Review of nondestructive evaluation techniques for pipeline stress corrosion cracking
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Abstract: Stress corrosion cracking (SCC) is a major type of threat to pressurized pipelines, particularly when they operate in harsh environments. Early detection of pipeline SCC and accurate evaluation of its severity enable timely reactions, thereby improving pipeline safety and reducing operation and maintenance costs. This paper presents a comprehensive review of nondestructive evaluation techniques, including sound wave-based, vision-based, electrical, and electrochemical techniques, for detecting and monitoring pipeline SCC. Their working principles, procedures, performance, strengths, and limitations are discussed. Recent advancements in machine learning and robotics for automated inspection of pipelines are reviewed. The technical and economic performance of various techniques are compared through a cost-benefit analysis. A tree-based decision approach is presented to assist pipeline decision makers to select appropriate techniques for specific projects. This paper provides practical insights and guidance for effective evaluation and monitoring of pipeline SCC, aiming to facilitate further research and applications of nondestructive evaluation and monitoring techniques for effective asset management.
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[bookmark: _Toc213753824]1. Introduction
Stress corrosion cracking (SCC) is a critical failure mechanism that poses a significant threat to the safety and structural integrity of pipelines, especially in harsh environments [1]. Pipeline SCC has occurred at different regions worldwide, reflecting the widespread threats to oil and gas pipelines [2]. It results from the combined effects of tensile stresses and corrosive agents, often occurring rapidly without early warning and causing catastrophic failures [3]. Given the potential consequences ranging from public safety to economic loss and environmental damage, the early detection of SCC and timely evaluation of severity are essential for timely reactions, which not only improve safety but also reduce operation and maintenance costs.
Nondestructive evaluation (NDE) techniques have been developed and applied to detect SCC. Representative techniques include, but are not limited to, acoustic emission (AE) [4], digital image correlation (DIC) [5], and electrochemical techniques [6], which have different working principles, technical strengths, and economic benefits, such as sensitivity, accuracy, and costs. Additionally, advanced signal processing and data analysis techniques have been developed.
Recently, artificial intelligence (AI) approaches have been developed to advance the abilities of NDE techniques for pipeline SCC. For example, machine learning models have been developed to automate signal processing and data analysis [7,8], and robots carrying NDE devices have been developed to automate data collection [9]. The application of machine learning models improved efficiency and accuracy, enabling the identification of initiation, localization, and quantification of SCC [7]. The utilization of robots facilitates data collection, particularly in harsh environments or hard-to-reach areas [9].
To enhance the understanding of SCC, several review papers were published. Shirazi et al. [10] discussed stress factors and their interactions that impact the development of SCC. Calabrese et al. [11] reviewed AE techniques and applications for monitoring SCC. Sarwar et al. [7] focused on predicting SCC through machine learning and finite element analysis. Table 1 provides a comparison between this study and existing review papers, highlighting differences in scope and research focus. Compared with existing reviews that primarily focused on SCC mechanisms, this paper presents a comparative, application-oriented review of NDE techniques, highlighting their capabilities, limitations, and suitability for different monitoring scenarios, with the aim of supporting engineering decision-making.
Table 1. Comparison between this study and representative review articles 
	Ref.
	Mechanism
	Recent progress
	Machine learning
	Robot
	Techniques selection guidance
	Technique evaluation

	[3]
	Partial
	Explicit
	Explicit
	N.A.
	N.A.
	N.A.

	[7]
	Explicit
	N.A.
	Partial
	N.A.
	N.A.
	N.A.

	[8]
	N.A.
	N.A.
	Explicit
	N.A.
	N.A.
	N.A.

	[10]
	Explicit
	N.A.
	N.A.
	N.A.
	N.A.
	N.A.

	[11]
	N.A.
	Partial
	N.A.
	N.A.
	N.A.
	N.A.

	[12]
	Explicit
	N.A.
	Explicit
	N.A.
	N.A.
	N.A.

	This paper
	Partial
	Explicit
	Explicit
	Explicit
	Explicit
	Explicit

	Note: N.A. stands for non-applicable.

	
	
	
	
	
	
	


