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Abstract 

Artificial intelligence (AI) has been used in recent years as a novel approach towards damage detection in modern structural health 
monitoring (SHM) systems. Nevertheless, the so-called “black-box nature” of several AI algorithms has limited the trust of practitioners 
in using AI for real-world SHM applications. This study proposes an explainable artificial intelligence (XAI) approach for SHM systems, 
providing the tools required to overcome the lack of trust of practitioners in AI algorithms. A one-class support vector machine for outlier 
detection is used to identify damage in structural response data. Targeting the need for trust in AI in real-world SHM applications, the 
Shapley additive explanations (SHAP) XAI method is used to explain features in structural response data indicative of damage. For 
validation, structural response data from simulations of a pedestrian bridge are used, in which damage may or may not be present. As a 
result of this study, damage detection is achieved with the one-class SVM algorithm, and explanations of the reasoning behind damage 
detection in structural response data is demonstrated to be possible with the XAI-SHM approach. It is expected that the approach proposed 
in this study will serve as a basis for the application of XAI in real-world SHM applications. 
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1 Introduction 

Structural response data, containing patterns and hidden information about structures, is used by structural health monitoring (SHM) 

systems to extract information about the condition of structures [1]. To this end, SHM systems usually use data-driven models, drawn from 

the fields of mechanics and mathematics, to extract structural information, without considering any physical principles underlying the 

structural behavior. Nevertheless, classical-mechanics data-driven models may not able to detect subtle damage present in structures, 

especially with the increasing complexity of civil infrastructure and the heterogeneity of data sensed by wireless sensor networks. As a result, 

SHM systems have begun using artificial intelligence (AI) algorithms, thanks to AI predictive capabilities, which allow detecting subtle 

differences and patterns in data that are not recognizable by classical-mechanics data-driven models [2, 3, 4, 5].  

In general, a broad range of scientific and industrial applications increasingly have been using AI algorithms, due to the AI predictive 

capabilities [6, 7]. In the field of SHM, structural damage patterns are revealed by correlations between datapoints, i.e. structural response 

measurements. Particularly, early-stage damage, i.e. onset of damage, has been proven harder to identify with conventional structural-

dynamics-based SHM strategies, such as operational modal analysis, due to the low sensitivity to damage (at a localized level) of structural 

dynamics properties, such as eigenfrequencies [8]. Therefore, AI algorithms, and particularly machine learning (ML), are tools that have 

become popular for early-stage damage detection. 

Adopting AI algorithm in SHM approaches dates back to the end of the 20th century, when Farrar et al. (1999) attempted to bring into 

discussion concepts of supervised learning and unsupervised learning for damage detection [9]. Damage detection approaches have been 

presented by the authors, both informally and formally, through human expert interpretation and judgment of damage-indicative features 

and through AI algorithms, respectively. Statistical pattern recognition paradigm and machine learning aspects for SHM have also been 

discussed [10]. Research examples focusing on AI-based SHM approaches for damage detection include using artificial neural networks 

[11] and applying Bayesian regression models for identifying damage in expansion joints of bridges [12]. Particularly, Worden et al. (2000) 

have addressed the identification of the onset of damage as “novelty” (outlier) detection [13]. Deviating from damage detection approaches, 

Smarsly and Law (2014) and Dragos and Smarsly (2016) have applied artificial neural networks for sensor diagnostics in SHM systems [14, 

15]. Due to the vivid interest in using AI algorithms for SHM, literature reviews have summarized the state-of-the-art of AI (and ML) in 

SHM [16, 17]. However, several AI algorithms have a “black-box” nature, where the inner mechanisms are not clear or explicit, making 

users lose confidence in using the AI algorithms. 



