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Abstract

In the last decades, the structural health monitoring (SHM) has emerged as a promising approach to

provide more reliable and quantitative knowledge about structural condition. Posed in the context of a

statistical pattern recognition paradigm, the SHM has evolved and assigned, for instance, to the contin-

uous development of machine learning algorithms that model the normal condition of a structure and,

automatically, allow to infer early signs of damage. To overcome the unknown effects of operational and

environmental variability, new cluster-based algorithms have been required due to their inherent capa-

bility to automatically discover the main structural components of a system, allowing a proper learning

of the normal condition. Therefore, this paper proposes a novel unsupervised cluster-based technique,

the agglomerative concentric hypersphere (ACH), to learn the structural response as a small number

of structural states, even when operational an environmental influences produce nonlinear effects in

the data. Through a simple initialization and an agglomerative clustering procedure, this technique

assumes no underlying data distribution and does not require input parameters. The ACH is compared

to the Mahalanobis squared-distance algorithm on standard data sets from a post-tensioned bridge: the

Z-24 Bridge. The proposed technique demonstrates to be more suitable to model the normal condition

of the test structure as main structural components. Furthermore, the technique reveals a better classi-

fication performance than the alternative one in terms of false-positive and false-negative indications of

damage, demonstrating its applicability for real SHM scenarios.

1. INTRODUCTION

Civil infrastructures are present in every society, modeling cultures and marking historical periods. The

increasing demand for well-monitored structures has lead to strong research efforts to develop novel

structural management approaches, ensuring human life safety, economical factors and maintenance of

such structures. To support the most relevant activities and decisions, continuous monitoring approaches

are often required, mainly concerning the bridge management process [1, 2]. In that regard, structural

health monitoring (SHM) is usually employed in monitoring campaigns of bridges [3, 4].

In particular, one of the main challenges has been on bridge monitoring, aiming to identify with

high reliability the existence of damage at early stages [4]. The main reasons are related to the critical

role played by these structures in the transportation system of every country, requiring the development

of new technologies and methodologies to evaluate their health condition, regarding the decision making

process. However, an expected problem during the monitoring process is to detect damage in structures

influenced by environmental and operational factors (e.g., temperature, humidity, operational loading
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and boundary conditions), which may mask the existence of damage as well as the damage extension [5].

The bridge owners point out this issue as one of the major problems to the transition of SHM from

research to practice [6, 7].

To deal with this drawback, the implementation of real-time methodologies to attenuate (or even

completely remove) these undesired effects is a necessary matter. The use of machine learning algo-

rithms is often required for data normalization purposes, due to their capabilities to separate changes

in damage-sensitive features caused by varying operational and environmental conditions from those

caused by damage [8]. These approaches are usually classified as unsupervised and output-only meth-

ods. Their unsupervised characteristic is due to the training performed without any data from the un-

damaged structural condition. The output-only comes from a damage classification strategy without any

input information related to environmental and operational parameters.

To obtain useful information about the structural performance, parametric and nonparametric data

analysis methods can be employed to evaluate the structural system in a local and/or global manner,

depending on the location and the type of measured responses. Parametric approaches are model-based

methods that describe some physical behavior of the structure. On the other hand, nonparametric ap-

proaches refer to model-free methods, such as novelty or anomaly detection methods, which do not

define a distribution model to the structural responses. In many applications, parametric methods can be

impractical due to the level of expertise and time required to develop such models, even when they pro-

vide reliable physical conceptualization and prediction of future conditions [9, 10]. Therefore, nonpara-

metric models become an alternative, as they are very useful to structural diagnosis and computationally

efficient [11, 12].