This research addresses three questions: (1) What are the types of NDE techniques that can detect the initiation and monitor the development of pipeline SCC? (2) What are the principles and performance of NDE techniques for monitoring pipeline SCC? (3) How can practitioners select appropriate techniques to satisfy the requirements and constraints of specific projects?
To address these questions, this paper has three primary objectives: (1) identifying available NDE techniques for pipeline SCC and elucidating their principles and procedures; (2) reviewing the advancements in NDE techniques for monitoring pipeline SCC; (3) comparing the technical and economic performance of NDE techniques; and (4) developing a decision tree-based approach for selecting appropriate techniques, aiming to facilitate practical applications.
The remainder of this paper is organized as follows. Section 2 introduces the methodology of this review. Section 3 outlines the mechanisms of pipeline SCC and major challenges associated with the detection and monitoring of SCC. Section 4 introduces the principles, procedures, and advancements of NDE techniques, including cutting-edge research on the application of AI and robotics for pipeline inspection. Section 5 presents a comparative analysis of the performance, applications, costs, and influencing factors of the NDE techniques. Section 6 summarizes the key findings and provides an outlook for future research.
[bookmark: _Toc213753825]2. Methodology
To ensure a comprehensive and structured review, a systematic methodology was employed to select pertinent studies. The methodology was structured according to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, ensuring systematic and replicable literature selection and analysis (Fig. 1). For the literature search strategy, peer-reviewed research on pipeline SCC inspection and monitoring was systematically retrieved from major academic databases, including Web of Science, IEEE Xplore, Scopus, and ScienceDirect. The search was conducted using relevant keywords and Boolean operators to ensure a comprehensive targeted search. Considering the scope of this review and the availability of references, keywords “pipe”, “stress corrosion cracking”, “monitoring”, “inspection”, and “detection” were selected to screen relevant references.
[bookmark: OLE_LINK6]A stringent screening process was adopted to ensure the selection of relevant, high-quality studies. First, studies were selected if they were published in peer-reviewed journals or reputable conference proceedings. Second, the study had to explicitly focus on the application of monitoring technologies in SCC inspection or monitoring. Third, only studies that specifically focused on SCC in pipes or relevant steel specimens were included. Studies focusing on unrelated topics, such as dent or buckling detection, were excluded. Additionally, review papers lacking substantial new insights, studies without detailed methodological descriptions, and papers with restricted full-text access were excluded from consideration. An initial search across the academic databases retrieved 2,185 publications. Following a rigorous screening and evaluation process, 224 peer-reviewed articles and 14 website resources were selected for in-depth analysis and discussion.
[image: ]
[bookmark: _Hlk199532071]Fig. 1. PRISMA flow diagram for the selection of relevant publications.
[bookmark: _Toc213753826]3. Stage evolution and mechanisms of pipeline SCC
Pipeline SCC results from the combined effects of environmental conditions, metallurgical factors, and pressure fluctuations. Pipeline SCC often initiates at regions involving coating damage, where corrosive agents cumulate, creating an electrochemically active environment. Metallurgical defects increase susceptibility to corrosion and cause stress concentration, thereby promoting crack initiation. Pressure fluctuations during pipeline operation drive crack propagation and accelerate the development of SCC. The development of pipeline SCC exhibits time-dependent behaviors, and the different stages involve varying crack growth rates and dominant factors.
According to the electrochemical corrosion environment, pipeline SCC are categorized into near-neutral-pH and high-pH SCC, and their characteristics of crack growth rate can be described using bathtub models (Fig. 2). 
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Fig. 2. Bathtub models of: (a) near-neutral-pH SCC [13], and (b) high-pH SCC [14].
Near-neutral-pH (5.5-7.5) SCC involves four stages: incubation, crack initiation, crack propagation, and rapid crack growth. The initial stage is primarily governed by anodic dissolution. The dissolution rate along the crack wall is higher than the crack tip [15]. In addition, the reduction in residual tensile stress toward the inner surface of the pipeline contributes to a blunted morphology at the crack tip, promoting crack dormancy [16,17]. Prior studies indicated that approximately 95% of cracks become dormant at a depth of 0.5 to 1.0 mm, and about 5% continue to propagate, potentially resulting in pipeline failure [18,19]. The propagation stage is driven by the combination effect of mechanical loading and hydrogen embrittlement (HE) within the fracture process zone ahead of the crack tip. The material’s toughness was reduced due to HE, making the cracks more prone to propagation [20,21]. The contribution of anodic dissolution is minimal at this stage, accounting for an order of magnitude less in the overall crack growth rate [17,22,23].
High-pH SCC typically occurs in environments with high pH value (>9.3) and is associated with buried pipelines exposed to concentrated carbonate-bicarbonate solutions or under cathodic protection [24,25]. High-pH SCC involves five stages: incubation stage, crack initiation stage, microcrack nucleation and coalescence stage, sustainable crack growth stage, and rapid crack growth to rupture stage [14]. The crack initiation stage is governed by selective anodic dissolution at grain boundaries and film rupture induced by localized stress. In this stage, cracks are typically sharp and appear as closely spaced microcracks. The microcrack nucleation and coalescence stage depend on the initiation and spatial distribution of new cracks, making corrosion pitting a preferred site for crack initiation and coalescence [12]. This stage is sensitive to mechanical loads [26], which promote secondary cracks and coalescence toward the sustainable crack growth stage when crack propagation rate is controlled by the stress intensity factor. When the stress intensity factor exceeds the threshold, continuous crack propagation will occur [27].
The above stages and mechanisms cause complex behaviors and challenges in monitoring pipeline SCC: (1) Pipelines are often buried, imposing physical constraints on the implementation of sensors. (2) Pipeline SCC often occurs beneath disbonded coatings where electrolyte solutions accumulate. The presence of coatings interferes with some sensors. (3) The development of SCC is affected by various factors and involves complex mechanisms. Although there are empirical standards for assessing high-risk regions, the exact initiation locations remain uncertain. (4) SCC is a long-term progressive process, and the crack propagation rate varies across different stages. There is a lack of unified standards for identifying and classifying the stages. In addition, providing effective early warning before rapid crack growth occurs remains a significant challenge. (5) Crack clustering often occurs during the progression of SCC. Distinguishing cracks remains challenging.
[bookmark: _Toc213753827]4. Nondestructive evaluation techniques
This section focuses on the working principles, procedures, applications, and functions of existing NDE techniques related to SCC detection. These techniques are categorized into sound wave-based (Section 4.1), vision-based (Section 4.2), electrical (Section 4.3), electrochemical (Section 4.4), and automation techniques (Section 4.5).
[bookmark: _Toc213753828]4.1 Sound wave-based techniques
Representative sound wave-based techniques (Fig. 3) include AE and ultrasonic testing (UT), which have been used to detect and evaluate the severity of SCC. As a passive technique, AE detects high-frequency stress waves (20 kHz - 1 MHz) emitted during the SCC process, such as hydrogen gas evolution [28], metal dissolution [29], plastic deformation at the crack tip [30], and cracking of corrosion products [31]. As an active technique, UT emits and receives ultrasonic waves (typically 0.5-25 MHz). When the ultrasonic wave propagates, it is partially reflected upon encountering discontinuities such as cracks or interfaces with differing acoustic impedances. The received signals are then analyzed to evaluate the presence and characteristics of defects.
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Fig. 3. Experiment setup for pipeline SCC (a) acoustic emission; and (b) ultrasonic testing.
[bookmark: _Toc213753829]4.1.1 Acoustic emission
The working principle of AE is passive detection of transient elastic waves generated by material. When the material is subjected to stress, processes like crack initiation and growth cause a rapid redistribution of stress, which releases stored strain energy. This energy propagates through the material as high-frequency stress waves. By capturing these spontaneously generated signals with sensors, the method allows for real-time monitoring of active structural damage.
The procedure of AE involves four steps: (1) Clean pipe surface. Debris or coatings are removed. (2) Sensor deployment. After applying the couplant at the designated locations, AE sensors are deployed on the pipe surface by using adhesives or magnetic holder. (3) Data collection. The sensors continuously record acoustic signals. (4) Data analysis. Acoustic signals are post-processed and analyzed.
In the post-processing stage, acoustic signals (Fig. 4) received by the transducers are analyzed to detect and locate cracks. Amplitude is the maximum voltage (unit: dB), which reflects the energy released by the crack event. Risetime is defined as the time interval from the start of the signal to its peak. Risetime is closely related to the crack type and propagation speed. Duration is the time from the start to the end of the signal, reflecting the energy release process and the complexity of the crack event. Energy represents the squared integral of the signal amplitude, reflecting the total energy released by the source event. Counts are used to measure the number of times the signal exceeds a threshold, reflecting the oscillation intensity and frequency characteristics of the signal.
[image: A diagram of a sound wave
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Fig. 4. Schematic of an acoustic emission event and related parameters.
These parameters were utilized to identify and characterize cracks. The signal duration, when combined with frequency and risetime, can be used to distinguish SCC from other types of cracks [32]. The amplitude and energy reflect the severity of the crack [33], while the time of peak and risetime can assist in the estimation of the crack initiation time and location [34]. AE hit energy is the energy associated with individual AE events at the hit level [11]. Based on these parameters, various AE indices, such as monitoring indicator [4], cumulative hits rate [35], and AE energy [36], were proposed to assess the initiation and development of SCC.
In laboratory testing, AE has detected pipeline SCC, as elaborated in references [4,37,38]. Piezo ceramic sensors were deployed on pipelines to measure AE signals, and the AE signals were analyzed to detect SCC. The pipeline diameters ranged from 19 mm [37] to 203.2 mm [4], and pipeline material included 304 stainless steel [4,37] and API 5L grade X65, X80, and X100 [38]. The SCC detected in those studies ranged from 100 μm [38] to 25 mm [37]. Moreover, AE was utilized to monitor SCC of other specimens such as steel plates [39–44].
[bookmark: _Hlk218451959]In addition to crack detection, AE signals have been utilized to classify the SCC process into four stages [11,45]: (1) Stage 1 involves homogenization and chemical stabilization in corrosive environments, with low AE hit energy. (2) Stage 2 features the initiation and propagation of SCC, with cumulative AE energy. (3) Stage 3 involves passive film rupture, plastic deformation, and dissolution, with high AE energy. (4) Stage 4 features catastrophic cracks and high-amplitude AE signals with a short risetime. In these stages, AE signals are generated in crack initiation, sub-critical crack extension, and stable crack propagation [46,47].
Further research has shown that AE signals can be used to differentiate intergranular SCC (IG-SCC) and transgranular SCC (TG-SCC). Attributed to the interaction of electrochemical and mechanical actions, IG-SCC emit relatively strong AE signals [48,49]. In contrast, TG-SCC involves stable propagation within the grain interiors, lacking abrupt energy release; thus the AE signal may be weak or undetectable [37,50]. To distinguish IG-SCC and TG-SCC, the ratio of the number of burst and continuous signal were introduced. One for pure TG-SCC and zero for pure IG-SCC. For a mixture of TG-SCC and IG-SCC, the ratio is between zero and one [42].
In summary, the findings in existing studies demonstrate that AE provides an effective method for the real-time monitoring of SCC initiation and propagation based on the different phenomenon which emits transient elastic waves. Furthermore, characteristic analysis of the passively acquired signals can be used to differentiate among the distinct stages of SCC progression.
[bookmark: _Toc213753830]4.1.2 Ultrasonic testing
The working principle of UT is the active transmission and reception of ultrasonic waves. An ultrasonic wave, introduced by a transducer, propagates through the material until it reflects off a boundary or discontinuity, such as cracks and voids. The captured echoes are then analyzed based on the time of flight and amplitude to determine the presence, location, and size of the defect.
The procedure of UT involves five steps: (1) Clean pipe surface. The surface is cleaned to ensure effective coupling between the transducers and the structure. (2) Transducer deployment. One transducer is placed for signal transmission and another for reception [51]. Alternatively, a single transducer may serve both functions [3], or one transmitter may be paired with multiple receivers [52]. (3) Ultrasonic wave generation. A pulse signal is generated and transmitted into the pipe, exciting ultrasonic waves in the pipe. (4) Data acquisition. The ultrasonic signals are received by receiver and recorded using an oscilloscope. (5) Data analysis. The location, size, and nature of defects can be determined by analyzing the time and the amplitude of the signals.
In laboratory testing, UT has been utilized to detect and monitor the development of pipeline SCC [53–55]. Various transducers, such as laser acoustic transducer (LAT) [54], electromagnetic acoustic transducer (EMAT) [54], electromagnetic-acoustic transducer [55], and others [56], operated at different frequencies, such as 400-1100 kHz [53] and 400-1200 kHz [56]. Ultrasonic signals were analyzed to monitor cracks as deep as 5 mm [55] at high spatial resolution (mm-scale or sub-mm-scale). The lengths of the inspected pipes ranged from 50 mm [54] to 700 mm [53,56], and the diameters ranged from 35 mm [55] to 966 mm [53].
The UT approaches can be further categorized into gas-coupled UT, liquid-coupled UT, laser UT, and EMAT approaches. Gas-coupled UT employs high-pressure gas as the acoustic coupling medium to excite and sense guided ultrasonic waves in pipeline walls [53]. Broadband ultrasonic waves are transmitted through pressurized gas and transmitted into the pipe wall, where guided wave modes propagate along the pipeline [56]. Defects, especially SCC, cause scattering, mode conversion, and attenuation of the guided waves, resulting in reduced acoustic energy that leaked back into the gas and detected by receivers [57,58]. Liquid-coupled UT employs a liquid medium to achieve acoustic coupling, allowing ultrasonic shear waves to interrogate pipeline walls with high sensitivity to SCC. In in-line inspection applications, it has been shown to reliably detect and size axially oriented SCC longer than 30 mm and deeper than 1 mm [59]. Laser doppler vibrometers captured time-space wavefield data for monitoring SCC [60]. Using a dense distribution of EMAT sensors on the pipe achieved high-resolution imaging of the pipe wall for monitoring the growth of cracks. Laser UT and EMAT were combined to enhance crack detection accuracy and resolution for crack size and shape [54]. These UT approaches not only detected cracks in pipelines but also improved the ability to determine crack shape, size, and distribution.
Conventional linear UT is effective in detecting major cracks but has limited sensitivity to microcracks. To enhance the ability to monitor microcracks, nonlinear UT has been developed and applied to monitor SCC [61,62]. In those studies, Rayleigh waves with a center frequency of 2.25 MHz were generated and received using PZT transducers, and nonlinearity parameter  was used to assess the initiation of microcracks.
In summary, existing research demonstrates that UT can be effectively utilized to detect, localize, and quantify the size of SCC. The integration of advanced techniques, such as laser ultrasonics, EMAT, and gas-coupled sensors, has further enabled non-contact SCC detection. Concurrently, linear and nonlinear UT provide complementary capabilities, allowing for the inspection of cracks at macroscopic and microscopic scales, respectively.
[bookmark: _Toc213753831]4.1.3 Summary
Representative studies on AE or UT for pipeline SCC are listed in Table 2. AE is sensitive to microcracks and thus it allows early-stage detection and continuous monitoring. However, it struggles to achieve high accuracy due to the low signal-to-noise ratios, and it is also difficult to precisely locate flaws unless multiple sensors are used. UT provides superior spatial resolution, allowing for accurately locating, quantifying, and visualizing cracks. In summary, AE is capable of real-time monitoring, UT is capable of precise, on-demand inspection.
Table 2. Summary of sound wave-based methods
	Ref.
	Material
	Specimen type
	Dimension
	Method
	Sensors
	Crack size
	Function

