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ABSTRACT 

The 2010–2012 Canterbury earthquakes, the 2013 Cook Strait earthquakes and the 2016 

Kaikoura earthquake highlighted that damaging earthquake scenarios are very real and they can 

occur at anytime and anywhere in New Zealand. It is desirable to ascertain and track the 

structural performance and integrity for buildings for public safety and emergency management. 

Seismic instrumentation has often been promoted as the solution to this requirement. Real-time 

Structural Health Monitoring (SHM) algorithms in a seismic instrumentation system 

continuously translate structural monitoring data into building state prediction.  

The overall goal of this study was to evaluate and improve the current damage detection 

algorithms implemented in civil structures, which made real-time SHM possible. The aim was 

to improve occupant safety and accelerate the rate of recovery for individual buildings, and by 

extension improved community resilience to extreme events. A key issue influencing the 

performance of the current algorithms is varying operational and environmental conditions. This 

project studied a year’s worth of instrumented building data from the GNS Science building in 

Lower Hutt, with the aim of evaluating the influence of different environmental conditions on 

predicted building motion and corresponding dynamic characteristics, including building 

acceleration amplitudes and modal frequencies. The environmental conditions considered were 

temperature, wind speed, relative humidity and human activity. The results of the analysis 

demonstrated operational and environmental conditions have a noticeable effect on building 

dynamic properties estimation. 

In 2016, the CentrePort BNZ building suffered severe damage to its structural members and its 

non-structural members as a result of the 2016 Mw 7.8 Kaikoura earthquake. Coincidently, 

extensive non-structural damage also occurred in this building in the 2013 Cook Strait 

earthquakes. The recorded earthquake response of the CentrePort BNZ building during the two 

earthquakes was analysed to gain a comprehensive understanding of the building dynamic 

responses during earthquakes. A damage detection algorithm using autoregressive (AR) models 

with Mahalanobis squared distance (MSD) was applied to the instrumented building data for two 

years of data. It successfully detected the change in building damage state correlating to actual 

observations due to the two earthquakes. 

A parametric study was conducted to consider the effect of AR orders and exceedance 

probability on an optimum threshold for signalling damage in MSD-based damage detection 

algorithms. The results indicated that both factors are important parameters affecting the 
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detection accuracy of the algorithm. Besides, this algorithm detected damage accurately under 

varying operational and environmental effects. A new damage detection method called the MSD-

AANN algorithm was proposed based on combining MSD and auto-associative neural network 

(AANN) approaches. The performance of the proposed algorithm was evaluated using data from 

the ASCE benchmark structure and through an analysis of receiver operating curves (ROCs). 

The results showed that the proposed MSD-AANN algorithm performed better than MSD-based 

algorithm or AANN-based algorithm. In addition, proposed MSD-AANN algorithm is self-

calibrated, it can be automatically applied to datasets and obtained damage detection results in a 

very short time with high accuracy even when the structure was operating under varying 

operational and environmental conditions. These represent improvements beyond current 

solutions and present great potential for real-time SHM applications. 

Microsoft Azure Machine Learning Studio (MLS) is a powerful machine learning tool, with 

which data scientists and developers can quickly build, test, and develop predictive models using 

state-of-the-art machine learning algorithms. But the effective application of machine learning 

algorithms in SHM applications remains a challenge for researchers. A parametric study of a 

cloud-based machine learning damage detection algorithm using two-class boosted decision tree 

was therefore conducted to investigate the effects of input length and the number of sensors on 

damage detection accuracy of a cloud-based machine learning algorithm. To facilitate a 

comparison, an MSD-based damage detection algorithm was also applied to the same data sets. 