Cluster-based algorithms are attractive due to their potential to discover groups of similar observa-

tions related to the same structural state at a given period of time, which permits one to track the outlier

formation regarding the chosen main groups of states, also known as structural components [13–15]. In

that sense, the approaches based on the Mahalanobis Squared Distance (MSD) are relevant, once they

assume that the normal condition can be modeled by a unique cluster from a multivariate Gaussian dis-

tribution [16,17]. When the data appear statistically inconsistent with the established model by the mean

vector and covariance matrix, it is assumed a damage occurrence. In this approach, damage is concerned

to an alternative mechanism not related to the model derived from the baseline data sets obtained under

operational and environmental condition. Many damage detection approaches based on MSD have been

proposed to bridge monitoring [1, 18, 19]; however it has been noticed that if nonlinearity is present in

the data, the MSD fails to model the normal condition, as it assumes the data as a unique multivariate

Gaussian distribution.

In this study, a cluster-based and nonparametric technique based on agglomerative concentric hy-

persphere (ACH) is proposed to data normalization and modeling of structural normal condition. The

method applies a density estimation approach to progressively cluster observations into similar data

groups, which permits one to automatically discover the optimal number of clusters. Note that, the pro-

posed approach does not require any input parameter and it can be used in monitoring scenarios without

any information about the underlying distribution of the structure responses.

To evaluate the reliability of the proposed approach, standard data sets from the Z-24 Bridge, in

Switzerland, are used to test the classification and data normalization performance. The classification is

evaluated on the basis of Type I/Type II error trade-offs. In SHM, in the context of damage detection, a

Type I error is a false-positive indication of damage and a Type II error is a false-negative indication of

damage.

This paper is organized as follows. Section 2 describes the main constraints of the ACH algo-

rithm to model the normal condition of structures. Section 3 is devoted to describe the data sets used

as damage-sensitive features from the Z-24 Bridge. Section 4 describes the experimental results and

carries out some discussions. Finally, the paper concludes in Section 5 with the main analysis and final

considerations.



2. DAMAGE DETECTION STRATEGY BASED ON AGGLOMERATIVE CLUSTERING
ALGORITHM

For general purposes, suppose training and test matrices, X ∈R
n×m and Z ∈R

l×m, respectively, defined

with n observations under normal variations when the structure is undamaged and l observations col-

lected during the undamaged/damaged conditions, where m is the number of features obtained during

feature extraction process.

The main goal of the ACH-based algorithm is to define, during training phase, a set of centroids

that corresponds to a finite structural global states, concerning any possible sources of variability. The

algorithm evaluates the boundary regions that limit each possible cluster by inflation of concentric hy-

perspheres, defining groups of observations with high similarity, allowing to infer interpretations of

structural health.

In that regard, the ACH algorithm can be divided into three main steps. First, for an arbitrary num-

ber of clusters K and an initial set of centroids C = {c1,c2, . . .cK}, each candidate centroid is displaced

to the position with greater observation density, i.e., the mean of the closest observations around it. Sec-

ond, using a pivot centroid ci, a hypersphere is positioned in the feature space, where its corresponding

center is the i-centroid. Then, the hypersphere is inflated by increasing progressively its initial radius,

given by

r
(0)
i = log10

(

‖ci − xmax‖
2 +1

)

, (1)

where xmax is the farthest observation of the i-cluster, such that ‖ci − xmax‖ is the cluster radius. The

hypersphere radius is linearly increased according to

r
(t+1)
i = r

(t)
i + r

(0)
i , (2)

where r
(t)
i is the t-th radius of the hypersphere belonging to the i-cluster. After two consecutive inflations,

the observation density inside the two settings of the hypersphere is evaluated. The inflation process

continues if the density of the second setting is greater than the first; otherwise the process is stopped.

The idea behind this step concerns to the fact that if a centroid is at the center of a cluster, then it is at

the region of higher observation density. As the hypersphere radius is close to the boundary region (a

conceptual fuzzy frontier that separates clusters) its observation density tends to decrease compared to

the previous setting, due to the observation disposition in feature space becomes more scattered.