	[37]
	Stainless steel
	Pipe
	PD: 19 mm
	AE
	PZT
	L: 25 mm
	Detect SCC

	[45]
	Stainless steel
	Pipe
	OD: 86 mm
W: 7.6 mm
L: 150 mm
	AE
	PZT
	-
	Detect SCC

	[4]
	Stainless steel
	Pipe
	OD: 203.2 mm
T: 12.7 mm
L: 205 mm
	AE
	PZT
	-
	Monitor SCC

	[63]
	Cold drawn steel
	Strand
	-
	AE
	PZT
	-
	Detect SCC

	[44]
	Stainless steel
	Plate
	173162 mm
	AE
	PZT
	-
	Monitor SCC

	[30]
	Stainless steel
	Plate
	37.53610 mm
	AE
	PZT
	-
	Detect SCC

	[64]
	Stainless steel
	Plate
	280122 mm
	AE
	-
	-
	Detect SCC

	[41]
	Stainless steel
	Plate
	242010 mm
	AE
	-
	-
	Detect SCC

	[39]
	Steel
	Plate
	150655 mm
	AE
	PZT
	-
	Detect SCC

	[29]
	Steel
	Strand
	PD: 5.2, 5.4 mm
	AE
	PZT
	-
	Monitor SCC

	[42]
	Stainless steel
	Plate
	31.33012.5 mm
	AE
	PZT
	-
	Detect SCC

	[65]
	-
	Pipe
	OD: 762 mm,
T: 8 mm,
L: 1000 mm
	UT
	EMAT
	L: 25.4 mm, 76.2 mm
	Detect SCC

	[66]
	Steel
	Pipe
	OD: 1016, 1422.4 mm
T: 16.5, 18.7 mm
	UT
	PZT
	D: 8 mm
	Detect, quantify SCC

	[54]
	Stainless steel
	Pipe
	OD: 160.2 mm
T: 3.9 mm
L: 270, 50 mm
	UT
	EMAT
	-
	Detect, locate, quantify SCC

	[55]
	Stainless steel
	Pipe
	T: 35 mm
	UT
	EMAT
	D: 0.5-5.0 mm
	Detect, locate SCC

	[56]
	-
	Pipe
	OD: 910 mm
T: 12.7 mm
L: 700mm
	UT
	-
	D: 4.3 mm
	Detect, locate SCC

	[67]
	Stainless steel
	Pipe
	L: 127 mm
	UT
	PZT
	-
	Detect SCC

	[68]
	Stainless steel
	Pipe
	OD: 559 mm
T: 33 mm
L: 290 mm
	UT
	PZT
	D: 13 mm
	Detect, locate SCC

	[53]
	-
	Pipe
	OD: 914.4, 966 mm
T: 12.7, 13.0 mm
L: N/A
	UT
	-
	L: 60 mm
W: 40 mm
D: 3.7 mm
	Detect SCC

	[62]
	Carbon steel
	Dog-bone
	L: 254 mm
W: 18.5 mm
T: 5.1, 3.8 mm
	UT
	PZT
	-
	Detect, quantify SCC 

	[69]
	Stainless steel
	Washer
	50251.4 mm
	UT
	PZT
	L: 830 μm
	Detect, locate, quantify SCC

	[bookmark: _Hlk200226615]Note: T stands for thickness, OD for outer diameter, PD for diameter, L for length, W for width, and D for depth.


[bookmark: _Toc213753832][bookmark: _Hlk192332430]4.2 Vision-based techniques
Vision-based methods focus on visual features of SCC imaged using optical cameras, infrared cameras, or microscopes (Fig. 5). Advanced techniques, such as DIC [70–72] and infrared thermography (IRT) [73,74], were developed to detect major crack and microcracks at surface.
[image: ]
Fig. 5. Vision-based techniques.
[bookmark: _Toc213753833]4.2.1 Digital image correlation
The principle of DIC is tracking the geometric displacement of surface features across a series of digital images. With a random, high-contrast speckle pattern on the surface of a pipe, the camera captures a reference image before deformation and a sequence of subsequent images. By dividing the reference image into pixel windows and using a correlation algorithm to track the new position of each window in the deformed images, DIC generates a full-field displacement map, which is mathematically differentiated to provide a detailed strain map of the entire surface.
The procedure of using DIC involves four steps: (1) Surface preparation. A stochastic speckle pattern is applied to the pipe surface. (2) Image acquisition. Cameras with high resolution or high frame rates are positioned to capture sequential images of the speckled surface during loading. (3) Data processing. The captured images are analyzed using digital correlation algorithms to track the movement of the speckles and compute displacement fields. (4) Strain evaluation. The resulting displacement data is used to generate high-resolution strain maps, which facilitate the assessment of crack initiation and propagation [75–77].
In the laboratory, DIC has been applied to monitor SCC from specimens extracted from pipes. For instance, SCC was identified from a specimen extracted from a steel pipe (API-5L Gr.X52) which measured 406.4 mm in outer diameter and 9.2 mm in wall thickness [78]. In addition to pipeline steel, DIC was applied to identify cracks from various materials, such as stainless steel [79], aluminum alloys [80], and nickel-based alloys [81]. With high sensitivity and resolution, DIC identified surface microcracks as short as 250 µm and as narrow as 5 µm [70,82]. More relevant studies on evaluating SCC using DIC are available in references [64,71,83].
In addition to crack detection, DIC was used to investigate the mechanisms of crack initiation and propagation during SCC. With microscopy images, DIC identified early signs of cracking and evaluated the effect of grain boundary angles and dislocation channels on crack initiation [72][110]. The findings suggest that large-angle grain boundaries [84] and the grain boundaries with higher maximum normal strain  are preferred crack initiation sites. While discontinuous dislocation channels may increase local stresses, promoting crack formation [85].
In summary, DIC has been used for the detection of SCC and for studying its underlying mechanisms. This method operates by tracking the displacement of surface feature points using correlation algorithms. When paired with advanced, high-resolution cameras, DIC can detect micro-cracks at the micrometer level. The primary limitations of DIC are the requirement of the speckle pattern and the performance is heavily dependent on the camera's specifications. 
[bookmark: _Toc213753834]4.2.2 Infrared thermography
The principle of IRT is capturing the thermal energy emitted from the surface. When a material is subjected to stress or corrosion, localized temperature variations occur due to physical and chemical processes such as friction between crack faces. An infrared camera detects thermal radiation and converts it into a visual map of the surface temperature, known as a thermogram. By analyzing thermal patterns, such as localized hot or cold spots, the method allows for the detection and real-time monitoring of damage initiation and progression. Prior research showed that IRT could monitor the initiation of SCC [86,87].
The procedure of IRT involves four steps: (1) Clean pipe surface. Debris or coatings are removed. (2) Thermal excitation. Passive or active thermography can be employed. Passive IRT records the natural thermal emission of the object, while active IRT applies an external thermal stimulus, such as halogen lamp, to generate thermal gradients. (3) Image acquisition. A thermal camera captures a sequence of infrared images over time during or after thermal excitation. (4) Data analysis. The temperature distribution is analyzed to identify surface or subsurface defects.
[bookmark: _Hlk194051736]In the laboratory, IRT has been applied to pipes and steel plates extracted from pipes. With infrared cameras (e.g., FLIR T640 and Silver 480 M), the presence of SCC can be detected by identifying heat intensity difference, which appeared as temperature difference compared to defect-free areas [88]. Cracks measuring 10 μm in width and over 25 mm in length were detected [86]. Furthermore, IRT combined with ultrasonic excitation (Sonic-IR) has demonstrated strong capability for detecting closed SCC by capturing localized frictional heating at crack interfaces. Experimental studies have shown that this approach can successfully detect SCC with depths on the order of a few millimeters. For example, a crack with a depth of approximately 3.7 mm was detected under laboratory conditions [87]. This sensitivity makes Sonic-IR particularly effective for tight or closed cracks that are challenging for conventional UT. IRT can be utilized to detect the presence of SCC by monitoring the thermal variance of a material's surface. The resulting thermograms allow for a preliminary estimate of the SCC's location and size. 
[bookmark: _Toc213753835]4.2.3 Summary
Representative studies on SCC monitoring using vision-based methods are listed in Table 3. Vision-based techniques, such as DIC and IRT, can detect, locate, and quantify SCC via measuring displacement, temperature distributions, or microstructures from specimens with varying materials, shapes, and dimensions. Unlike DIC, which necessitates the application of the speckle pattern onto the specimen's surface, IRT does not require a tracking pattern. In terms of localizing and quantifying the geometric dimensions of cracks, DIC typically offers higher accuracy than IRT. A weakness of DIC is that the monitoring is confined to the surface. In contrast, active IRT can detect subsurface defects, which alter the material's thermal conductivity and create identifiable thermal anomalies on the surface, thereby enabling the possibility of early damage detection. 
With high-speed cameras (e.g., 10,000 frames per second), the rapid development of SCC was observed from steel plates [89] and aluminum bars [90]. The initiation and growth of SCC were visualized [91,92]. This is particularly useful in studying dynamic failure like crack coalescence [93] and pit-to-crack transition [94]. Additionally, microscale images from various microscopes, such as optical microscopy [95], scanning electron microscope (SEM) [96], and transmission electron microscopy (TEM) [97,98], have also been used to examine SCC in small samples. 
Table 3. Summary of research using vision-based methods
	Ref.
	Material
	Specimen type
	Dimension
	Method
	Imaging devices
	Crack size
	Function

