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Abstract. In recent years, structural health monitoring (SHM) applications have signif-
icantly been enhanced, driven by advancements in artificial intelligence (AI) and ma-
chine learning (ML), a subcategory of AI. Although ML algorithms allow detecting 
patterns and features in sensor data that would otherwise remain undetected, the gener-
ally opaque inner processes and black-box character of ML algorithms are limiting the 
application of ML to SHM. Incomprehensible decision-making processes often result 
in doubts and mistrust in ML algorithms, expressed by engineers and stakeholders. In 
an attempt to increase trust in ML algorithms, explainable artificial intelligence (XAI) 
aims to provide explanations of decisions made by black-box ML algorithms. However, 
there is a lack of XAI approaches that meet all requirements of SHM applications. This 
chapter provides a review of ML and XAI approaches relevant to SHM and proposes a 
conceptual XAI framework pertinent to SHM applications. First, ML algorithms rele-
vant to SHM are categorized. Next, XAI approaches, such as transparent models and 
model-specific explanations, are presented and categorized to identify XAI approaches 
appropriate for being implemented in SHM applications. Finally, based on the catego-
rization of ML algorithms and the presentation of XAI approaches, the conceptual XAI 
framework is introduced. It is expected that the proposed conceptual XAI framework 
will provide a basis for improving ML acceptance and transparency and therefore in-
crease trust in ML algorithms implemented in SHM applications. 
 
Keywords: Artificial intelligence (AI), machine learning (ML), structural health mon-
itoring (SHM), explainable artificial intelligence (XAI). 

1 Introduction 

Facilitating non-destructive condition assessment of civil infrastructure based on sensor 
data, structural health monitoring (SHM) has become a useful instrument to advance 
infrastructure maintenance, rehabilitation, and repair. Thus, SHM enhances safety and 
cost-efficient operation of infrastructure [1]. Unlike visual inspections that are per-
formed periodically, SHM can be conducted continuously, in real-time, and at locations 
that may be difficult to physically reach [2]. Depending on type and location of the 
sensors, SHM provides both local and global monitoring, while visual inspections are 
restricted to localized areas [3]. The long-term systematic use of reliable sensors and 
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measurement techniques, as well as appropriate data analysis methods, in SHM helps 
(i) to evaluate and ensure structural health, (ii) to repair damage duly, and (iii) to cal-
culate financial expenses of structural maintenance [4].  

Representing a rapidly growing and innovative research field, SHM is increasingly 
advanced by artificial intelligence (AI). Recent technological developments in AI have 
enabled SHM systems to become “smart” SHM systems, also referred to as “smart 
monitoring systems”, allowing SHM processes to be conducted (almost) autonomously. 
Common AI approaches introduced in SHM for solving domain-specific problems 
through learning and adaption are based on machine learning (ML), a subcategory of 
AI. Machine learning represents the learning processes of computer systems, often de-
scribed as the transformation of experience into expertise or knowledge [5]. Using ML 
algorithms for SHM purposes has shown to be promising, as ML algorithms can pro-
cess large amounts of data and recognize patterns that may serve as a basis for condition 
assessment of civil infrastructure. 

Concerning AI-related approaches, detection and quantification of structural damage 
are the main research fields of ML in SHM, applying, e.g., support vector machines [6] 
or convolutional neural networks [7]. Furthermore, support vector machines, artificial 
neural networks and Gaussian naïve Bayes techniques have been used for condition 
assessment using SHM systems [8]. Aiming at life-time prediction based on SHM, prin-
cipal component analysis and partial least square regression have been applied [9]. An 
overview of the variety of ML algorithms implemented in SHM systems can be found 
in [10].  

