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ABSTRACT 
 
Recent developments suggest that, in an effort to create more robust bridge management, in particular the 
improvement of the structural condition assessment, the information derived from the Structural Health 
Monitoring (SHM) should be merged into the BMS, in a systematic way. In order to have a broad discussion on 
the past, the present, and the future on that topic, an International Seminar was held at the Catholic University of 
Portugal. This seminar brought together bridge designers and owners, researchers, and students to discuss the 
current condition of the bridges in Portugal and to highlight shortcomings, needs, and future developments in 
inspection, condition assessment, and maintenance strategies in bridges. This seminar permitted one to conclude 
that, the current structural condition assessment tools need to be improved and, in particular, it highlighted the 
potential of SHM technology to achieve that. Thus, this paper intends to summarize some of the seminar 
conclusions as well as to draw an approach to integrate, systematically, information from long-term SHM 
systems into the BMSs. This approach is based on a Gaussian Mixture Model, which permits one to cluster 
structural responses of a bridge into a reduced number of global state conditions, by taking into account eventual 
multimodality and heterogeneity of the data distribution. The applicability of this approach is demonstrated on 
standard data sets from a real-world bridge in Switzerland, namely the Z-24 Bridge. 
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INTRODUCTION  
 
The bridge management has been defined as a multidisciplinary field incorporating knowledge from structural 
engineering, information technology, and economics (Wenzel 2009). The Bridge Management Systems (BMSs) 
are computerized tools, which incorporate that knowledge aiming to optimize maintenance budgets within a 
stock of existing bridges. The structural condition assessment of bridges is a subset of the structural engineering, 
concerning exclusively with the assessment of the structural integrity to fulfill the technical requirements for use 
in serviceability limit states and to fulfill the structural capacity to resist to the ultimate limit states. 
However, initially the BMSs were simply inventories of basic bridge information such as construction date, 
location, owner details, etc. Then, they evolved to incorporate information derived from scheduled bridge 
inspections and maintenance activities. Currently, the BMSs aim to cover all activities performed during the 
service life of bridges, from design to demolition, by taking into account public safety, authorities’ budgetary 
constraints, and transport network functionality. Potentially, they possess mechanisms to ensure that the bridges 
are regularly inspected, evaluated, and maintained in a systematic way. Broadly speaking, the main goal of a 
BMS is to ensure structural safety and functionality while minimizing costs. 
However, the BMSs still rely heavily on the bridge inspections, especially on the visual inspections, which can 
be subjective (FHWA 2001) and eventually compromise the structural evaluation and, consequently, the 
maintenance decisions as well as the avoidance of bridge collapses. Therefore, reducing maintenance budgets 
have pushed to the advent of more complex BMSs capable to optimize maintenance at minimum long-term cost 
for the transportation network. 
In that sense, in the last years, the Non-destructive Evaluation (NDE) and the Structural Health Monitoring 
(SHM) fields have emerged to aid the management of bridges with more quantitative information. As explained 
in Cross et al. (2013), the NDE concerns the health assessment of a structure, or its components, through offline 
non-damaging procedures. Although most of the techniques used for NDE might be used for SHM purposes, 
one should keep in mind that NDE normally occurs as a local event in time, often applied to a small area of a 



structure where damage is thought to be present. On the other hand, SHM assumes an online approach, 
continuous in time and global in nature, with the aim of autonomous monitoring. One should also note that 
SHM is more than monitoring Cross et al. (2013), as the simple collection of data does not constitute SHM. 
Rather, SHM assumes a continuous strategy of damage identification based on monitoring data. It is fair to 
observe that NDE may be incorporated into the SHM systems, but not vice-versa. Even though, SHM is a field 
with enormous potential for structural assessment, one should note that SHM technology for bridges is still 
limited by its current low benefit-to-cost ratio, which has restricted the applicability of this technology only to 
special bridges. 
Therefore, in order to have a broad discussion on the past, the present, and the future of structural condition 
assessment of bridges, the International Seminar SCABPPF – Structural Condition Assessment of Bridges: Past, 
Present, and Future was held at the Catholic University of Portugal. This seminar brought together bridge 
designers and owners, researchers, and students to discuss the current condition of the bridges in Portugal and to 
highlight shortcomings in current bridge inspection, condition assessment, and maintenance strategies. This 
seminar permitted one to conclude that the current structural condition assessment tools need to be improved 
and that the SHM technology may play an important role for that improvement. (Note that other tools or 
methodologies were suggested, during the seminar, to improve the condition assessment of bridges, but not 
reported here for the sake of simplicity.) Based on the seminar outcome, some useful general guidelines for the 
future of SHM and BMS are extensively reported in the proceedings of the seminar (Figueiredo et al. 2013) and 
also summarized in Figueiredo (2013). Nonetheless, for completeness, those guidelines are summarized herein 
as follows. 
 