	[70]
	Alloy
	Plate
	117×8×2 mm
	DIC
	Optical camera
	W: 0.45 μm, L: 55 μm
	Detect, locate, quantify SCC

	[71]
	Stainless steel
	Plate
	36×10×1 mm 
	DIC
	-
	-
	Detect SCC

	[82]
	Stainless steel
	Plate
	42.8×13×0.914 mm 
	DIC
	Optical camera
	W: 5 μm, L: 250 µm
	Detect, locate, quantify SCC

	[99]
	Aluminum alloy
	Plate
	10×51.46×N/A mm
	DIC
	Microscope
	-
	Detect, locate, quantify SCC

	[85]
	Alloy
	Plate
	21×2×1.5 mm 
	DIC
	-
	-
	Detect, locate, quantify SCC

	[100]
	Aluminum alloy
	Plate
	N/A×N/A× 8 mm
	DIC
	-
	-
	Detect, locate, quantify SCC

	[86]
	Carbon steel
Stainless steel
	Pipe
	OD: 89 mm
T: 7.6 mm
L: 150 mm
	IRT
	Infrared camera,
	-
	Detect, locate, quantify SCC

	[87]
	Stainless steel
	Plate
	-
	IRT
	Infrared camera
	D: 2.0-4.5mm
	Detect, locate, quantify SCC

	Note: T stands for thickness, OD for outer diameter, PD for diameter, L for length, W for width, and D for depth. Plate dimensions are presented in the format of length × width × thickness. N/A indicates that the corresponding information was not reported in the original reference.


[bookmark: _Toc213753836]4.3 Electrical techniques
Electrical techniques measure electrical resistance, conductivity, capacitance, and potential, which reflect the initiation and development of cracks and corrosion. Eddy Current Testing (ECT) and Direct Current Potential Drop (DCPD) are two representative methods for detecting pipeline SCC with high sensitivity, high stability, and environmental adaptability. The setups for ECT and DCPD are shown in Fig. 6.
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Fig. 6. Test setup for detecting pipeline SCC using: (a) ECT, and (b) DCPD.
[bookmark: _Toc213753837]4.3.1 Eddy current testing
[bookmark: _Hlk200401349]The principle of ECT involves inducing eddy currents via alternating electromagnetic fields [101]. The presence of defects alters the distribution, amplitude, and phase of eddy currents, resulting in detectable variations [102]. The procedure of ECT involves five steps: (1) Clean pipe surface. Debris or coatings are removed. (2) Sensor deployment. An eddy current probe is placed at a fixed distance from the pipe. (3) Excitation. The instrument drives an alternating current through the probe coil, generating a time-varying primary magnetic field. According to Faraday’s law of electromagnetic induction, the associated change in magnetic flux induces an electromotive force in the conductive pipe wall, leading to the formation of closed-loop eddy currents. (4) Data collection. The instrument continuously records the changes in the probe coil’s impedance. (5) Data analysis. Signals are processed and analyzed to identify defects.
In laboratory testing, ECT was applied to detect SCC from pipe specimens [103] or specimens extracted from pipelines [104,105]. The detected cracks were as short as 40 mm, as narrow as 0.2 mm, and as deep as 10 mm. Additionally, ECT detected SCC in the incubation stage [106]. More research on using ECT to evaluate pipeline SCC is available in references [107–114]. 
In addition to crack detection, ECT was used to quantify the crack size and depth. Experiments showed that SCC caused heterogenous conductivity distributions within the material [115]. Due to complex conductivity distribution, reconstructing SCC using single-frequency signals presents an ill-posed inverse problem, leading to errors in crack size [116] and crack depth assessment [117,118]. It is promising to reconstruct SCC using multi-frequency signals. High-frequency signals reflect surface conductivity and crack length, while low-frequency signals offer information about crack depth [118,119]. Crack length influences the phase, and crack depth and conductivity affect the amplitude [117]. Furthermore, applying regularization methods to process multi-frequency ECT signals effectively improves SCC shape reconstruction accuracy and reduces the impact of multiple solutions [120]. Moreover, numerical methods have been used to study the relationship between conductivity and SCC [121–123]. A finite element-boundary element model was used to simulate eddy current signals for calibrating and testing the equipment [122].
In summary, ECT is effective for detecting SCC in conductive pipes. This technique provides early warning for SCC and allows for the estimation of crack size and depth. Its primary limitations are the inapplicability to non-conductive materials and the high sensitivity of its detection signal to the probe-to-surface distance, which makes it unsuitable for long-distance inspection.
[bookmark: _Toc213753838]4.3.2 Direct current potential drop
The principle of DCPD method is assessing cracks based on the change of electrical resistance in metallic materials. The presence or the propagation of a crack results in a reduction in the cross-sectional area and an increase in the electrical resistance [124]. The procedure of DCPD involves five steps: (1) Clean pipe surface. Debris or coatings are removed. (2) Electrode placement. A pair of current electrodes is attached to the pipe. A separate pair of voltage probes is positioned across the monitored region. (3) Current application. A constant direct current is applied through the current electrodes to establish a stable electrical field. (4) Voltage monitoring. Voltage drops across the probes are continuously recorded. (5) Data analysis. As a crack propagates, electrical resistance increases, resulting in a detectable voltage change.
[bookmark: _Hlk200138138]In laboratory testing, DCPD has been applied to monitor pipeline SCC. Pipe diameters ranged from 112 mm [125] to 914 mm [126], with wall thicknesses between 5.8 mm [127] and 45.5 mm [128]. Crack depth detection ranged from 1.5 mm [126] to over 40% of the pipe wall thickness [129], and crack lengths ranged from 11 mm [128] to 100 mm [126]. When the crack depth was deeper than 4 mm [130], DCPD can monitor cracks, including cracks located in base metal and seam welds [127]. Not only the front wall, the DCPD technique could also monitor back wall SCC propagation, starting from a fatigue pre-crack at a depth of approximately 4 mm and extending until the crack propagates beyond 80% of the specimen thickness [130]. 
In addition to practical applications, DCPD has been employed to investigate the mechanisms of SCC crack propagation. Several studies quantified crack growth rates under high mechanical stress conditions, such as loads approaching 95% of the pipeline's yield strength [126]. The crack growth rate decreased with increasing relative humidity and crack depth [131]. Prior research also showed that the electrical conductivity distribution in SCC regions increased linearly along both crack depth and length directions [132], with conductivity becoming larger near the crack tip and reaching its minimum at the crack opening position [115]. 
In summary, DCPD detects SCC by measuring changes in electrical resistance. Existing research shows that DCPD can estimate crack depth and quantify crack growth rate. However, the DCPD method demands precise control over experimental conditions, such as temperature, probe contact, and requires a high degree of environmental and operational stability. Consequently, it is challenging to widespread practical applied for the on-site detection of pipelines SCC.
[bookmark: _Toc213753839]4.3.3 Summary
Representative studies on monitoring SCC using electrical methods are summarized in Table 4. Existing research indicates that ECT can detect SCC and estimate the size and depth of shallow, surface-breaking cracks based on the analysis of eddy currents. In contrast, the DCPD method can detect SCC, quantify crack depths, and monitor crack growth rate. However, ECT and DCPD are inapplicable to non-conductive (e.g., polyethylene) pipelines. Moreover, due to the complexity of wiring and the requirement for stable electrodes, ECT and DCPD face barriers for deployment in the field, and the applications are limited to experimental validation and laboratory-scale testing.
Table 4. Summary of research using electrical methods 
	Ref.
	Material
	Specimen type
	Dimension
	Method
	Crack size
	Function

	[133]
	Stainless steel
	Plate
	200×100×10 mm
	ECT
	-
	Detect SCC

	[134]
	Alloy, stainless steel
	Welded specimen
	300×100 mm
	ECT
	D: 9 mm
L: 10 mm
W: 0.3 mm
	Detect, and quantify SCC 

	[105]
	Low carbon steel
	Plate
	600×150×3 mm 
	ECT
	L: 5-20 mm
	Detect, and quantify SCC

	[106]
	Low carbon steel
	Plate
	-
	ECT
	-
	Detect SCC

	[109]
	Stainless steel
	Plate
	600×270×25 mm 
	ECT
	W: 0.01-1.2 mm
	Detect, quantify SCC crack width

	[103]
	-
	Pipe
	OD: 215.9 mm
T: 4.7625 mm
L: N/A
	ECT
	D: 0.952-3.81 mm
	Detect, quantify SCC crack depth

	[130]
	Stainless steel
	Dog-bone
	L: 118 mm
W: 8, 40 mm
T: 2.8 mm
	DCPD
	D: 106 µm
	Detect, quantify SCC crack depth

	[130]
	Stainless steel
	Plate
	300×150×20 mm
	DCPD
	D: 0.12-9.59 mm
	Detect SCC, quantify crack depth