Because of the complex structure of ML algorithms, most ML algorithms have a 
black-box character, i.e. the results computed by the algorithms cannot easily be traced 
through the internal processes of the algorithms. As a result, engineers and stakeholders 
have been expressing mistrust in black-box ML algorithms and have been reluctant in 
the widespread adoption of ML in SHM. In recent years, the research area of so-called 
“explainable artificial intelligence” (XAI) has gained growing interest [11]. XAI aims 
to increase acceptance of and transparency in the results of ML algorithms by providing 
explanation and interpretation, i.e. reasoning, for the algorithm output (see section 3.1 
for details). While explanation can be considered as a collection of interpretable fea-
tures, interpretation focuses on mapping abstract concepts. Since critical infrastructure 
has been in operation for many decades, and has therefore been subjected to gradual 
changes that may require the prediction accuracy and reliability of ML algorithms to 
be effectively detected, it is imperative to introduce explainable ML algorithms to mod-
ern smart SHM systems. However, there is a lack of XAI approaches in SHM applica-
tions. By reviewing ML algorithms for SHM, this chapter provides an overview of ML 
algorithms for SHM usage suitable for XAI. Furthermore, this chapter generalizes the 
requirements and present possibilities for explainable ML algorithms for SHM appli-
cations. 

In this chapter, a categorization of AI and ML algorithms is given to illuminate the 
relation between AI and ML. Subsequently, ML algorithms for SHM are reviewed to 
illustrate the variety of approaches relevant to SHM. The categorization of ML and the 
review of ML algorithms for SHM serve as a basis to highlight the possibilities of in-
troducing XAI approaches to ML for SHM. Thereupon, an introduction to XAI and a 
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conceptual XAI framework for SHM are presented, in an attempt to advance SHM 
practice. Finally, conclusions drawn from the results achieved in this study are pre-
sented and potential future work is suggested. 

2 Machine learning algorithms for structural health monitoring 

This section provides the basics on AI and presents a categorization of AI and ML. 
Next, reviews of ML for SHM are discussed. Finally, current ML algorithms used in 
SHM are reviewed and summarized.  

2.1 Artificial intelligence and machine learning 

Artificial intelligence has been a subject of constant development over the last decades. 
As AI covers a broad field of research and industrial applications, it does not seem 
possible to formulate a single, generally valid definition. Nonetheless, general concepts 
of AI developed in each field of research and industry share similarities, identified as 
four characteristics: (i) perception of a complex environment, (ii) acquisition and inter-
pretation of data, (iii) autonomous response to change, and (iv) automatic achievement 
of predefined goals [13]. 

For the purpose of automatic achievement of predefined goals, various AI algorithms 
have been designed to realize intelligent problem-solving strategies [14]. Furthermore, 
AI algorithms have been developed for applications in different fields of engineering 
and thus cover a wide spectrum of tasks, such as audio-visual perception of the sur-
rounding environment [15], reproducibility of AI decisions [16], automatic data inter-
pretation and decision making [17], and evaluation of robustness to changes in datasets 
[18]. AI can be broadly categorized in natural language processing, automated reason-
ing, ML, knowledge representation, and computer vision as shown in Figure 1. 

 

 

Fig. 1. Categorization of artificial intelligence and machine learning  

Machine learning is referred to as a process that improves the performance of a func-
tional unit by new knowledge or skill acquisition or by existing knowledge or skill 
reorganization [19]. Designing ML algorithms requires large datasets to learn how to 
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automate tasks and involves two steps, training and testing. During training, ML al-
gorithms use datasets, ideally covering the entire possible range of values to which 
some meaning can be assigned, to “learn” patterns in the data. Some ML algorithms 
also accept incomplete or inconsistent datasets, exhibiting an acceptable level of ro-
bustness. A specific instance of a ML algorithm that is trained to solve a specific prob-
lem is referred to as a ML model. During testing, the ML model obtained during the 
training step is given new unknown data, with which the overall performance of the 
ML model is tested. 

In general, ML can be divided into three different learning processes:  
 

i. supervised learning,  
ii. unsupervised learning, and  

iii. reinforcement learning [20].  
 

For supervised learning, the datasets used to train a ML model contain not only the 
input data from which patterns will be learned but also a target feature, such as labels 
in classification problems and numerical continuous values in regression problems. Fig-
ure 2 presents a flow chart of the process of training a ML model. Apart from identify-
ing patterns in the training step, some ML algorithms require to split the input data 
stochastically into training data and validation data. Validation data is then used to cal-
culate the accuracy and error in the predictions of the ML model being trained, which 
helps to adjust and optimize the learning process. Upon completing the training step 
and producing  the ML model adapted to the problem being solved, e.g. in the form of 
an artificial neural network (ANN), the ML model is tested, and if its predictions are 
accurate, the ML model is ready to be used in real-world applications. 
 