General Guidelines for the Future of SHM 
 

• The SHM community must move away from developing technology independently from the bridge 
design community, the government agencies, and bridge owners responsible for bridge management. 

• The SHM systems of bridges have evolved using ready-to-use off-the-shelf technology; however, the 
SHM research should pursue tailor-made SHM systems as a function of bridge types/components, in 
order to meet the needs of the bridge owners and the needs of the bridge management. 

• Increase the reliability and robustness of sensors and equipment installed in the bridges. 
• Improvement of software solutions for data visualization, data interpretation, and damage identification. 
• In a long-term monitoring, the life cycle of the monitoring systems must be balanced with the expected 

life cycle of the bridges; therefore, sensing systems must last for many years with minimal sensor 
maintenance and should also be prepared for replacement. 

• The SHM technology needs more proof-of-concept demonstrations; field destructive tests on bridges, 
already scheduled for demolition, such as the ones performed on the Z-24 Bridge in Switzerland (Peeters 
et al. 2001), are recommended; in these structures, one can simulate and detect real-world damage 
scenarios and test the robustness of the SHM technology for early damage detection; additionally, a 
direct comparison with routine bridge inspections might be performed to improve the reliability of those 
inspections. 

• From the earliest days, infrastructure has been built by a combination of private and public funding, in 
ventures involving business at both national and local government; private funding was given the 
incentive to invest in often cutting-edge technology by the prospect of earning proper returns; therefore, 
any proposal for SHM technology should present the expected benefit-to-cost ratio, in order to convince 
the owners to invest. 

 
General Guidelines for the Integration of SHM into BMS 

 
• Improvements in damage identification and quantitative measures are needed to optimize BMS; it is 

believed that any proposal for bridge safety and maintenance should be based on results from long-term 
monitoring (i.e. SHM) as well as bridge inspections; this approach will contribute to a much more 
reliable condition assessment and, therefore, engineers and/or owners will be provided with more 
quantitative information to support their decisions. 

• The SHM technology does not intend to replace the visual inspections, rather they intend to provide 
accurate assessment and, at most, reduce the bridge inspection frequency; therefore, engineering 
judgment will always support the decision making process in terms of priority and maintenance options; 
the computer-aided management of bridges, i.e. the BMSs, stand as a useful data storage and retrieval to 
assist engineers to make decisions. 



• A general statistical pattern recognition (SPR) paradigm, that can encompass both physical modeling and 
machine learning approaches, has been proposed and adopted by many researchers worldwide, as a way 
to integrate quantitative information from the SHM systems into the BMSs. 

• Development of an integrated asset management tool for highway infrastructure for estimating the 
remaining lifetime, taking into account the structural design, the data from bridge inspections, and the 
data from SHM. 