	[132]
	Stainless steel
	Plate
	200×100×10 mm 
	DCPD
	W: 0.024 mm
D: 3.5 mm
	Detect, locate SCC 


Note: T stands for thickness, OD for outer diameter, PD for diameter, L for length, W for width, and D for depth. Plate dimensions are presented in the format of length × width × thickness. N/A indicates that the corresponding information was not reported in the original reference.
[bookmark: _Toc213753840]4.4. Electrochemical approaches
Electrochemical approaches provide critical insights into early-stage crack and corrosion. As two representative techniques (Fig. 7), electrochemical noise (EN) and electrochemical impedance spectroscopy (EIS) are widely used to evaluate the development of SCC.
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[bookmark: _Hlk200141915]Fig. 7. Representative test setup of EN and EIS approaches.
[bookmark: _Toc213753841]4.4.1 Electrochemical noise
The principle of EN is monitoring the spontaneous fluctuations of potential and current on the electrode surface. A three-electrode or two-electrode system is typically used to record potential noise and current noise in the absence of external perturbation. These noise signals reflect dynamic changes in the corrosion process, such as the initiation and growth of pitting corrosion, uniform corrosion, and the breakdown of passive films. Information related to corrosion mechanisms is extracted to identify different corrosion types and growth rates. 
The procedure of EN involves five steps: (1) Clean pipe surface. Debris or coatings are removed. (2) Electrode installation. At least two working electrodes and one reference electrode are mounted on the pipe surface or immersed in the test solution. (3) System stabilization. The system will reach electrochemical equilibrium under open circuit conditions without external current or voltage. (4) Signal acquisition. The spontaneous fluctuations in potential and current between electrodes are recorded over time using a high-impedance data acquisition system. (5) Data analysis. Time-domain and frequency-domain analyses are performed to assess SCC based on noise amplitude, standard deviation, and spectral features.
In laboratory testing, EN has been used to identify early-stage corrosion and cracking via analyzing the evolution of EN signals [6]. Under different pH conditions, EN has proven its ability to detect transient activation-passivation events associated with cracking phenomenon [135]. However, while the transient nature of EN signals is a key parameter for differentiating SCC, the initiation of pitting also exhibits similar transient characteristics [136]. Furthermore, although EN effectively captured the electrochemical activity linked to SCC development, the dimensions of cracks were not quantified, suggesting that EN is primarily suitable for qualitative monitoring and early detection rather than quantitative crack characterization.
By detecting crack initiation and propagation, EN has been applied to various materials [137,138]. In stainless steel, EN detected early-stage SCC [139] and applied to H₂S environments and welded structures [140]. EN is often combined with AE techniques for enhanced accuracy [44,141,142]. For aluminum alloys, EN detected localized SCC [143]. In low-carbon steels like pipeline steel (X52), EN monitored the development of SCC in synthetic soil solutions [144]. Titanium alloys, such as Ti-6Al-4V, benefited from EN monitoring in welded joints, enhanced SCC resistance by altering microstructure [145]. Meanwhile, nuclear industry materials, like Alloy 690, leveraged EN signal intensity and frequency shifts to assess SCC initiation [146]. 
Furthermore, EN has been used to advance the understanding of crack initiation mechanisms, crack propagation behavior, and crack interactions. By analyzing the EN signal, specifically the amplitude [64,147] and frequency [44,148], crack initiation, propagation, and final failure can be identified [148–150]. Similar to AE, EN identifies the initiation and propagation of SCC into four stages. First, the passive film breakdown with pitting or localized corrosion, and the EN signals present as low current (typically 0-5 nA) and potential fluctuations (below 50 mV), with signal energy concentrate in a low-frequency band (1×10-3 Hz to 2×10-2 Hz). Then, the initiation of SCC with pitting and micro-crack formation causes high-amplitude current pulses (reaching up to 100 nA) and increased potential (below 200 mV). The dominant frequency also increases, centering around 5×10-2 Hz. Next, the propagation of SCC causes high-intensity EN signals. Current levels increase significantly (0.1-2 μA) and potential amplitudes rise (up to 300 mV). The associated frequency spectrum ranges from the 5 × 10−2 Hz to 3 × 10−1 Hz. Finally, material failure causes EN signals with high-amplitude, low-frequency fluctuations.
In summary, EN is primarily used to monitor the corrosion, crack initiation and propagation of SCC through the analysis of electrochemical characteristics, specifically the fluctuations in potential and current. However, it does not possess the capability to locate cracks or quantify the dimensions of cracks. Furthermore, its application is significantly limited by specimen size and is predominantly used for corrosion monitoring and mechanism studies in laboratory settings. 
[bookmark: _Toc213753842]4.4.2 Electrochemical impedance spectroscopy
The principle of EIS involves applying a small amplitude, sinusoidal AC voltage to a material in corrosive environment and measuring the resulting current response across a frequency range. The impedance, which is the frequency-dependent ratio of voltage to current, is used to reflect magnitude and phase shifts. By analyzing impedance, electrochemical processes like breakdown of the passive film, the initiation of corrosion, and crack propagation can be detected.
The procedure of EIS involves five steps: (1) Clean pipeline surface. Debris or coatings are removed. (2) Electrode setup. A working electrode, a reference electrode, and a counter electrode are placed in contact with the pipeline surface or immersed in the test solution. (3) AC perturbation. A low-amplitude sinusoidal voltage (5-10 mV) is applied over a frequency range (e.g., 10-2 to 105 Hz). (4) Impedance measurement. Voltage and current are measured at each frequency to obtain the impedance spectrum. (5) Data interpretation. The impedance data is analyzed to assess SCC.
In laboratory testing, EIS has been applied to pipeline steel with SCC. The SCC behavior of pipeline steels X70 [151], X80 [152], and X100 [153] were studied via slow strain rate test (SSRT) and EIS. The specimens were primarily small dog-bone samples [154]. Mechanical strains created electrochemically active sites that influenced corrosion processes which were detected by EIS [155]. Under disbonded coatings, the charge transfer resistance diminished with increasing distance from the coating openings [156]. As stress associated with cracking increased in X70 steel in high-pH bicarbonate solutions, the resistance derived from equivalent circuit models decreased [157]. These investigations revealed that the impedance signature of cracks was most effectively detected at low frequencies, typically below 10 Hz [158].
The applications of EIS extended from detecting pipeline SCC to studying the mechanisms. Various material including 304 stainless steel [159], supermartensitic steel [160], and alloy 182 [161] were tested using different specimen geometries such as dog-bone [159], rod [162], and U-bend [163] samples. By coupling EIS with static tensile [162] or SSRT [159], the onset of SCC was monitored in aggressive environments, such as high-temperature water [161], acidic chlorides [159], and sulfides [160]. EIS detected the initiation of SCC [162,164], and in the subsequent propagation stage, the impedance phase shift was correlated with crack length [159].
Equivalent circuit models (ECM) are the primary analytical methodology in EIS studies of SCC, deconvoluting complex interfacial behaviors into physical parameters. In practice, experimental spectra are most commonly fitted to the classical Randles circuit [157] or to the variation R(QR) [156], in which the double-layer capacitance is replaced by a constant phase element to capture non-ideal interface behavior. These models are primarily used to extract the charge-transfer resistance (Rct), which is correlated with corrosion rate [156] and applied stress [157]. When mass-transport limitations arise, such as during cathodic polarization, the circuit can be expanded by adding a Warburg diffusion element [155]. Beyond these empirical fits, the transmission line model can distinguish the electrochemical contributions of the crack tip, crack wall, and external surface [165]. In addition, the ECM analyses have further been expanded to extract additional descriptors, such as interfacial capacitance for probing passive-film semiconducting behavior and relaxation times as indicators of SCC susceptibility [166]. Parallel circuit structures, such as separating Zsurface and Zcrack, have been introduced to isolate the impedance of the crack for independent assessment [158].
In summary, EIS enables effective monitoring of early-stage corrosion prior to SCC initiation. By analyzing impedance, EIS contributes to understanding SCC mechanisms and has been applied to classify different stages of SCC development. However, EIS is highly sensitive to environmental conditions, making it unsuitable for large-scale field monitoring.
[bookmark: _Toc213753843]4.4.3 Summary
[bookmark: _Hlk200214706]Representative studies on monitoring SCC using electrochemical approaches are summarized in Table 5. EN and EIS enabled early detection of SCC by monitoring electrochemical parameters, particularly during the corrosion and crack initiation stages. Both EN and EIS are widely used in laboratory SCC mechanism studies. However, these electrochemical methods are incapable of quantifying or locating cracks. Their inherent limitations in spatial scale confine their application primarily to laboratory studies focused on SCC development and mechanistic analysis.
Table 5. Summary of research using electrochemical approaches 
	Ref.
	Material
	Specimen type
	Dimension
	Method
	Equipment
	Crack size
	Function