 

Fig. 2. Within supervised learning, the model (e.g. an ANN) is trained and tested for automatic 
labeling of data. 

For unsupervised learning, the ML algorithm is trained only on input data without a 
target feature. Therefore, unsupervised ML algorithms attempt to identify relationships 
and similarities in the input data during the training process without a predefined or 
expected output. Unsupervised learning methods include clustering and dimensionality 
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reduction algorithms (Figure 1) and are often used for anomaly detection and outlier 
detection. By applying clustering, automatic separation of input data into groups of 
similar and correlated data is performed. Dimensionality reduction usually pursues the 
transformation of original data from a high-dimensional space to a low-dimensional 
space, while maintaining the main meaning of the data.  

Representing a hybrid form, in semi-supervised learning, parts of the input data are 
labeled, thus combining supervised and unsupervised learning. Finally, in reinforce-
ment learning, the training dataset is not fixed and is continuously updated with new 
data. As such, through an iterative learning process, the ML algorithm is continuously 
adapted, improving the relation between input and output data.  

Due to the differences in the three learning processes and the variety of ML algo-
rithms available for use in SHM, it may be confusing to identify which learning process 
and ML algorithm should be used to solve a problem in SHM. Therefore, the following 
subsection presents a description of reviews of ML applications in SHM. 

2.2 Machine learning in structural health monitoring 

Several studies have been published reviewing the application of ML to solve SHM 
problems. Mitra and Gopalakrishnan [21] have presented a literature review on guided-
wave-based SHM, including statistical methods and ML algorithms, for damage pre-
diction and estimation. The authors have identified challenges in using ML for guided-
wave-based SHM, such as scarcity of training data and the presence of noise and outli-
ers. Bao et al. [22] have reviewed the state of the art of data science engineering in 
SHM by focusing on deep learning (DL) algorithms and compressive sampling.  
An overview of recent research of DL approaches for SHM of civil infrastructures has 
been accomplished by Ye et al. [23], demonstrating history, frameworks, and datasets 
for DL, in addition to structural damage detection and condition assessment applica-
tions. Furthermore, the authors have indicated challenges and future trends of DL-based 
SHM, concluding that DL-based SHM will witness developments with new algorithms 
and enhanced frameworks, sufficient datasets, and computing power. Azimi et al. [24] 
have introduced a review of DL methods in SHM. The authors have covered vibration-
based and vision-based SHM through DL, as well as applications of unmanned aerial 
vehicles and smartphones for DL-based SHM.  

Flah et al. [25] have studied the deployment of AI approaches in SHM for damage 
detection of structures. The authors have introduced SHM applications utilizing AI al-
gorithms, and have elaborated on types of structures being employed in these applica-
tions, advantages, limitations, and recommendations.  

2.3 Applications of machine learning algorithms in structural health 
monitoring 

Although several reviews addressing applications of ML in SHM have been proposed 
in recent years, a general review of ML algorithms for SHM from the point of view of 
XAI is lacking. Therefore, the aim of this subsection is to present a review of ML ap-
proaches in SHM keeping in mind their possible use in an XAI context. The literature 
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collection involves studies indexed in the Web of Science Core Collection as well as 
conference papers indexed in the Scopus database. A representative number of papers 
dealing with ML and SHM published between 2016 and 2019 is selected.  

The application of ML algorithms in SHM depends on the problem to be solved. As 
described earlier, one of the main tasks in SHM is to assess the condition of and to 
identify possible damage in structures. For example, Abdeljaber et al. [7] have studied 
structural damage detection using an one-dimensional convolutional neural network (1-
D CNN), overcoming the limitation posed by the need of a large amount of measure-
ments to train the 1-D CNN algorithms, particularly for large structures. Joshuva and 
Sugumaran [26] have studied the combination of ML algorithms for condition assess-
ment of wind turbine blades using vibration signals. Das et al. [27] have used clustering 
and support vector machines to classify crack modes from unlabeled acoustic emission 
waveform features.  