Finally, in the third step, after the linear inflation stops, the number of candidate centroids inside

the hypersphere is calculated. If more than one centroid is present they are agglutinated to create a

unique representative centroid, i.e., the average of the centroids. On the other hand, if only the pivot

centroid is within the inflated hypersphere, then this centroid is assumed as the center of the cluster

and the agglutination is not performed. The initial set of centroids C must be updated as agglutination

occurs. The entire process is repeated until there is no centroid agglutination after evaluate all centroids

or its number is equal to one. Different approaches can be employed to select the initial set of candidate

centroids [20]. In this study, this set is defined by selecting randomly n/2 observations from training

matrix.

The structural damage classification is carried out using the centroids defined in the training phase

to estimate a global damage indicator (DI) for each observation in the test matrix. Basically, for a given

test feature vector, zi, the Euclidean distance for all centroids is calculated, where the DI(i) is considered

the smallest distance,

DI(i) = min(‖zi − c1‖ ,‖zi − c2‖ , . . . ,‖zi − cK‖) , (3)

where c1,c2, ...,cK are K different centroids estimated during training phase, concerning to different

learned structural states. Then, a linear threshold corresponding to a certain level of confidence over the



training data must be determined. In this study, the threshold is defined for 95% of confidence on the DIs

taking into account only data from the baseline condition used in the training process. This approach

intends to assign each test observation to a normal structural state. In the case of an observation is not

related to any normal learned state, it is assumed as a damage indication. Thus, if the ACH algorithm

has properly modeled the normal condition, then it should output less than 5% of false alarms for the

undamaged data used in test phase.

3. TEST STRUCTURE AND DATA SET DESCRIPTION

The Z-24 Bridge was a standard post-tensioned concrete box girder bridge composed of a main span of

30 m and two side-spans of 14 m, as shown in Figure 1. Aiming to provide a feasible tool for vibration-

based SHM in civil engineering, a long-term monitoring test was carried out, from 11th of November

1997 until 10th of September 1998 [21]. Dynamical tests were performed to quantify the operational and

environmental variability influence on the bridge and artificial damages. Every hour, eight accelerom-

eters captured the vibrations of the bridge and an array of sensors measured environmental parameters,

such as temperature at several locations, for 11 minutes. Progressive damage tests were carried out in

one-month time period, shortly before the complete demolition of the bridge (from 4th of August to 10th

of September 1998), to prove that realistic damage has a measurable influence on the bridge dynamics.

Figure 1 : Longitudinal section (upper) and top view (bottom) of the Z-24 Bridge.

To obtain a physical meaning for damage sensitive-features, the natural frequencies from the Z-

24 Bridge are extracted. A daily vibration monitoring was performed at 5 a.m. (because of the lower

differential temperature on the bridge) from 11th of November 1997 to 10th of September 1998 to

extract damage-sensitive features, resulting in a total of 235 feature vectors (observations), one per

day of operation. From these data, two main natural frequencies were estimated using the stochastic

subspace identification method [19, 22].

The two main frequencies are presented in Figure 2, along with circles referring the observations ex-

tracted below 0◦C. On the other hand, a two-dimensional view of the two main frequencies are depicted

in Figure 2. Realize that the first 198 observations correspond to the damage-sensitive features extracted

within the undamaged structural condition under effects of operational and environmental variability.

The last 37 observations correspond to the damage progressive testing period, which is highlighted,

especially in the second frequency, by a clear drop in the magnitude.

The damage tests were performed before bridge demolition in the period of 4th of August to 10th

of September 1998 (198-235 observations) in a sequential manner, which cause cumulative degradation

of the bridge. Therefore, in this study, the statistical modeling is carried out taking into account only
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Figure 2 : The first two natural frequencies extracted daily at 5 a.m. from 11th of November 1997 to 10th of

September 1998 (left); feature distribution of the two most relevant natural frequencies (right).

data related to the undamaged condition (1-198 observations). To test the proposed approach, the entire

data set is used (1-235), including data from damaged condition, to prove the algorithm capabilities to

overcome normal variations and detect the occurrence of damage under temperature variability.

4. RESULTS AND DISCUSSION

In this section, the performances of the ACH- and MSD-based approaches are compared on the basis

of Type I and Type II errors and their capabilities to deal with operational and environmental effects.