	[64]
	Stainless steel
	Plate
	280×12×2 mm 
	EN
	-
	-
	Monitor early-stage SCC 

	[44]
	Stainless steel
	Plate
	173×16×2 mm 
	EN
	Potentiostat
	-
	Detect SCC

	[147]
	Stainless steel
	Rod
	L: 95 mm
PD: 6 mm
	EN
	-
	L: 2-420 μm
	Detect SCC

	[167]
	Stainless steel
	-
	-
	EN
	Potentiostat
	-
	Detect SCC

	[135]
	Low carbon steel
	-
	-
	EN
	Potentiostat
	-
	Detect SCC

	[148]
	Stainless steel
	Dog-bone
	-
	EN
	Potentiostat
	-
	Detect SCC

	[159]
	Stainless steel
	-
	-
	EIS
	Potentiostat 
	
	Detect SCC

	[158]
	Pipeline steel
	-
	-
	EIS
	Potentiostat
	-
	Detect SCC

	[164]
	Stainless steel
	Tensile specimen
	-
	EIS
	Potentiostat
	-
	Detect SCC

	[157]
	Pipeline steel
	-
	-
	EIS
	Potentiostat
	
	Detect SCC

	[163]
	Stainless steel
	U-bend
	R: 16 mm
X: 25 mm
Y: 38 mm
	EIS
	Potentiostat
	-
	Detect SCC

	[168]
	Pipeline steel
	U-bend 
	L: 59.07 mm
Radius: 15 mm
W: 4.9 mm
T: 10.4 mm
	EIS
	Potentiostat
	-
	Detect SCC

	[169]
	Stainless steel
	Cylindrical
	L: 25 mm,
PD: 5 mm 
	EIS
	-
	D: 20 μm 
	Detect SCC

	[170]
	Pipeline steel
	-
	-
	EIS
	Potentiostat
	-
	Detect SCC


Note: T stands for thickness, OD for outer diameter, PD for diameter, L for length, W for width, and D for depth.
[bookmark: _Toc213753844]4.5 Automation techniques based on robots and machine learning
Advancements in robotics and machine learning have provided innovative solutions (Fig. 8) for data collection and analysis, overcoming the limitations of manual inspection and enhancing accuracy, efficiency, and cost-effectiveness. Robots can access complex environments, and remote terminals receive data that are subsequently analyzed automatically using machine learning models.
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Fig. 8. Robots and machine learning techniques.
[bookmark: _Toc213753845]4.5.1 Robot-assisted data collection
Pipeline SCC tends to occur in extreme or corrosive regions. Robots carrying NDE devices facilitate data collection in hard-to-access or hazardous environments, such as oil and gas pipelines [171], nuclear facilities [172,173], bridges [174], and aerospace structures [175]. Climbing robots carrying sensors autonomously detected corrosion and crack [176]. Laser ultrasonic technology was integrated into robots to detect SCC [177]. By combining robots with NDE techniques (Fig. 9), the evaluation of pipeline SCC has become more reliable, efficient, and scalable.
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Fig. 9. Pipeline inspection gauge for in-line inspection [178].
[bookmark: _Toc213753846]4.5.2 Machine learning-based data analysis
Evaluation of SCC, particularly real-time monitoring using DIC or AE, often generates large volumes of data [179]. Data processing is labor-intensive and time-consuming. Machine learning offers an effective solution by enabling automatic analysis, prediction [8], classification [180], and clustering [181], significantly reducing manual effort and overall costs.
Unsupervised learning which is a type of machine learning that identifies patterns or structures in data without relying on labels [182]. This is especially valuable for NDE signals like AE signals [183], where no universally accepted criteria exist for crack or corrosion identification [31,44]. To ensure that no signals generated by microcrack initiation is missed, researchers often adopt high sampling rates, resulting in data volumes typically reaching the gigabyte range [184]. Although various AE features, such as counts and risetime, have been developed, the post-processing stage involves analyzing millions of data. Unsupervised machine learning techniques such as K-means clustering [185] have proven effective in reducing post-processing workload while also uncovering latent features of SCC [183]. The primary applications include distinguishing different stages of SCC development [183] and clustering various AE sources [185]. 
Supervised learning leverages labeled data to train models that map inputs to known outputs, enabling accurate prediction, classification, or regression, when reliable labels are available [186,187]. With UT signals [188], EMAT signals [189], or images, such as X-ray [190], SEM [191], of SCC cracks, researchers have constructed datasets with a size from 166 [192] to 37,719 samples [193] and applied supervised learning algorithms, such as neural networks [188], residual neural networks [193], and backpropagation networks [194], to develop SCC classification models. The application scenarios include the identification of SCC crack tips [190] as well as corrosion and cracking [191]. These models achieved high accuracy (96.97% [191]), reduced the cost associated with manual data analysis, and minimized the subjectivity and errors of manual analysis. More representative studies on monitoring SCC combined with machine learning are listed in Table 6. 
Table 6. Summary of research using machine-learning
	Ref.
	Type
	Data type
	Dataset size
	Algorithms
	Target
	Function

	[183]
	Clustering
	AE signals
	25,000
	Self-organizing map
	SCC evolution stage
	Identify the evolution of SCC

	[188]
	Classification
	UT signals
	-
	Neural network
	IGSCC or intact
	Detect SCC

	[189]
	Classification
	EMAT signals
	-
	Supervised machine learning
	SCC or intact
	Detect SCC

	[191]
	Classification
	SEM image
	830
	Encoder-decoder neural networks
	SCC or intact
	Detect SCC

	[192]
	Classification
	Image
	166
	Residual neural networks
	Corroded or intact
	Detect SCC

	[193]
	Classification
	Image
	37,719
	Residual neural networks
	SCC or intact
	Detect SCC

	[194]
	Classification
	X-ray image
	1,924
	Artificial neural network
	Background, undercut, and crack
	Detect SCC

	[195]
	Regression
	UT signals
	26,624
	Convolutional neural network
	Angle and length
	Quantify SCC

	[196]
	Classification
	Features
	160
	Tree-based ensemble methods and kernel-based methods
	Inhibition efficiencies 
	Detect SCC

	
	
	
	
	
	
	

	
	
	
	
	
	
	


One critical unaddressed issue is the generalizability of machine-learning models from laboratory datasets to field applications [8]. Laboratory SCC tests are typically conducted under controlled chemistry, temperature, and loading, whereas field SCC evolves under heterogeneous environmental conditions. These discrepancies can significantly affect model robustness and therefore represent essential future research directions, including the use of field monitoring data for validation, transfer learning strategies, and physics-informed machine-learning frameworks.
[bookmark: _Toc213753847]4.5.3 Summary
The deployment of robots reduces the risk of human exposure to hazards and facilitate the inspection of buried and subsea pipelines. Existing research on pipeline robots primarily focused on the detection of corrosion and cracks. The development of robots for monitoring pipeline SCC, particularly those capable of integrating NDE techniques, remains limited. This gap presents both a technical challenge and a promising opportunity for advancing autonomous, in-situ monitoring of pipeline SCC. Machine learning has been used to analyze the vast amounts of data for pipeline SCC. These applications have alleviated the labor-intensive burden of signal processing, reducing manpower and operational costs. However, the difficulty of acquiring in-situ field data has resulted in a shortage of publicly available, high-quality datasets. Distinguishing SCC-related signals from those associated with conventional cracking remains a challenge for machine learning approaches.
[bookmark: _Toc213753848]5. Selection of appropriate techniques
The different capabilities and features of the various techniques cause difficulties in selecting appropriate techniques. To provide guidance for the selection of techniques in practice, this section focuses on comparing the features of various techniques regarding their technical and economic performance. Then, a technique selection approach is presented for practitioners.
[bookmark: _Toc213753849]5.1 Technical features
Although conventional monitoring techniques have been proven to be effective for SCC detection, those techniques involve significant variations in applicability, sensitivity, accuracy, and effectiveness. This section provides a comparative analysis of the NDE techniques reviewed in prior sections, offering insights into selecting appropriate techniques.
First, the applications can be categorized into small-scale or large-scale applications. Small-scale applications focus on localized defect detection [197], microscopic material degradation [198], or laboratory research [105], emphasizing high sensitivity and high resolution. Localized industrial applications, such as weld inspections [199] or specific corrosion-prone areas [200], also fall under this category. In contrast, large-scale applications focus on large structures [69,199], long-term monitoring [201], or industrial field applications [202], prioritizing monitoring coverage [203], remote detection capabilities [172], and adaptability to complex environments [3].
Second, the techniques can be categorized into corrosion detection [142] and crack detection [204]. Although electrochemical methods are not effective in accurately measuring crack size, they excel at detecting early-stage corrosion and providing early warnings [205], which is useful as SCC initiates by electrochemical corrosion processes before major crack formation. In contrast, DIC, AE, and UT primarily focus on detecting and monitoring crack formation and propagation in SCC. To some extent, these methods can measure crack dimensions, with DIC being suitable for surface analysis, AE for crack propagation monitoring, and UT for crack depth measurement.
Third, the techniques can be classified based on whether they are intrusive or non-intrusive. While AE, UT, and ECT require sensors to be attached to the material surface, DIC and IRT are non-contact monitoring techniques. These techniques do not require sensors to be embedded inside the structure. Sensors can be placed on the material surface [4] or at a distance [115], with little impact on operational performance. In contrast, DCPD, EN, and EIS are intrusive monitoring techniques, as they require sensor placement within or on the material [132,206,207]. These methods may influence the integrity of pipeline material or alter operational characteristics. 
Fourth, the monitoring techniques can be compared based on their effective monitoring range and suitability for long-distance pipeline monitoring versus local inspection. Techniques such as AE and UT are suitable for long-distance pipeline monitoring, as elastic waves can propagate over considerable distances along the pipeline. However, the effective range of soundwave-based techniques are influenced by wave attenuation, background noise, and sensor spacing. In contrast, ECT and DCPD are local inspection techniques with limited inspection ranges around the sensor location, as their sensing mechanisms rely on near-field electromagnetic or electrical interactions. Vision-based methods, including DIC and IRT, are limited to local regions due to the finite field of view and scanning area of imaging systems. Although larger areas can be covered through sequential scanning, the monitoring capability at any given time remains confined to a localized region. Electrochemical techniques such as EN and EIS are inherently localized, as they require direct access to the monitored area and are mainly used for point-wise assessment of corrosion activity. Therefore, from a practical perspective, long-distance pipeline monitoring generally relies on soundwave-based sensing techniques, whereas other methods are better suited for localized inspection and characterization.
Each technique exhibits technical limitations. AE struggles with accurately locating [208] and quantifying cracks [142], although it is sensitive to microcrack initiation [32] and capable of real-time monitoring [4]. The large volumes of data recorded pose challenges for post processing. UT involves a trade-off between sensitivity and robustness. Linear UT is effective for detecting major cracks [68], but is insensitive to microcracks; and nonlinear UT is sensitive to microcracks [62], yet it is less accurate for major cracks. As a vision-based technique, DIC can quantify cracks with low-cost devices [209], but it relies on high-quality images and is sensitive to lighting conditions. IRT is limited by its susceptibility to environmental factors like humidity [210], which restricts its use in uncontrolled fields. As an electrical technique, ECT is confined to conductive materials and exhibits limited capability for detecting deep-seated defects [211]. Although DCPD has shown promise in tracking crack growth, it remains reliant on calibration for depth estimation [212] and has rarely been validated for precise quantification [130]. For electrochemical techniques, EN is sensitive to early corrosion activity [213], but it is constrained by specimen size [214], rendering it unsuitable for large-scale field monitoring. Although EIS enables real-time NDE of SCC progression [215], it requires stable environmental conditions and is challenging to apply in field applications due to specimen size and setup limitations [216]. The crack measurement sensitivity, strength, and weakness of various techniques are listed in Table 7.
Table 7. Comparison between SCC monitoring techniques
	Techniques
	Strengths
	Weaknesses
	Sensitivity