 

      

 

This paper presents an initial approach to allow users to trust “black-box” AI algorithms used in SHM.  Specifically, an explainable artificial 

intelligence (XAI) method is used as a basis for understanding how the input data, i.e. structural response data, affects the predictions of AI 

algorithms and thus, the internal mechanisms of AI algorithms. The proposed XAI-SHM approach is based on the concept of outlier 

detection, where an unsupervised one-class support vector machine (SVM) algorithm is used. The identification of damage by the one-class 

SVM algorithm relies on the detection of outliers. First continuous wavelet transform (CWT) is applied to the structural response 

measurements to pre-process and expose patterns (features) in the measurements. Then, the one-class SVM algorithm is implemented and 

trained, thereafter referred to as “one-class SVM model”, with the CWT generated from the data as input. Finally, features exposed in the 

CWT are used to provide an explanation of the decisions of the SVM model to users, using an XAI method. Simulations of a pedestrian 

bridge, where several structural behavior scenarios that may or may not include damage are included, are used to validate the proposed XAI-

SHM approach. The results prove that the XAI-SHM approach is capable of identifying structural-damage-behavior scenarios as outlier 

scenarios and of identifying random-fluctuation-structural-behavior scenarios as normal scenarios. Furthermore, the XAI method is proven 

able to provide an explanation to the predictions of the one-class SVM model. 

The remainder of this paper is structured as follows. Section 2 presents a brief description of the one-class SVM model. Section 3 presents 

and explains the details of the proposed XAI-SHM approach. Thereafter, Section 4 presents the validation tests. Finally, Section 5 provides 

the summary and conclusions, as well as an outlook on future work. 

2 Outlier detection 

This section presents a brief description of the unsupervised learning algorithm, i.e. one-class SVM algorithm used for outlier detection. Due 

to the robustness in predictions, SVM algorithms have been used extensively for classification and regression analysis problems [18]. SVM 

algorithms have several advantages, from which four stand out: (i) effectivity in high-dimensional spaces, (ii) effectivity when the number of 

features is greater than the number of datapoints, (iii) memory efficiency, and (iv) versatility in regard to the number of kernel functions 

available. Kernel functions are used to define the boundaries that group datapoints into classes within a dataset. Examples of kernel functions 

include linear kernel, polynomial kernel, radial basis function (RBF) kernel, and sigmoid kernel. SVM for classification problems solves the 

problem 
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where n is the number of datapoints, ζi is the average empirical error, and, given training data xi ∈ ℝp (i = 1…n) and target vector y ∈ {1, -1}n, 

the goal is to find weight w ∈ ℝp and bias b ∈ ℝp such that yi(wTφ(xi))+b ≥ 1-ζi for most datapoints. The kernel function applied to x is 

represented by φ(xi) and p is the number of features in the dataset. The tradeoff between misclassification of training data against the 

simplicity of the decision boundary is denoted as c. In this paper, the one-class SVM algorithm implements a kernel function used for outlier 

detection, i.e. previously unseen data is classified as similar or different to training data [19].  

One-class SVM algorithms prove their usefulness in problems where the dataset is imbalanced and defined by two classes or scenarios. On 

the one hand, there is a “normal” scenario, to which most datapoints belong and represents the normal circumstances or state. On the other 

hand, there is an “outlier” scenario with insufficient data, as the probability of an occurrence of the outlier is significantly low. As such, the 

one-class SVM model is trained only with datapoints belonging to the normal scenario and “learns” the boundaries of the normal scenario. 

Thereafter, during testing of the one-class SVM model, both normal and outlier scenario datapoints are fed and the output should be able to 

identify the outlier datapoints, which are outside the boundaries of the normal scenario.  

SHM problems usually employ the RBF kernel, since SHM data has numerous features and, thus, is in a high-dimensional space. During 

training of the SVM model using the RBF kernel, two hyperparameters are defined, ν and γ. The ν hyperparameter is equivalent to c in 

Equation 1 and is bounded between 0 and 1, representing the expected probability of occurrence of an outlier. The γ hyperparameter 

represents the correlation of one datapoint to other datapoints. When datapoints are closer to each other, a large γ parameter should be used 

to correctly group the datapoints together. Considering two datapoints, x and xʹ, the RBF kernel function is represented mathematically as 
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Figure 1 presents an example of a dataset with datapoints characterized by two features (mapped as horizontal and vertical axes coordinates) 

from a random sample of the standard normal distribution. Both γ and ν have been set to 0.1 for the example. Datapoints used for training 

are represented with red dots, new normal datapoints (normal scenario) are represented with light blue circles, and new outlier datapoints 

(outlier scenario) are represented with yellow circles. The boundary learned for the normal scenario data is represented with a red line, 

enclosing most of the training datapoints. The green contours surrounding the boundary represent the distance of the outlier datapoints 

from the boundary learned. In this paper, the boundary that is learned by the one-class SVM model separates normal structural operation 



 

      

 

from the scenarios indicative of structural damage. The following section presents the specifics on how the XAI-SHM approach is 

implemented. 