The parametric study showed that both input data length and sensor numbers greatly affected the 

damage detection accuracy. The detection accuracy of both cloud-based machine learning and 

MSD-based algorithms increased when more data was used. More data in this instance means 

greater length of input data or longer time-duration preceding a prediction. Cloud-based machine 

learning algorithm was more accurate than traditional MSD algorithm for the same input data 

length. Moreover, cloud-based machine learning algorithm reached to 80% of detection accuracy 

using only 160-second of input data which there is a significant proof of concept and 

achievement towards real-time damage detection in a real-world SHM scenario. The parametric 

analysis also found that only three sensors, located at the top, middle, and bottom of the building, 

were sufficient to achieve over 85% damage detection accuracy when cloud-based machine 

learning algorithm was used.  For 90% accurate damage detection, the cloud-based machine 

learning algorithm required 10 minutes of input data. Accounting for 2-minute computation time, 

it meant that 90% accurate damage prediction for a very complex building could be achieved 

within 12 minutes. The cloud-based machine learning algorithm, therefore, have great potential 

for achieving very near real-time damage detection.   
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Significant contributions of this work include (i) understanding how varying operational and 

environmental conditions affect building response measurements; (ii) demonstrating successful 

time-critical damage detection in a real-world building damaged in two major earthquakes using 

MSD-based damage detection algorithm; (iii) providing a framework to guide the selection of 

input parameters when using  MSD-based damage detection algorithm; (iv)  proposing a novel 

real-time MSD-AANN damage detection algorithm that is more accurate and faster than 

traditional algorithms. (v) introducing a cloud-based machine learning algorithm which utilises 

Microsoft Azure Machine Learning Studio (MLS) to execute damage detection processes.  
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1.1 OVERVIEW 

Structural health monitoring (SHM) is a framework that assesses the condition of structures 

through the implementation of an assessment schedule that evaluates structural data, which 

enables any damage to be detected promptly or the performance to be monitored. The earliest 

SHM applications can be traced back to the use of tap tests on train wheels for the detection of 

faults (Brincker et al. 2000; Farrar and Worden 2007). One is long-term SHM, which aims to 

obtain periodically updated structural information regarding the ability of a structure to perform 

its intended function given the inevitable ageing and degradation effects from operational 

environments. In the second application, SHM is used for rapid assessment of a structure’s 

condition following extreme events, with the aims of providing reliable information regarding 

the integrity of the structure in near-real time.  

Farrar et al. (2001a) proposed that the SHM process could be envisaged as a four-step paradigm 

to implement a damage detection strategy for structures: (1) operational evaluation, (2) data 

acquisition, (3) feature extraction, and (4) statistical model development. A flowchart for the 

SHM process is shown in Figure 1.1. Operational evaluation is the stage that questions and 

quantifies the aims of the SHM system. It includes considering the economic or life-safety 

justifications, defining system-specific damage, operational and environmental conditions, and 

limitations on data acquisition in the operational environment. The goal of operational evaluation 

is to define these as quantifiable manners as possible. The data acquisition stage describes the 

process for obtaining useful raw measurements of a structure’s dynamic response. This stage 

generally contains six key components: excitation, sensing, data transmission, analogue-to-

digital conversion, data storage and data cleansing. Further signal processing, data normalisation 

and data fusion are often required tasks in the data acquisition stage. In the feature extraction 

stage, data is transformed into ‘features’ which correlates with the presence of structural damage. 

Ideally, these features should be insensitive to operational and environmental conditions. The 

final stage of statistical model development describes the use of statistics to discern whether a 

specific extracted feature value would reliably indicate damage has occurred, based on statistical 

understanding of the underlying distributions of extracted features. Ideally, the location of 

damage, the type and extent of damage, and the remaining useful life of the structure would be 

identified (Sohn et al. 2002a). This type of information can be used in decision-making about 

the safety, reliability, maintenance, operation and future performance of the structure (Gul 2009). 
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There is continuing interest in SHM in the civil infrastructures design, maintenance and research 

communities. SHM has been widely applied to a large number of structures, including bridges, 

critical buildings, roads, and tunnels, to improve their safety and reliability by detecting damage 

before it reaches a critical condition. A noteworthy application is the strong-motion 

instrumentations deployed in the sixty story Transamerica Building in San Francisco, United 

States (Figures 1.2 and 1.3). The instrumentation captured the building response during the Mw 