	DIC
	· Low-cost cameras
· Robustness to materials
· High resolution
	· Limited to surface defects
· Sensitive to surface textures
· Sensitive to lighting conditions
	· Defects longer than 55 μm and wider than 0.45 μm

	IRT
	· Robustness to materials
· High resolution
· Full-field measurement
	· Limited to surface defects
· Sensitive to environmental variables (temperature, humidity)
	· Cracks wider than 10 μm and longer than 25 mm

	AE
	· Real-time monitoring
· Passive measurements
	· Low signal-to-noise ratio
· Complex post-processing
· Limited ability to quantify
	· Sensitive to the presence of SCC
· Unable to quantify SCC

	UT
	· High sensitivity to fine SCC
· Detect, locate, quantify SCC
	· Expensive devices
· Unable to real-time monitoring
· Low accuracy for closed SCC
	· Slit defects deeper than 0.05 mm

	ECT
	· High sensitivity to fine SCC
	· Limited to smooth surfaces
· Limited to conductive mater
	· Slit defects deeper than 0.1 mm

	DCPD
	· Simple and low cost
· Can detect hidden cracks
· Quantify the crack depth
	· Limited to conductive materials
· Low spatial resolution
	· Slit defects deeper than 3 mm

	EN
	· High sensitivity to fine SCC
· Sensitive to corrosion and early-stage SCC
	· Limited to conductive materials
· Limited specimen sizes
· Sensitive to solution resistance and electrical charges
	· Sensitive to the presence of SCC
· Unable to quantify SCC

	EIS
	· High sensitivity to fine SCC
· Sensitive to corrosion and early-stage SCC
	· Limited specimen sizes
· Susceptible to environmental variables (e.g., electromagnetic, temperature)
	· Sensitive to the presence of SCC
· Unable to quantify SCC

	
	
	
	


[bookmark: _Toc213753850]5.2 Cost, operability, robustness, and automation potential
In practical applications, decision-making often hinges not only on sensitivity or detection capability, but also on economic feasibility, operational complexity and safety, and the effort required for signal interpretation and data processing. Moreover, robustness against external disturbance, such as temperature fluctuation, noise, or environmental interference, is another key metric of reliability, especially in field deployments. Additionally, the potential of automation and system integration is also an essential factor for monitoring pipelines.
The costs of techniques include equipment, labor, and transportation costs. Most techniques, such as UT, IRT, and ECT, require skilled labor. Due to the differences in labor and transportation costs between each state and country, this paper focuses on comparing the costs of equipment. The assessment of equipment cost (Table 8) is based on quotations from representative manufacturers and procurement records, reflecting the costs of major components such as the data acquisition system and sensors. The range of equipment cost reflects variations in system configurations like the number of channels or precision. For example, a basic 2-channel AE system starts at around $5,000, while 96-channel systems can exceed $100,000. Similarly, DCPD systems customized for large-diameter pipe inspection were quoted as high as $450,000. In contrast, EN and EIS systems are quoted with narrow ranges.
The investigation results indicate that UT, IRT, and ECT systems are relatively mature, with standardized products available from NDT manufacturers based on performance specifications. Notably, certain ECT systems have functionalities designed for detecting SCC. In contrast, AE, DCPD, EN, and EIS systems are primarily used in laboratory settings and often require customized solutions. For DIC, the selection of the system is dependent on the applications, involving choices between ordinary cameras and specialized high-speed imaging systems.
Table 8. Cost of SCC monitoring equipment
	[bookmark: _Hlk202171116]Techniques
	Price range ($)
	Primary pricing factors

	AE
	5,000 - 100,000
	· Number of channels

	UT
	2,000 - 35,000
	· Number of channels
· Phased array support
· Maximum active aperture

	DIC
	2,000 - 150,000
	· Camera resolution
· Frame rate

	IRT
	1,000 - 57,000
	· Temperature range
· Frame rate

	ECT
	8,780 - 150,000
	· Number of channels
· Acquisition rate
· Array support

	DCPD
	100,000 - 450,000
	· Customized by sample size

	EN
	10,000 - 27,000
	· Number of channels
· Range of current and voltage

	EIS
	10,000 - 27,000
	•	Number of channels
•	Range of current and voltage

	
	
	


To better evaluate the operational safety, operability, robustness, post-processing efficiency, and automation potential of NDE of SCC, each indicator was evaluated using a structured rating system. The scoring criteria are listed in Table 9. Each metric was categorized into five levels (Level 1 to Level 5), representing a progression from poor to moderate to excellent performance.
Table 9. Scoring criteria for evaluation
	Level
	Operational safety
	Operability
	Environmental robustness
	Post-processing efficiency
	Automation potential

	1
	· Involve high-risk components
· Require extensive safety precautions
	· Require special expertise
· Intricate setup
· Frequent manual calibration
	· Highly sensitive to environmental conditions
	· Large data volume
· No standard method
· Highly manual and time-consuming
	· Manual-only operation
· Challenging to integrate with automation system

	2
	· Contain potentially hazardous elements
	· Demand trained personnel and careful operation
· Setup or adjustment may involve multiple steps
	· Sensitive to external disturbance
· Require environmental control
	· Large data volume
· Have standard method
	· Limited automation
· Require significant customization

	3
	· Present manageable risks under standard protocols
· Localized hazards may exist but are controllable
	· Standard procedures are established but require some technical background
	· Degrade under adverse conditions but remain operational with adjustments
	· Large data volume
· Software tools are mature and accessible
	· Partial automation, with environmental constraints or human oversight

	4
	· Generally safe to operate with basic precautions
· No major risk in typical use
	· Easy to operate with minimal training
· Setup procedures are straightforward and repeatable
	· Stable performance under a range of environmental variations
	· Moderate data volume
· Software are mature
	· Technically compatible with automation
· Can be integrated into robots or programmable platforms

	5
	· Safe under normal conditions
	· Highly user-friendly
· With minimal intervention or technical skill
	· Consistent reliability across harsh or variable environments
	· Minimal processing required
· Results are ready-to-use
	· Highly suited for full automation
· Support integration in autonomous systems

	
	
	
	
	
	


Based on the proposed scoring criteria and analysis, Table 10 are presented to compare the different techniques. For operational safety, AE, DIC, EN, and EIS systems are safe under normal conditions since they pose minimal risks due to passive sensing and low-voltage electronics. Similarly, passive IRT is safe, while active IRT may pose risks due to the use of external thermal excitation. As active detection, UT involves pulsed voltages, and the energy is extremely low and confined to short-duration bursts, posing low risks in typical use. Although ECT and DCPD involve localized electromagnetic fields or conductive paths under loading, both pose minimal risks due to the non-ionizing nature and the low current levels. 
Table 10. Evaluation of inspection techniques
	Techniques
	Operational safety
	Operability
	Environmental robustness
	Post-processing efficiency
	Automation potential

	AE
	5
	4
	1
	1
	1

	UT
	4
	1
	4
	1
	5

	DIC
	5
	4
	3
	2
	2

	IRT
	3
	3
	3
	5
	5

	ECT
	4
	2
	4
	2
	4

	DCPD
	3
	2
	4
	2
	1

	EN
	5
	3
	1
	2
	1

	EIS
	5
	3
	1
	2
	1

	
	
	
	
	
	