The studies reviewed herein have used supervised learning (SL), unsupervised learn-
ing (UL), and semi-supervised learning (Semi-SL) algorithms. Reinforcement learning 
(RL) algorithms have not been used in the studies reviewed. Therefore, based on the 
categorization and description of learning processes presented in subsection 2.1 and 
omitting RL, Table 1 presents a summary of ML algorithms used in SHM, grouped by 
SL, UL, and Semi-SL. Furthermore, since SL algorithms may be used for classification 
and regression tasks, subgroups are added in the SL group. It is observed that mainly 
SL algorithms are being used in SHM, followed by UL algorithms. Moreover, most 
algorithms in the SL subgroups are classification algorithms, revealing a possible focus 
of XAI approaches towards SL classification algorithms. 

Regarding SL algorithms, support vector machine algorithms have been used for 
damage detection in built infrastructure [28, 29]. Moreover, Pan et al. [30] have used 
support vector machines for structural diagnosis and damage detection in large-scale 
cable-stayed bridges. Vitola et al. [31] have used k-nearest neighbors (k-NN) for dam-
age classification, in combination with principal component analysis (PCA) for feature 
extraction from signals representing dynamic responses of structures. Artificial neural 
networks have been used for predicting accelerations to be compared with damage in-
dices, in combination with Gaussian process algorithms, discriminating between dam-
aged and undamaged structural conditions [32]. 

As for UL algorithms, a damage detection methodology based on strain field pattern 
recognition using clustering and PCA has been presented in [33]. In addition, Diez et 
al. [34] have performed damage detection on bridges via clustering for grouping sub-
structures with similar behavior. 

Finally, with respect to the hybrid form of semi-SL algorithms, Sarkar et al. [35] 
have used a deep auto-encoder for detection and annotation of cracks on images. At the 
end of Table 1, a group of references containing comparative studies of different ML 
algorithms has been added for providing a better overview to readers interested not only 
in specific applications of ML in SHM, but also in comparative performance of various 
ML algorithms. 

As shown in Table 1, SL classification algorithms have been used the most in SHM 
systems. Since many of these SL classification algorithms are black-box, raising trust 
issues regarding their outputs, the explainability and interpretability aspects of XAI 
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may help increase the transparency and acceptance of the SL classification algorithms 
in SHM practice. As a result, the following section presents a conceptual XAI frame-
work, i.e. a concept towards explainable artificial intelligence, as a solution to help 
explain and interpret the reasons behind the predictions of SL classification algorithms. 
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Table 1. Review of ML algorithms in SHM 
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Support vector machine  
27, 28, 29, 30, 36, 
37, 38, 39, 40, 41 

k-nearest neighbors 
31, 40, 41, 42, 43, 

44, 45 

Convolutional neural network 7, 42, 46, 47, 48 

Artificial neural network 38, 40, 49 

Naïve Bayes 37, 39, 42 

Decision trees 40, 41, 42 

Long short-term memory 42, 46 

Classification learner toolbox from Matlab 50 

Nearest-mean classifier 40 

R
eg
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n

 

Artificial neural network 32, 51, 52, 53 

Gaussian process 32, 54, 55 

Partial least square regression 9 

Support vector regression 56 

Bayesian neural network 46 

Kernel ridge regression 37 

UL 

Principal component analysis 
9, 31, 33, 44, 57, 

58, 59  

Clustering 27, 34, 57,  

Gaussian mixture modeling 27, 60  

Deep autoencoder 35  

Fast independent component analysis  58  

Optimal baseline selection 33  

Fuzzy cognitive map 61  

Semi-SL 
Deep autoencoder 62, 63  

Manifold adaptive experimental design algo-
rithm 

64  

Comparative studies 
9, 28, 30, 37, 38, 

39, 40, 42  
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3 Design of a conceptual XAI framework 

Explainable artificial intelligence provides a set of techniques that produce explainable 
ML algorithms while maintaining a high level of learning performance. By incorporat-
ing explanations, ML algorithms increase expressiveness, improve human understand-
ing, and advance confidence in decision making [12]. As mentioned previously, XAI 
may be divided into two parts:  

 
 the explanation part, which can be seen as meta information added to ML 

algorithms, generated either by external algorithms or by a ML algorithm it-
self, for example features contributing to the output of ML algorithms, and 

 the interpretation part, which aims to find a suitable domain-specific inter-
pretation of the meta information identified in the explanation part of XAI, for 
example, by linking the most relevant features to mechanical quantities from 
structural dynamics. 