7.1 1989 Loma Prieta earthquake. The recorded data enabled engineers to assess the building’s 

performance and led to the confirmation of significant soil-structure interaction effect during the 

earthquake. It also confirmed that the building had no significant torsion issues (Celebi and Safak 

1991 ; Safak and Celebi 1991). The system identification techniques used in the Transamerica 

building study were also applied to other buildings, such as  

• the Atwood Building in Alaska (Figure 1.4) (Celebi 2006),  

• a 20-story cast-in-place reinforced concrete building at the Massachusetts Institute of 

Technology (MIT) Campus in Cambridge (Celebi et al. 2011),  

• a cultural heritage building (the Roman Amphitheatre of Verona and the Conegliano 

Cathedral) in Italy (Lorenzoni et al. 2016), and  

• Korea’s tallest building Lotte World Tower (Figure 1.5) (Park and Oh 2018).  
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Figure 1.1 – Flowchart for the SHM process (Farrar et al. 2001a) 
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Figure 1.2 – Exterior view of the Transamerica Building; photo taken by Dan Radulescu 

(Dunand et al. 2004) 
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Figure 1.3  – Instrumentation scheme for the Transamerica Building (Dunand et al. 2004)  
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Figure 1.4 – Instrumentation scheme for the Atwood Building in Alaska (Celebi 2006)  
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Figure 1.5 – Exterior view of Lotte World Tower (Park and Oh 2018) 

Real-time SHM techniques, which aims to deliver the entire procedure of data collection, 

processing and analysis within a few minutes, was first successfully applied in the Sylmar 

County Hospital Building during the 1994 Northridge earthquake (Naeim 1997). Floor 

accelerations and other responses relating to building performance were made available through 

the SHM system within a few minutes after the earthquake in that instance. Such system is also 

available at the Burj Khalifa in Dubai (Kijewski-Correa et al. 2013). The system continuously 

monitors for both seismic and wind events, and it has a software-enabled triggering framework 

to warn and provide vital building performance data to building occupiers. Figure 1.6 shows an 

indicative screenshot of a user customisable interface depicting real-time and 10-minute statistics 

sensor data from various levels.  

Another notable instrumented structure is the Tsing Ma Bridge in Hong Kong. Opened in 1997, 

this 1377 m long suspension bridge is monitored by more than 600 sensors. SHM has been 

applied to this bridge not only for damage detection but also for quality control during 

construction, warning systems regarding closure to traffic during excessive wind loading (Chan 

et al. 2006). The real-time SHM technique has been applied to the Bill Emerson Memorial Bridge 
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in Cape Girardeau (Missouri, USA) (Celebi et al. 2004). Wireless sensors have been successfully 

deployed on the long-span cable-stayed second Jindo Bridge in South Korea (Cho et al. 2010; 

Jang et al. 2010). In New Zealand, many structures, such as the GNS Science Building, 

Wellington Hospital, the Canterbury University Physics building and the CentrePort BNZ 

building, have been instrumented to provide national coverage for hazard detection, emergency 

response and data collection (Uma et al. 2011). These are a part of the GeoNet monitoring 

programme funded by the Earthquake Commission (EQC) and operated by GNS Science 

(www.geonet.co.nz). 

 

Figure 1.6 – Screenshots of user-selected real-time statistics and the resulting interface 

for viewing the latest 10-minute statistics from sensors at multiple predefined levels in the 

Burj Khalifa, Dubai (Kijewski-Correa et al. 2013) 

 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               

http://www.geonet.co.nz/
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1.2 SHM UNDER CHANGING CONDITIONS 

Nowadays, SHM most commonly refers to the continuous monitoring of the dynamic 

characteristics of a structure by digital instruments (i.e. sensors and recorders). This monitoring 

is typically done by continuously recording the vibrations of the structure using accelerometers. 

The main objective in SHM is to track changes in the characteristics of a structural system in 

order to detect and locate damage. For many years, much of research has focused on employing 

such techniques and systems following a significant event, while the effects of operational and 

environmental factors on structural system identification results are largely ignored or assumed 

to be small and stationary (Peeters et al. 2001). Such operational and environmental influences 

can include variations in temperature, humidity and wind, time of day and human activity. 