As previously mentioned, the ACH does not require any input parameter as well as the MSD-based

approach. The threshold is defined based on a cut-off value of 95% over the training data.

4.1 Evaluation study of the main structural components

The classification performance and capabilities to attenuate operational and environmental variations

is directly affected by the learning of the normal condition during training phase. Thus, in cluster-

based approaches, the main goal is to establish a logical relation between the chosen main structural

components and the current structural health of the system, concerning to the main sources of variability,

allowing to correlate physical states of the structure with a finite and well defined number of main

global structural states [19]. In that regard, the main structural components identified by the ACH-based

approach on the training data (baseline data) only and on the entire data sets are highlighted in Figure 3.

For the baseline data, three structural components are discovered, indicating more than one source

of variability affecting the bridge during the normal condition. As indicated in Table 1, the first cluster

is centered at (3.96, 5.18), attracting around 90% of the training data, which indicates that it is related

to moderate variations caused by environmental and operational factors. In this case, non scattered data

indicates small fluctuations in frequency domain, especially in the first frequency, resulting in a regular

and periodical behavior in the period preceding the damage scenarios. The second cluster is centered

at (4.29, 5.54) and it is assigned to 7% of the undamaged observations. In fact, this component can

be explained by the gradual changes in the structural vibration response caused by stiffness changes

in the asphalt layer due to the fast decrease in temperature. Below 0 ◦C, the Young’s modulus of as-

phalt increases rapidly and change slightly the elastic properties of the structure [23], which explain

the nonlinear effects in the structural responses derived from linear temperature influences. The third

component, centered at (4.36, 5.71), assigns 3% of the training data and may be related to the period of

lower winter temperature, which introduced the most severe effects.
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Figure 3 : Clustering performed by ACH algorithm along with the observations using the data sets from the Z-24

Bridge: training (left) and entire (right) data sets, respectively. The circles highlight the final hypersphere for each

structural component.

Table 1 : Parameter estimation using the ACH algorithm for training (1-198) and entire (1-235) data sets from the

Z-24 Bridge (standard errors smaller than 10e−003).

Data set Description Cluster 1 Cluster 2 Cluster 3 Cluster 4

Training
Weight (%) 90 7 3 ———-

Mean (Hz) (3.96, 5.18) (4.29, 5.54) (4.36, 5.71) ———-

Test
Weight (%) 65 11 7 17

Mean (Hz) (3.94, 5.17) (4.13, 5.26) (3.30, 5.54) (3.89, 4.93)

To establish further analysis, an additional study taking into account the entire data sets (all 235

observations) is carried out. For the entire daily data set, the same three components found in the training

data are detached by the ACH algorithm, however a fourth component was included. In relation to the

baseline data, the first and third component appears closer to the previous position, except for a small

shift to the lower region of the feature space, probably caused by the attraction of the new component.

A severe change can be noticed in the second component, which is overlapped with the first one. This

is probably due to the shift produced in the first component, which it is assigned with observations not

presented during training phase (related to damaged condition), aggregating more observations in the

range of the second component, and consequently, to the third one. The fourth component is likely

concerned to the damaged condition and embeds, approximately, the entire damaged data, as noticed

in Figure 3 (b). Although this unique global damaged state suggested by the ACH algorithm can be a

suitable approximation to model the damaged condition, it could be better modeled by two damaged

components, separating the gradual damage accumulation from the most severe damages, regarding the

observations at lower region of feature space.

4.2 Damage detection with daily data set

The ROC curves are a conceptually simple technique to visualize and select the best classifier on the

basis of classification performance. They focus on establish a trade-off between true detection and false

alarm rates. The point at the left-upper corner of the plot (0, 1) is called a perfect classification. Thus, to

summarize the classification performance of ACH- and MSD-based approaches, Figure 4 plots, partially,



their corresponding ROC curves in linear scale. Looking at the curves, it is possible to infer that none

approach reached a perfect classification using a linear threshold base on 95% of confidence, as none

of the curves go through the left-upper corner. However, one can verify that for a level of significance

around 5%, the ACH-based approach demonstrates a better damage detection rate for all the true alarm

domain when compared to MSD. Also, for low probabilities of false alarm rate, the MSD presents a

very poor performance, which indicates that it is not a good choice when minimization of Type II errors

is a critical effort.
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Figure 4 : Partial ROC curves for the ACH- and MSD-based approaches.