 
It is worth mentioning that some ML algorithms, such as decision trees and rule-based 
methods, are explainable by design without any need for XAI. However, as shown in 
Table 1, several ML algorithms employed in SHM applications are not explainable 
(black-box), and therefore require XAI for reliable use in engineering practice. 

 
3.1 Overview and existing XAI approaches 

According to Adadi et al. [65], AI can be divided into three different categories: 
 
1. Accurate AI, including AI systems primarily exhibiting high accuracy in de-

cision making, 
2. Explainable AI, comprising advanced or newly designed AI systems exhibit-

ing, in addition to high accuracy, a very high degree of explainability and in-
terpretability in decision making, and 

3. Responsible AI, encompassing future AI systems that will act and decide in a 
transparent, fair, and comprehensible manner, considering legal, social, and 
ethical aspects. 

 
From the point of view of explainability, accurate AI represents the classical use of AI 
and ML algorithms in various fields of applications, and is not explainable in general, 
except for algorithms being transparent by design, such as decision-trees and rule-based 
methods. The other two categories, explainable AI and responsible AI, support trans-
parency. Before discussing different XAI approaches proposed in recent years, it is 
necessary to underline the distinction between interpretation and explanation, which 
are defined according to [66] as follows:  
 
Definition 1. An interpretation is the mapping of an abstract concept (e.g. a predicted 
class) into a domain of which humans can make sense. 
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Definition 2. An explanation is the collection of features of the interpretable domain 
that have contributed to a given problem in producing a decision (e.g. classification or 
regression). 
 
From these definitions, it follows that the interpretation is problem-specific because the 
target domain to which the abstract concept is mapped is defined by the problem that 
needs to be solved using ML. In practical terms, interpretation implies that some pa-
rameters of a ML algorithm are linked to engineering quantities and are easily inter-
pretable by engineers. By contrast, explanation is solely related to algorithms, aiming 
to find the dominant features contributing to the result. The problem-agnostic natura of 
explanation allows for flexibility in applying XAI to SHM applications, as explanation 
algorithms can be used for different SHM tasks, and only the interpretation part must 
be adapted to specific applications. 

In recent years, several XAI approaches have been introduced that can be divided 
into two main groups [67]: 
 

(i) Transparent models. Explainability is provided directly by the model or by 
the model structure. This group includes ML models such as decision trees, 
rule-based learners, general additive models, Bayesian models, models for k-
nearest neighbors, and models for logistic or linear regression. 

(ii) Post-hoc explainability. This group is divided into model-agnostic and 
model-specific methods, enabling subsequent explainability of ML models. 
Model-agnostic methods, such as visual interpretation and feature space inter-
pretation, provide explanation by general tools and are applicable to a large 
number of ML algorithms. By contrast, model-specific methods are designed 
for providing explanations of results obtained by specific ML algorithms, and 
are therefore applicable only to a limited number of algorithms, such as artifi-
cial neural networks and support vector machines. 

 
It should be mentioned that the problem formulation for using ML algorithms in civil 
engineering has a direct influence on applications of XAI approaches. As discussed in 
[10], the application of ML algorithms in civil engineering may be distinguished into 
(i) ML algorithms used to solve problems of data analysis, such as classification prob-
lems, and (ii) ML algorithms used for substituting conventional algorithms, i.e. for sur-
rogate modeling. From an XAI perspective, problems addressed by surrogate models 
do not require explanation even if black-box ML algorithms, such as deep learning al-
gorithms, are used. The reason is the nature of surrogate modeling: Because ML algo-
rithms are used as substitutes of conventional algorithms, the relation between input 
and output is always clear, despite being nontransparent from an algorithmic point of 
view. By contrast, classification problems require using XAI approaches for the ML 
algorithms, as explained in the conceptual XAI framework proposed in the next sub-
section. 
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3.2 Conceptual XAI framework 

A conceptual XAI framework for adding transparency to the results provided by ML 
algorithms in SHM applications is proposed in this subsection. The framework reflects 
a general strategy towards using XAI approaches in SHM applications. Drawing from 
the previous discussion on ML algorithms and XAI approaches, as well as from ML 
applications in SHM, the conceptual XAI framework consists of the following steps: 

 
Step 1. Preprocessing of the problem 

The goal of this step is to clearly formulate the problem, which is intended to 
be solved by ML algorithms, and to analyze the problem with respect to the 
necessity of using XAI. Therefore, this step contains the following sub-steps: 
1. Formulation of the SHM task, e.g. damage detection, to be solved using 

ML algorithms. 
2. Analysis of the task with respect to the need of XAI. Here, it must be de-

cided if the use of ML falls into the category of classification problems or 
surrogate modeling. For classification problems, using XAI is justified, 
otherwise there is no need for explanation, as discussed above. 