 
The general guidelines for the future of both fields (SHM and BMS) suggest that the information derived from 
the SHM systems should be integrated into the BMSs, as a complementary tool to support the bridge inspections 
and, therefore, to increase the reliability of the condition assessment. It is also pointed out that the SPR 
paradigm may play an important role to treat the raw data measured by the monitoring systems, as it permits one 
to reduce the data dimensionality and to classify them based on the past data. As explained in Farrar et al. 
(2013), the SPR paradigm can be split into four stages, namely operational evaluation, data acquisition, feature 
extraction, and statistical modeling for feature classification. 
However, while the long-term monitoring of bridges is becoming more common in the current days, the 
applicability of SHM is still challenged by many sources of variability at various stages, such as the effects of 
the operational and environmental variability present on the bridges. Actually, those effects on the structural 
response have been posed as one of the main challenges to transit the SHM technology from research to practice 
(Figueiredo 2010). Several studies have pointed out that the ambient temperature and the mass added by traffic 
can cause variability in the bridges’ modal properties of a range of 5-10%, in a regular basis, which can 
potentially mask those changes caused by damage (Farrar et al. 1994, Kim et al. 1999, Cross et al. 2010, Xia et 
al. 2012). In order to remove those effects, in the last decade recourse has been made to the so-called machine 
learning algorithms. Generally, those algorithms are based on purely data-based methods because they only rely 
on features from the structural response data and they are independent of the structural complexity. 
In this paper, a machine learning algorithm based on a Gaussian Mixture Model (GMM) is presented. The 
GMM-based algorithm is tested using hourly observations extracted from data sets from the Z-24 Bridge. The 
standard data sets are unique in the sense that they combine one-year monitoring with realistic damage scenarios 
(such as settlements, spalling of concrete, failure of a concrete hinge, failure of anchor heads, and failure of 
tendon wires) along with effects of the operational and environmental variability. Actually, Peeters et al. (2001) 
performed a study addressing the influence of the temperature effect on the modal parameters of the Z-24 
Bridge. The author speculated that differences in the natural frequencies ranging from 14-18% must be 
explained by environmental changes. For completeness, the challenges posed by the operational and 
environmental variability and the advantages of the machine learning algorithms for damage identification are 
explained in Figueiredo et al. (2011a). The GMM-based algorithm is useful for bridge applications because it 
permits one to reduce daily data into a single damage indicator (DI) and to overcome some of the limitations 
posed by the pattern recognition paradigm when dealing with limited amounts of training data. Figueiredo and 
Cross (2013) have already demonstrated the applicability of the GMM-based algorithm for modeling response 
data with nonlinear behavior. Actually, one should also note that this algorithm stands as an improved over other 
linear algorithms, such as the Mahalanobis Squared Distance (MSD) and Principal Component analysis. 
Therefore, this paper intends to show the applicability of the SPR paradigm to derive information capable of 
being integrated into the BMSs. In particular, it pretends to use a GMM-based algorithm, to analyze, to reduce 
the dimensionality, and to classify the data, measured from a long-term monitoring system, in the presence of 
nonlinear effects caused by operational and environmental variability. The classification performance is 
assessed on the basis of Type I/Type II error trade-offs. In the context of SHM, a Type I error is a “false-
positive” indication of damage and a Type II error is a “false-negative” indication of damage. This technique 
recognizes that a false-positive classification may have different consequences than false-negative ones.  
 
 
EXPERIMENTAL PROCEDURE 
 
The Z-24 Bridge was a standard post-tensioned concrete box girder bridge composed of a main span of 30m and 
two side-spans of 14m, as shown in Figure 1. The bridge, before complete demolition, was extensively 
instrumented and tested with the aim of providing a “feasibility tool” for vibration-based SHM in civil 
engineering (Peeters et al. 2001). A long-term monitoring test was carried out, from 11 November 1997 until 10 
September 1998, to quantify the operational and environmental variability present on the bridge and to detect 
the existence of damage artificially introduced, approximately, in the last month of the observation period (4 
August to 10 September 1998). Every hour, environmental quantities, such as temperature at several locations, 
were measured from an array of sensors. In particular, every hour, eight accelerometers captured the vibrations 
of the bridge for 11 minutes. Progressive damage tests (settlement, concrete spalling, landslide at abutment, 



concrete hinge failure, anchor head failure, and rupture of tendons) were carried out in an one-month time 
period shortly before the demolition of the bridge, in order to prove that realistic damage has a measurable 
influence on the bridge dynamics. Note that the monitoring system was still running during the progressive 
damage tests, which permits one to validate the SHM system to detect accumulative damage on long-term 
monitoring. 
 

 
Figure 1. Longitudinal section (upper) and top view (bottom) of the Z-24 Bridge (Peeters et al. 2001) 

 
ALGORITHM BASED ON A GAUSSIAN MIXTURE MODEL FOR LONG-TERM FEATURE 
CLASSIFICATION 
 
The GMM-based algorithm carries out a model-based clustering, using multivariate finite mixture models, that 
aims to capture the main clusters/components of the observations that correspond to the normal and stable state 
conditions of a bridge, even when it is affected by extreme operational and environmental conditions. After that, 
an outlier detection strategy is implemented in relation to the chosen main components of states. Basically, 
damage detection is carried out on the basis of an outlier detection strategy using a machine learning method 
based on multiples MSDs, where the covariance matrix and mean vectors are function of the main components. 
Suppose that a training matrix X  is available, which consists of  n  i.i.d. observations of a random m-
dimensional variable/vector, arising from a mixture of  K  distributions (Figueiredo et al. 2012), 

    

fmix (x) = ηk fk (x |θk )
k =1

K

 , (1)

with     fk (x |θk )  being the density of a distribution from a known parametric distribution family   τ (θ ) . In this 

setting, one is concerned with the estimation of the component parameters   θ = (θ1, ...,θK )  and the mixture 

weights     η = (η1, ...,ηK ) of the underlying mixture distributions, based on the data X . In this case, one assumes 
underlying multivariate Gaussian mixture distributions, and so each component density is an m-variate Gaussian 
function in the form of (McLachlan and Peel 2000), 