 

Figure 1:   Example dataset as classified by the one-class SVM model. 

3 XAI-SHM approach 

In this section, the XAI-SHM approach is described. First, an overview of the XAI-SHM approach is provided, followed by brief descriptions 

of methods used for data preprocessing and for explanation of one-class SVM outcomes as part of the proposed approach. 

3.1 Overview of the XAI-SHM approach 

Distinguishing damage from environmental conditions and random fluctuations in structural properties is one of the challenges of the XAI-

SHM approach. The random fluctuations include, for example, changes in geometry/stiffness due to temperature variations and changes in 

loading conditions (e.g. ice and traffic accumulation), which are typically part of the “normal” structural condition. SHM systems are usually 

designed to be used in a long-term basis, where the majority of structural response measurements collected belong to normal structural 

conditions. Therefore, the structural response measurements belonging to normal structural conditions may be used as normal scenario data 

for training the one-class SVM model. As a first step, continuous wavelet transform (CWT) is used to pre-process the raw structural response 

data, exposing features and patterns of the normal scenario data prior to being fed to the one-class SVM model. Thereafter, the one-class 

SVM model is trained with the CWT coefficients obtained from the previous step. Upon completing training, structural response data from 

unknown structural conditions and previously unseen by the one-class SVM model is pre-processed, by means of CWT, and fed to the one-

class SVM model. The one-class SVM model analyzes the data and outputs whether the data represents outliers or normal scenario data. 

Finally, the output of the one-class SVM algorithm is explained to the user, highlighting the CWT coefficients that contribute to the 

detection of outliers. The explanation is performed with the Shapley additive explanations (SHAP) XAI method, which relies on Shapley 

values [20]. A flowchart of the XAI-SHM approach is shown in Figure 2. In the following subsections, the CWT method and the Shapley 

values method are briefly described. 

3.2 Continuous wavelet transform 

Continuous wavelet transform is a digital signal processing (DSP) technique that obtains information on the frequency content of signals, 

e.g. structural response measurements, in the time domain. As such, CWT calculates which frequency components contribute to structural 

response measurements, while also coupling the effect of temporal information with each frequency component. The coupling of frequency 

components and time components is usually referred to as “coupled time-frequency information”. The CWT coefficients Lx of datapoint x 

over time t are defined as 
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with a being the “scale” factor of the CWT (frequency component), and τ being the “shift” factor (time component). The wavelet function 

(also referred to as “mother” wavelet) ψ is a short-wave function that is multiplied with measurement at time t of datapoint x. The scale 

factor, representing the frequency component, calculates wavelet coefficients across a range of scales, being comparable to the frequency 

bandwidth of the Fourier transform. The shift factor, representing the time component, defines how the mother wavelet is moved across 

every instance in time of datapoint x. CWT coefficients may be visualized in two-dimensional plots (images), where the horizontal axis 

represents the shift factor and the vertical axis represents the scale factor. In this paper, CWT coefficients are used as input data to the one-

class SVM algorithm. 

 

Figure 2:   Overview of the XAI-SHM approach. 

3.3 Shapley additive explanations  

Shapley additive explanations (SHAP) rely on Shapley values, which in turn is based on game theory. In game theory, there are several 

players with interactive decisions and the behavior between the players is studied with mathematical methods. SHAP assign values to the 

changes in the output of ML models based on changes in the features of a datapoint. Therefore, SHAP obtains the contribution of each 

feature to the prediction, referred to as SHAP values. SHAP values are computed by retraining ML models on subsets of features S ⊆ F, 

where 𝐹 is the set of all features. An importance value λ is assigned to each feature i, representative of the impact of the feature on the ML 

model prediction. The impact is computed by obtaining the difference between the predictions of a ML model fS⋃{i} trained with the feature 

present and the predictions of the ML model fs trained with the feature omitted. The differences are calculated for all subsets S ⊆ F for 

feature i, as the result of suppressing a feature may depend on the correlation the feature has with other features of the model. SHAP values 

are calculated as 
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where xS represents the values of the input features in subset S. The following section presents a case study of the XAI-SHM approach 

presented in this paper, by means of simulations of a pedestrian bridge. 