3. Formulation of the SHM task as a classification problem to be solved using 
ML algorithms. 

 
Step 2. Application of ML algorithms 

The goal of this step is to solve the classification problem formulated in Step 
1 by one or several ML algorithm(s). 
 

Step 3. Explanation 
The goal of this step is to provide the explanation of the classifier decisions 
from Step 2 in the sense of Definition 2. Thus, the most relevant data features 
influencing the classifier decision are to be identified in this step. A generic 
form of explanation is: The input has been classified to category A because it 
has the set of features Ω 
 

Step 4. Interpretation 
The final step in the framework aims at mapping the most relevant data features 
identified in Step 3 to the problem-specific domain of SHM. For example, in 
the damage identification context, the interpretation may look as follows: The 
set of features Ωindicating damage contains three parameters interpreted as 
first eigenfrequency, peak acceleration, and peak displacement. 
 

Upon performing the 4 steps described above, an XAI model is constructed containing 
a list of the most relevant features for the classification problem (explanation part), and 
a list of problem-specific-domain terminology linked to the most relevant features (in-
terpretation part). The flowchart in Figure 3 summarizes the conceptual XAI framework 
for SHM applications.  
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Fig. 3. XAI conceptual framework 

4 Summary, conclusions, and future work 

Structural health monitoring is a key component for achieving reliable, resilient, and 
cost-efficient – in terms of structural maintenance – infrastructure. Machine learning 
algorithms are frequently used in SHM to automatically analyze and detect patterns in 
sensor data. Despite being efficient in analyzing sensor data, the black-box nature of 
ML algorithms raises doubts and mistrust by engineers, thus hindering the exploitation 
of the ML full potential in SHM practice. Representing an emerging paradigm in data 
science, explainable artificial intelligence is expected to enhance the transparency of 
ML algorithms and, eventually, increase the acceptance of ML algorithms by SHM 
practitioners. 

Drawing from current trends in ML applications applied to SHM, this chapter has 
presented a step towards introducing XAI to SHM. First, ML algorithms commonly 
deployed in SHM applications have been reviewed. Specifically, ML-based SHM ap-
plications, including tasks such as damage detection and damage localization, have 
been categorized according to the learning process, i.e. into supervised, unsupervised, 
and reinforcement learning approaches. From the categorization of ML-based SHM 
applications, it has been observed that most applications are associated with supervised 
learning classification problems.  

Second, XAI approaches have been presented, indicating that the necessity of using 
XAI in SHM applications depends on the formulation of the problem that is intended 
to be solved using ML. In case ML algorithms substitute classical engineering algo-
rithms, i.e. ML algorithms serve as surrogate models, XAI is not required because the 
reasoning behind the results obtained by ML is readily clear from the problem formu-
lation. By contrast, classification problems solved by ML algorithms require the use of 
XAI because classifier decisions are generally not traceable. Given that tasks in most 
ML-based SHM applications are formulated as classification problems, a conceptual 
framework towards adopting XAI in SHM has been proposed, including four steps: (i) 
formulating the problem and confirming that the ML algorithms are used as classifiers, 
(ii) applying the ML algorithms, (iii) explain the ML algorithms outputs, and (iv) inter-
pret the ML algorithms outputs within an SHM context. 

From the results of this study, it can be concluded that introducing XAI can enhance 
the quality of ML-based SHM applications. Furthermore, it is concluded that ML algo-
rithms require different levels of explanation, based on the purpose of using ML and 
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the human individuals to which the explanation is addressed. Future work may be con-
ducted towards an in-depth analysis of explainability and levels of explanation for ML 
algorithms to advance SHM and smart monitoring systems. 
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