To quantify the classification performance and confirm the behavior indicated by the ROC curves,

Table 2 summarizes the number of Type I and Type II errors. As the linear threshold is defined based

on the entire baseline data, the number of Type I errors is the same for both approaches, misclassifying

5.07% (10 observations) of the baseline data. However, for the MSD-based approach, the number of

Type II errors demonstrates problems in modeling the normal condition, as previously indicated by

ROC curves, leading to misclassify 37.83% (14 observations) of the entire damaged data and a total

amount of errors equal to 10.21% (24 observations). On the other hand, the ACH algorithm misclassified

only 5.40% (2 observations) of the damaged data and a total amount of errors equal to 5.10% (12

observations). The results suggest that for applications in which ensure human life safety is the main

goal, the ACH-algorithm is the most indicated.

Table 2 : Number and percentage of Type I and Type II errors for ACH- and MSD-based approaches using a daily

data set from the Z-24 Bridge.

Approach Type I Type II Total

ACH 10 (5.05%) 2 (5.40%) 12 (5.10%)

MSD 10 (5.05%) 14 (37.83%) 24 (10.21%)

To carry out further damage detection analysis and evaluate the data normalization performance of

both approaches, the DIs obtained from the test data set are highlighted in Figure 5 using a linear thresh-

old based on the 95% cut-off value over the training data. One can verify that the ACH-based approach

outputs a monotonic relationship in the amplitude of the DIs, allowing to establish a direct relation be-

tween the DI and the corresponding level of bridge degradation. On the other hand, the MSD fails to

establish the same relationship, and also demonstrates inefficiency to filter the temperature variations.

Actually, in relation to data normalization, the ACH algorithm successfully filter near all environmental

and operational influences, demonstrating a good performance to model the normal condition.
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Figure 5 : DIs along with a threshold based on a cut-off value of 95% over the training data (1-198) from the Z-24

Bridge for ACH- (left) and MSD-based (right) approaches.

5. CONCLUSIONS

To model the normal condition and detect structural damages, this paper presents a clustering approach

based on concentric hyperspheres and data density analysis that automatically discovers the main normal

structural components. The algorithm assumes no particular underlying data distribution and does not

require any input parameter. The approach is output-only and unsupervised, which means that neither

information related to operational and environmental variations is required nor damaged data to train

the model. The proposed approach is compared to the MSD-based algorithm and evaluated on the basis

of Type I/Type II errors through application on data sets from the Z-24 Bridge. The results suggest that

the ACH algorithm is more suitable than the alternative one to be employed in real applications.

Although the proposed technique is nonparametric, the clustering performed on vibration data from

the Z-24 Bridge indicates the possibility to derive a physical meaning for the selected clusters, regarding

the operational and environmental influences, which allows one to overcome these normal variations and

track the outlier formation in relation to the chosen main groups of states. On the other hand, the MSD

presents a poor data normalization performance, reflected in the number of Type II errors and ROC

curves. Also, it provides a difficult interpretation of the results as the data are not suitably modeled

by only one Gaussian component, affecting its performance to model the normal condition and surpass

normal variations.

In addition, the ACH algorithm demonstrates effectiveness to lead with a limited amount of training

data, because its agglomerative behavior allows, initially, cover all regions of the feature space and define

small clusters. Gradually, as the agglomerative procedure operates, the initial clusters are merged into

bigger ones that approximately describes the main data distribution shapes. However, the initialization

procedure may directly influence the clustering performed, as the algorithm is dependent on the initial

position of the centroids. Thus, in future, it is intended to study other initialization procedures and carry

out analysis in other types of structures, such as buildings and railways.
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