4 Case study: Simulations of a pedestrian bridge 

The proposed XAI-SHM approach is validated by means of simulations of a full-scale pedestrian bridge. The simulations include normal and 

outlier scenarios, corresponding to normal structural conditions and to damaged structural conditions, respectively. The normal scenario 

has no damage present but has random fluctuations in structural properties. The outlier scenario has damage-induced changes in structural 

conditions. In the following subsections, the pedestrian bridge is described, the modeling and simulation of the bridge is illuminated, and, 

finally, the results from applying the XAI-SHM approach are presented and discussed. 

4.1 Description of the pedestrian bridge 

The pedestrian bridge is a reinforced concrete overpass, facilitating pedestrian traffic over a waterfront boulevard in Thessaloniki, Greece. 

Figure 3 shows the pedestrian bridge, where it may be observed that the main span of the bridge deck rests on two piers with variable 

rectangular cross sections.  
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Figure 3:   View and geometry of the pedestrian bridge. 

The main span has a length of 34.60 m and is connected at its ends to two antisymmetric curved, skewed end-spans (depicted with grey color 

in the plan view) through expansion joints. The main span (depicted with black lines in the plan view) behaves as a quasi-autonomous girder 

with an effective length of 23.00 m between the supports (centroids of piers cross sections). The main span is also extended by two cantilevers 

of length 5.80 m, one at each support. The importance of the main span is higher than the end-spans, since the main span is located over the 

boulevard. As such, simulations in the validation tests focus on the main span. 

4.2 Modeling and simulation of the pedestrian bridge 

The main span of the pedestrian bridge is modeled as a continuous girder (“beam model”). An analytical modeling approach is used, as 

presented in [21]. Based on the analytical modeling approach premises, six modeling assumptions are made: (i) the Bernoulli-Euler 

differential equation describes the behavior of the beam model, (ii) the beam is of constant cross-section and constant mass per unit length, 

(iii) pedestrian traffic is simulated with two point loads, each initially located at one support (pier), and the loads move towards the middle 

of the main span (“moving loads”), i.e. in directions opposite to each other, at constant velocities, (iv) since the mass of the main span is much 

larger than the mass of pedestrians, the change in structural mass due to the presence of pedestrians on the main span is neglected and only 

“gravitational” effects of pedestrian traffic (i.e. the action of the moving loads in the vertical direction) are considered, (v) the damping is 

viscous, i.e. proportional to the velocity response of the beam, and (vi) the main span is simply supported at its connections to the piers. 

According to the aforementioned assumptions, the Bernoulli-Euler equation of motion for each moving load is [22]: 
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In Equation 5, E is the material modulus of elasticity, ρ is the material density, w is the vertical deflection of the beam, I is the moment of 

inertia of the beam cross section in the vertical direction, and A is the cross section area. In addition, the damping coefficient C is equal to 

C = 2ρΑξω, where ξ is the critical damping ratio and ω is the eigenfrequency of the beam model. Further information on the analytical 

modeling approach and on the solution of Equation 5 is presented in [21]. Variable t represents the time component and variable x represents 

the coordinate (location) in the longitudinal axis of the beam. The left-hand side support is represented by x = 0 and the right-hand side 

support is represented by x = 23.00. Furthermore, P and c denote the magnitude and velocity of the moving load, respectively. Finally, δ 

represents a Dirac function for considering the position of the moving load. The location for collecting structural responses is defined at 

x = 12.93 m, based on information gathered during a previous study using the pedestrian bridge [23]. The values for the parameters of 

Equation 5 are summarized in Table 1. The one-class SVM model is trained using 500 training scenarios. The scenarios are simulated with 

random velocities for the moving loads and random fluctuations of structural parameters, representing normal structural conditions. Each 

scenario contains measurements collected over a period of 100 seconds with a sampling rate of 100 Hz. The one-class SVM model is tested 

with an additional 124 testing scenarios. 25 of the testing scenarios involve damage in the bridge deck (stiffness reduction) and are expected 

to be identified as outliers by the one-class SVM model. The results from applying the SVM model are shown in the following subsection. 

Table 1:   Beam model parameters. 