For operability, AE is relatively straightforward because it only require sensor attachment and threshold setting, while UT is relatively complex as it demands skilled handling of probes, angle adjustments, and ultrasonic exicitation. DIC presents lower complexity since it involves stochastic speckle pattern preparation. IRT ranges from low to moderate in operability, allowing simple use in passive modes but requiring precise thermal excitation in active setups. ECT typically requires a moderate to high level of expertise, due to its sensitivity to material properties, surface conditions, and geometric effects. DCPD demands trained personnel and careful operation because it involves mechanical loading coordination and precise electrode placement. EN and EIS generally exhibit moderate operational complexity, because they follow standardized electrode configurations and benefiting from mature software support.
For post-processing efficiency, acoustic, electrical, and electrochemical techniques involve analyzing large volumes of electrical or chemical signals, often in the absence of standardized interpretation criteria. Particularly, UT presents significant post-processing complexity because it requires not only analyzing echo patterns [217] but also characterizing and controling transmitted waveforms [54]. Tasks such as calibrating time-of-flight [218], compensating for material-dependent wave velocities [219], and deconvolving overlapping reflections [220] demand a deep understanding of wave propagation [221]. As for DIC, the post-processing stage involves handling large volumes of images [222]. Recently, this complexity has been mitigated with the development of commercial software and deep learning techniques. In contrast, IRT requires less post-processing, as thermal anomalies are often directly visualized [223].
For environmental robustness, passive methods, active inspection techniques, such as UT, ECT, and DCPD are generally more robust than passive methods, such as AE, EN, and EIS, which are more sensitive to environmental noise [224,225]. However, active inspection techniques are still subject to surface conditions [226], coupling quality [227], or external vibrations [228]. For the vision-based techniques, DIC and IRT are susceptible to lighting changes [229], cameras [230], and temperature drift [231], requiring controlled environments for optimal performance.
For automation potential, techniques based on ultrasonic or thermal imaging can be integrated with robots [232–234], allowing programmable scanning paths and adaptive control [235,236]. The non-contact nature of ECT makes it compatible with automated structural monitoring [237]. Due to the long-term stability requirements of the imaging system during the measurement process, DIC faces significant challenges in integrating with robotic or other automated platforms [230]. Similarly, DCPD is constrained by the need for stable electrode contact and cable management, which makes its integration with robotic or mobile systems equally challenging [238]. Moreover, AE and electrochemical techniques are difficult to integrate with robots due to their susceptibility to vibrations and noise associated with robotic systems [225]. 
[bookmark: _Toc213753851]5.3 Technique selection
A decision support tree (Fig. 11) is created to support practical and context-specific selection of appropriate techniques. The decision tree presented in this study is a conceptual, rule-based framework constructed from engineering considerations and practical constraints. This framework is different from machine-learning decision trees, which are data-driven models learned from labeled datasets for classification or prediction tasks. This framework serves not only as a summary of comparative analysis but also as a practical tool for strategy design of the monitoring system for pipeline SCC. Previous literature review confirms that the major monitoring technologies are broadly applicable to both carbon steel and stainless steel. As the decision tree focuses on the discussion of application scenarios and needs, it does not further subdivide materials. The decision tree begins with judging whether large-scale pipeline testing is required. For on-site pipeline monitoring techniques, the decision layer first divides techniques based on subsurface detectability. Since IRT and ECT are incapable of deep-seated detection, when subsurface detection is required, UT or AE will be considered. Furthermore, UT can not only locate but also quantify the cracks, while AE supports real-time monitoring of cracking and provide early warning. Moreover, UT can be further classified into linear UT and nonlinear UT based on their sensing principle and sensitivity to microcracks and macrocracks, respectively. When subsurface detectability is not required, IRT and ECT are distinguished based on their sensitivity to closed or tight cracks. From the perspective of crack conditions, ECT is sensitive to open, surface-breaking cracks, whereas IRT exhibits higher sensitivity to closed or tightly contacting cracks when combined with active thermal stimulation.
In the other branch, which focuses on laboratory-based techniques, electrochemical methods such as EN and EIS are preferred when corrosion sensitivity is prioritized. Real-time monitoring of corrosion or SCC activity is generally achieved using EN, whereas EIS is used for quantitative characterization of electrochemical kinetics and interfacial properties. In contrast, for techniques that are sensitive to cracks but not specifically to corrosion, the selection is further distinguished by contact-dependency. The DCPD method excels at quantifying crack depth and crack growth rates, but it requires contact to the pipe surface. In contrast, DIC is a non-contact optical technique that can be applied without physical contact when adequate optical access and surface visibility are available.
[image: ]
Fig. 10. Tree-based decision flow for selecting SCC monitoring techniques.
In addition to conventional classification criteria, the feasibility of applying a technique to buried pipeline inspection represents a crucial consideration in practical field deployments. Among the methods reviewed, only UT, which operates based on ultrasound wave propagation, demonstrates the capacity for detecting SCC in buried environments. This is primarily enabled through the integration of UT sensors with pipeline inspection robots or via installation on the internal or external surfaces of the pipeline. Although AE also utilizes elastic wave propagation, its high sensitivity to mechanical noise and vibrational disturbances during robotic movement or external disturbance significantly limits its applicability in buried pipeline inspection. Other techniques rely on surface accessibility, consistent lighting, or wired electrical configurations, making them inherently unsuitable for buried pipeline inspection.
[bookmark: _Toc213753852]6. Challenges and opportunities
Although various techniques have been developed to detect pipeline SCC, significant challenges remain. In this section, the challenges and opportunities are discussed from four main perspectives: (1) multi-scale sensing capability, (2) real-time and long-term monitoring, (3) data-driven analysis and machine learning, and (4) system integration and automation. These aspects reflect the key technical barriers and research directions for advancing practical SCC monitoring.
First, effective techniques for monitoring multi-scale SCC from micro-scale to macro-scale are yet to be developed. Linear UT techniques have high resolution and sensitivity to macrocracks, but they exhibit low sensitivity to microcracks. Nonlinear UT techniques achieve higher sensitivity to microcracks, but their performance in monitoring macrocracks still requires improvement.
Second, real-time monitoring of pipeline SCC remains challenging. Although AE offers real-time data acquisition, its capabilities in crack localization and quantitative evaluation are limited. Some vision-based techniques also provide real-time data, but their performance is strongly affected by lighting conditions. For electrical and electrochemical methods, conducting large-scale on-site monitoring remains difficult. The applications of electrochemical and electrical methods are generally limited to short-term or laboratory-based measurements. Even for UT and AE techniques capable of long-term monitoring, periodic maintenance is required to ensure stable coupling between sensors and the pipe surface. The development of low-maintenance monitoring systems therefore represents an important opportunity for future research.
Third, for machine learning techniques, the effectiveness and availability of high-quality datasets remain major challenges. The complexity of material characteristics and environmental conditions leads to a lack of well-labeled data. Moreover, current machine learning research in SCC monitoring lacks on-site industrial validation, making it difficult to assess its effectiveness. Therefore, obtaining representative datasets from real-world environments and validating machine-learning-based predictive models remain critical challenges. In addition, real-time signal processing represents an important topic for future research. For high-sampling-rate monitoring techniques such as AE and DIC, it remains challenging to process signals in real time and generate timely feedback or early warnings using machine-learning models. Advancing real-time processing capabilities could reduce the need for continuous human supervision and alleviate data storage burdens through immediate filtering or data compression.
Furthermore, prior research on hybrid monitoring techniques has mainly focused on laboratory studies combining AE and EN for mechanism interpretation and characterization of crack growth stages. Future applications may benefit from hybrid systems that emphasize real-time monitoring and high-resolution localization, such as the integration of AE with UT. Hybridization across different sensing scales is also promising, for example, by combining linear UT with nonlinear UT.
Finally, research on robot-assisted monitoring is still at an early stage. Developing robotic systems tailored to different pipeline inspection scenarios remains challenging. Integrating NDE techniques with robotic platforms for inspecting inaccessible areas and enabling real-time SCC monitoring represents a key future research direction. In addition, incorporating SCC mitigation and repair strategies into robotic systems is also promising for future development.
[bookmark: _Toc213753853]7. Conclusions
This paper reviews NDE techniques for assessing pipeline SCC, including sound wave-based, vision-based, electrical, and electrochemical techniques. Based on the above review, the following conclusions can be drawn:
· Sound-wave based techniques are effective in detecting and monitoring crack formation of pipeline SCC. Real-time monitoring of SCC initiation and propagation can be achieved using AE for early warning. UT can be used to locate and quantify cracks, allowing for the reconstruction of crack morphology, and UT is sensitive to multi-scale cracks.
· By capturing changes in the strain and thermal fields, DIC and IRT are able to generate strain or temperature images, which can be utilized to detect, locate, and quantify pipeline SCC. Furthermore, the strain or temperature images can be reconstructed to characterize the state and morphology of surface cracks.
· Electrical techniques are effective for detecting SCC in conductive materials. ECT is sensitive to surface and shallow cracks. DCPD can detect deeper cracks and quantify SCC depth. However, DCPD faces limitations in accurately sizing SCC and ensuring reliable performance in field applications.
· Electrochemical techniques are effective for detecting the initiation of SCC. Both EN and EIS demonstrate strong sensitivity to corrosion. However, their reliance on controlled conditions and limitations in specimen size restrict their applicability in field applications, positioning them as tools for mechanistic studies and early-stage evaluation in laboratory.
· Robots facilitate data collection from complex or hazardous environments, and machine learning algorithms accelerate data processing and analysis and enhance analysis accuracy. Machine learning methods suffer from the availability of extensive, high-quality datasets and successful on-site implementation.
· A decision tree is presented to guide the selection of appropriate techniques. The resulting decision model incorporates critical considerations such as testing scale, early warning needs, real-time monitoring capability, contact dependency, and damage quantification requirements, offering a structured framework to support informed and context-specific technology selection.
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