail foot

	
Highly sensitive to internal planar defects, requires a coupling agent, and is difficult to detect surface cracks. Can monitor the same area from multiple angles.




	
Ultrasound-Guided Wave

	
Internal defects in rail head, rail web, and rail foot

	
Long-range inspection and fast detection, and can accurately locate defects. The efficiency is much greater.




	
Electromagnetic Ultrasound

	
Internal defects in rail head, rail web, and rail foot

	
High detection accuracy and no coupling agent are required.




	
Laser Ultrasound

	
Internal defects in rail head, rail web, and rail foot

	
High-precision detection of small defects and no coupling agent required.




	
Acoustic Emission

	
Dynamic defects

	
High sensitivity and can monitor dynamic cracks regardless of shape, but cannot detect existing static cracks. Highly influenced by external noise.




	
Electromagnetics

	
Eddy Current

	
Surface and near-surface defects

	
Lift-off values highly impact it. Has rich time-frequency characteristics.




	
Magnetic Flux Leakage

	
Surface and near-surface defects

	
Can detect surface and near-surface fatigue cracks on the top surface of rails, and is suitable for rapid scanning inspections.




	
Alternating Current Field Measurement

	
Surface and near-surface defects

	
Has fast detection and is less affected by lift-off values.




	
Eddy Current Pulsed Thermography

	
Surface and near-surface defects

	
Has high detection resolution, rich in transient information, and is suitable for rapid non-contact detection.




	
Barkhausen Noise

	
Surface defects

	
Can detect stress magnitude, fatigue life, and microstructure such as small cracks.




	
Machine vision

	
Machine vision

	
Large surface defects

	
Can detect abrasion, stripping. Difficult to detect surface closed microcracks and internal defects.

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
-
-_—

Excitation signal Base echo

Coupling
Agent Defect echo

‘Amplitude

Times






nav.xhtml


  coatings-12-01790


  
    		
      coatings-12-01790
    


  




  





media/file16.png
I I | I
Temperature |
: | p: | Sensor : Data Analysis I : Trend Prediction
| — Data | | |
| | Vibration | | : |
I 10- I I
| Spatio-temporal Data Fusion »I Real-time Alarm
| Data | |
| | Maintain log | External P
: : );)Ziza Itelligence | : Health Evalution
|| Operaton record | Algorithm : I
I I

e c— — —— — — — — — — — — — —





media/file2.png
5 i Extracted rail
Data Acquisition Card xracted 1a Detected defects
s : surface image

Qs my =

Light Source

\ 4

/ \

¢y

S—






media/file5.jpg





media/file3.jpg
Defectecho |
A “ |

I R

Times





media/file1.jpg
Data \cq..n,.m( axd Enctdril  Dutcteddefets

Ligh Soue l l
A -
> o

) 4






media/file7.jpg
Image Data

Excitation Current

Thermal
Imager






media/file10.png
Yoke

all Sensor

Magnetic lines

Crack





media/file12.png
Amplifier Signal Generator

VWA

Excitation Coil

Yoke

—He
agneto-dependent Sensor

Test Coil

Data Acquisition Unit






media/file9.jpg
Yoke

all Sensor

Magnetic lines
Magnet \gnet »_ %

Rail Crack






media/file0.png





media/file14.png
Amplitude
———— Liiten — ——»






media/file8.png
Image Data

Excitation Current

oo

Excitation
Power






media/file11.jpg
Excitation Coil

Test Coil

Amplifier Signal Gener

—— 2





media/file6.png
Power

e y
7 o T
g 25 N0 /7 Ny
I LA /7 Vs
N '8 V8
|| %:m [ ++®
|\ ldm |\ IR
\ //\\\\\ / /\l/\ \W
//I\\ /\\ /(\
|||||||| T ————
=
o
=
O
>
3
&2






media/file15.jpg
External
Data

v
1

Duamiys | || e recition
! i
L

Daarusion | | Reatime Al
It
|

lignee | | -~

e R
3