    

f (x | μk , Σk ) = 1

(2π )m / 2 | Σk |1/ 2
exp − 1

2
(x − μk )T Σk

−1(x − μk )
 
 
 

 
 
 

, (2)

with unknown parameters   θk = {μk , Σk } , namely mean vector  μk  and covariance matrix   Σk . The mixture 

weights satisfy the constraint that 
  

ηk = 1
k =1

K . The complete GMM is parameterized by the mean vectors, 

covariance matrices, and mixture weights from all component densities,   {μk , Σk ,ηk }k =1,...,K . 

The parameters are estimated from training data using the classical maximum likelihood (ML) estimation based 
on the expectation-maximization (EM) algorithm. The Bayesian information criterion (BIC) is used to 
determine the appropriate number of components, which introduces a penalty term for the number of parameters 
in the model. Note that the BIC is closely related to the Akaike information criterion (Figueiredo et al. 2011b). 
The authors acknowledge the existence of other alternative methods for parameter estimation, such as the 
Bayesian approach based on a MCMC algorithm as described in (Figueiredo et al. 2012). 



For the damage detection process, and for each observation z , one needs to estimate K DIs. Basically, for each 
main component k of the data, a MSD model is applied in the form of  

    DIk (z) = (z − μk )Σk
−1(z − μk ) , (3)

where   μk  and   Σk  represent all the observations from the k component of the data, when the structure is 
undamaged even though under varying operational and environmental conditions. Note that for each component 
k, if the null hypothesis (undamaged condition) is true, i.e., a new observation z is extracted from the same 
component as the undamaged data, then the test statistic MSD will be Chi-square distributed with m degrees-of-

freedom,   χm
2 . Finally, for each observation, the DI is given by the smallest DI estimated on each component,  

    
DI (z) = min DIk (z)[ ]. (4)

 
 
RESULTS AND DISCUSSIONS 

Feature Extraction 
 
The natural frequencies of the bridge are used as damage-sensitive features. They were estimated using a 
covariance-driven stochastic subspace identification technique on acceleration time series from the 
accelerometers mounted on the bridge. Figure 2 plots the first four natural frequencies estimated hourly from 
11th of November 1997 to 10th of September 1998, with a total of 3932 observations. The first 3462 observations 
correspond to the damage-sensitive feature vectors extracted within the undamaged structural condition yet 
under effects caused by the operational and environmental variability. The last 470 observations correspond to 
the damage progressive testing period, which is highlighted, especially in the second frequency, by a clear drop 
in the magnitude of the frequency. Note that the damage scenarios are carried out in a sequential manner, which 
cause a cumulative degradation of the bridge. Therefore, in this study, it is assumed that the bridge operates 
within its undamaged condition (baseline or normal condition), under operational and environmental variability, 
from 11th of November 1997 to 3rd of August 1998 (1-3462 observations). On the other hand, the bridge is 
assumed damaged from 4th of August to 10th of September 1998 (470 observations). For the baseline condition 
period, the observed jumps in the natural frequencies are related to the asphalt layer, in cold periods, that 
contributes, significantly, to the stiffness of the bridge. Actually, Peeters et al. (2001) showed the existence of a 
bilinear behavior in the natural frequencies for below and above freezing temperature, which is the considered 
nonlinearity in this study. Note that the features are plotted in concatenated format, which does not permit one to 
show the existence of gaps caused by either interruption in the power supply during the acquisition or lack of 
excitation in the bridge to estimate the natural frequencies. 
 

 
Figure 2. First four natural frequencies of the Z-24 Bridge: 1-3462 baseline/undamaged condition (BC), 3463-
3932 damaged condition (DC) 
 
Statistical Modeling for Feature Classification 
 
For generalization purposes, the feature vectors (or observations) were split into the training and the test 
matrices. The training matrix permits the algorithm to learn the underlying distribution and dependency of all 
observations under operational and environmental variability. As shown in Figure 2, the training matrix is 