Parameter Value Units 

Modulus of elasticity (E) 27.5·106 kN/m2 

Material density (ρ) 25.00 kN/m3 

Cross section area (A) 1.207 m2 

Cross section moment of inertia (I) 1.178 m4 

Critical damping ratio (ξ) 0.013 - 

Axisymmetric view Plan view

Section A-A Detail D1

34.60

23.00 5.805.80
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4.3 Results from outlier detection using the one-class SVM model 

As mentioned in the previous subsection, each scenario contains measurements collected over a period of 100 seconds with a sampling rate 

of 100 Hz, resulting in 10000 measurements (features). The scenarios are downsampled to 100 features,  reducing the dimensional space of 

the dataset and improving the accuracy of the model. The Fourier method is performed to downsample, while maintaining the information 

present in the scenario. Thereafter, CWT is applied to the dataset, using 40 scales and the Morlet function as mother wavelet [24]. The one-

class SVM model is trained using the RBF kernel, with ν = 0.0051 and γ = 0.02. After training, the one-class SVM model is tested with the 

test scenarios and achieves a global accuracy of 92.85% (ratio between correctly predicted scenarios and total observations) and a precision 

of 95% (ratio between correctly predicted scenarios and total predictions of each scenario). Figure 4 presents the confusion matrix of the test 

predictions obtained from the one-class SVM model, showcasing the capability of the one-class SVM model to identify outliers reliably. The 

top-left and bottom-right elements represent correctly predicted scenarios, whereas the top-right and bottom-left elements represent 

incorrectly predicted scenarios. 

 

Figure 4:   Confusion matrix of the predictions of the one-class SVM model. 

4.4 Explanation of outliers detected by the one-class SVM model 

Once the one-class SVM model has been tested and has obtained reliable metrics, a SHAP model is trained with all scenarios from the 

training and testing scenarios. Afterwards, SHAP values are calculated for 23 randomly selected scenarios, where 20 belong to normal 

scenarios and 3 belong to outlier scenarios. The scenarios are reevaluated 500 times by the SHAP model, variating the features of each 

scenario 500 times. Figure 5 shows two example scenarios with the SHAP explanations of the scenarios, (a) a no-damage (normal) scenario 

and (b) a damage (outlier) scenario. Images on the left show the CWT coefficients and images on the right show SHAP values on top of the 

CWT image. For each image, the y-axis represents the scale factors (frequency component) of the CWT and the x-axis is the represents the 

shift factor (time component). On the one hand, the normal scenario has SHAP values close to zero, with almost transparent color. On the 

other hand, the outlier scenario has negative SHAP values, with varying shades of blue, as the output of outliers in a one-class SVM model 

is represented by a value of -1. Consequently, it may be inferred that outlier detection is possible by extracting features underlying the data. 

In addition, as mentioned previously, the outlier scenario has CWT components marked by SHAP values with varying shades of blue, 

explaining which features have degrees of impact on the prediction of outliers. 

5 Summary and conclusions 

In this paper, an explainable artificial intelligence approach for structural health monitoring (XAI-SHM approach) has been presented. The 

objective of the proposed approach is to present a basis to make the decisions of black-box AI models transparent to practitioners and enhance 

the confidence of the SHM community in AI. The proposed XAI-SHM approach detects outliers in structural response data, indicative of 

damage, using an unsupervised learning one-class SVM model. Thereafter, the features governing the outcome of the one-class SVM model 

that are present in the structural response data and exposed by CWT are explained using Shapley values. Simulations of a pedestrian bridge 

are used to validate the XAI-SHM approach, including normal structural condition scenarios and damage scenarios. The ability of the XAI-

SHM approach to detect outliers, i.e. damage scenarios, is supported by the results. In addition, the SHAP values have shown that the 

detection of outliers is based on features existing in the structural response data that are exposed by CWT. Future work will include a more 

thorough reevaluation of the features during the SHAP model training, achieving more exhaustive estimates of SHAP values. The role of 

low levels of existing damage at normal operating conditions will also be addressed. Furthermore, the interpretation of the explanations of 

the SHAP model (features governing the outcome of the one-class SVM model) will be investigated. Finally, the convexity of the structural 

response data will be analyzed, confirming the appropriateness of the chosen SVM kernel.  

 



 

      

 

 
(a) 

 

(b) 

Figure 5:   SHAP explanations for two scenarios, (a) no damage and (b) damage. 
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