composed of 90% of the observations from the undamaged condition. The remaining 10% of the undamaged 
observations are used during the test phase to make sure that the DIs do not fire off before the damage starts. 
The test matrix is composed of all the data sets, even the ones used during the training phase. In the test phase, 
the algorithm is expected to detect deviations from the baseline condition when observations come from the 
damaged condition even with the presence of operational and environmental variability. Note that even though 
the damaged observations are known a priori, the GMM-based algorithm is still applied in an unsupervised 
learning mode, because no information about the presence of damage is provided during the training phase. 
The GMM-based algorithm is built with seven main normal components (K=7), as suggested by the 
minimization of the BIC function in Figure 3. Therefore, the algorithm sets seven independent MSD models 
based on the same number of main normal components from the baseline condition. This algorithm takes into 
account changes in the structural stiffness, caused by temperature variations, by modeling the training data set as 
a mixture of Gaussian components. Basically, the GMM-based algorithm clusters the structural responses of the 
bridge into seven global state conditions, by taking into account the multimodality and heterogeneity of the data 
distribution.  
For completeness, Figure 4 plots the mixture weights of the underlying main components, whose main 
component accounts for 39% of the training data. Note that herein, the finite GMM is found through the 
maximization of the complete-data likelihood function derived from the EM algorithm, which is vulnerable to 
obtaining spurious modes in the density. In this case, and to overcome that limitation, the EM algorithm was run 
several times to make sure the component parameter lies close to the maximum of the likelihood function. 
Nevertheless, it also can be overcome through the inclusion of a proper prior distribution on the component 
parameter, which has a smoothing effect on the mixture likelihood function in cases where the EM algorithm 
leads to degenerate solutions (Figueiredo et al. 2012). 
Figure 5 plots the DIs derived from the GMM-based algorithm, along with a threshold defined for a level of 
significance of 5%. From a general perspective, one concludes that the algorithm is able to remove the nonlinear 
patterns from the training observations caused by extremely cold temperatures (which corresponds to changes in 
the structural stiffness) as indicated by the existence of apparently random outliers for the entire baseline 
condition period. Additionally, the algorithm apparently is modeling well the baseline condition because the DIs, 
from the observations not used during the training process (3117-3462), do not fire off before the damage starts. 
Table 1 summarizes the number of Type I and Type II errors, which clearly suggests that the GMM-based 
algorithm has a relatively good classification performance in terms of minimization of false alarms (Type I = 
3.0% and Type II = 2.3%). 
Finally, and for completeness, Figure 6 shows the classification performance of the GMM-based algorithm as a 
function of the number of main normal components k=1,…,15. From the figure one can visualize a stabilization 
of the Type I errors for the number of components equal and higher than seven, which confirms the indications 
given by the BIC function in Figure 3. Furthermore, one observes that the minimization of Type II error is 
achieved for seven components as well. 
 

 
Figure 3. BIC as a function of the number of components, k=1,…,15 

 



 
Figure 4. Mixture weights of the underlying seven main components 

 

 
Figure 5. Outlier detection based on the GMM-based algorithm 

 
Table 1. Summary of the Type I and Type II errors 

 Error Type I Error Type II 
GMM 103 (3.0%) 11 (2.3%) 

 

 
Figure 6. Classification performance (Type I and Type II errors) as a function of the number of components 
(k=1,…,15) 



 
In the future, additional research is need to combine the daily/hourly DIs with data from the bridge inspections, 
in order to output, periodically, a combined condition rating. This multi-level approach can be done using a 
weight matrix, which combines those two sources of information into a unique score (Figueiredo et al. 2013). 
However, the weight matrix performance depends highly on the statistical analysis of a large database of bridge 
structures. 
 
 
CONCLUSIONS 
 
In this paper, the performance of the GMM-based algorithm in long-term monitoring, for detecting damage to a 
bridge under changing operational and environmental conditions, have been tested using the benchmark data 
sets collected from the Z-24 Bridge, in Switzerland. The data sets are characterized by an observed nonlinearity 
present at times of freezing temperatures, which renders the necessary filtering of environmental effects more of 
a challenge than where nonlinearities are not present. Based on the number false alarms (both Type I and Type 
II errors lesser than 3%), one concludes that the algorithm performs reasonably well. Therefore, these results 
indicate that the GMM-based algorithm might be suitable for long-term monitoring because it has the ability to 
detect real-world damage scenarios, even in the presence of extreme variability caused by the temperature.  
The author believes that this algorithm might be a major contribution to integrate quantitative information from 
the SHM systems into the BMS, in a systematic way, as the global state condition of a bridge, or its components, 
characterized by large raw data sets, is reduced into a daily/hourly DI. In the context of current BMSs, this 
indicator can be used to adjust the cumulative condition rating obtained from a weighted sum of all the 
assessments of each component of a bridge. Note that this assessment is currently done exclusively with 
information derived from bridge inspections, especially the visual inspections. 
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