Traditionally, changes in structural parameters such as mass, damping and stiffness have been 

utilised as proxies of damage. There is an assumed relationship that damage will lead to a 

decrease in structural stiffness, and consequently alter the modal properties of a structure. This 

principle underlies many damage detection techniques that rely upon structural vibration 

properties (frequency, damping and mode shape). However, it can be shown that the measured 

responses and extracted features that are sensitive to damage or structural degradation are also 

sensitive to changing operational and environmental conditions. If the effect of these operational 

and environmental factors on structural vibration properties is larger than or comparable to the 

effect of structural damage, this present challenges for this type of SHM technique. 

Varying operational and environmental influences on structural response have been regarded as 

a major challenge to implementing SHM technology in practice (Dervilis et al. 2015; Sohn 2007). 

The most prominent structural changes have been correlated with temperature variations. Clinton 

et al. (2006) studied the variation in the natural frequencies of the Millikan Library under 

different temperatures. The results revealed a daily variation of up to 3% for all three 

fundamental frequencies. An approximately 5% variation in the fundamental frequency has been 

measured during a 24-hour test period for the Alamosa Canyon Bridge in New Mexico (Sohn et 

al. 1999). The variation occurs through temperature dependence of various material properties 

(e.g. Young’s modulus, Poisson’s ratio), thermal expansion affecting connection rigidity, 

thereby influencing structural stiffness parameters and boundary conditions. Understanding the 

effect of operational and environmental effects on structural vibration properties is therefore 

important in order to reliably apply SHM to civil engineering structures. 
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Applications of statistical pattern recognition (SPR) in SHM is an effective countermeasure 

against operational and environmental effects in damage detection (Yao and Pakzad 2012). This 

has been implemented by a number of studies using a combination of time series modelling (e.g. 

the AR model) and a statistical novelty detection methodology (e.g. outlier detection). A major 

strength of such methodology is that it requires only the data from the undamaged structure to 

train the model, which is analogous to unsupervised learning. The ability to perform damage 

detection in an unsupervised learning mode is very significant since data from structures in a 

damaged state will not be available for most real-world cases (Gul and Catbas 2009). The 

principle of the SPR approach is that the model is trained to a baseline model using undamaged 

structural condition data, and new data acquired from the damaged structure are likely to be 

classified as outliers in the datasets (Cheung et al. 2008)). Two significant factors that will 

determine the effectiveness of an SPR algorithm are feature extraction and statistical model 

boundary. Many studies, therefore, focus on how to obtain damage-sensitive features and a 

reliable damage threshold when using SPR algorithms for SHM. Damage-sensitive features, 

defined as being sensitive to structural damage but not to operational and environmental 

conditions, are usually used to build statistical models in order to represent the underlying 

structural physics (Noman et al. 2013). Such damage-sensitive features may include coefficients 

of auto-regressive (AR) models (Sohn et al. 2000), auto-regressive moving average (ARMA) 

models (Nair et al. 2006), auto-regressive integrated moving average (ARIMA) models 

(Omenzetter and Brownjohn 2006), combinations of auto-regressive and auto-regressive models 

with exogenous output (AR-ARX models) (Zhang 2007), and transmissibility functions (Worden 

et al. 2000). Data normalisation algorithms are used to separate structural changes caused by 

damage from those caused by varying operational and environmental conditions and to set a 

reliable damage threshold; examples include principal component analysis (PCA) (Tibaduiza et 

al. 2015), auto-associative neural network (AANN) (Kerschen and Golinval 2004), Mahalanobis 

squared distance (MSD) (Sohn et al. 2001a), singular value decomposition (SVD) (Vanlanduit 

et al. 2005), and cointegration (Cross et al. 2011). Developing robust procedures for establishing 

a reliable SHM system using SPR algorithms for real-time online monitoring of structures 

remains a goal for researchers.  
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1.3 SHM USING MACHINE LEARNING ALGORITHMS  

Improvement in sensor technologies makes it possible to install economically affordable sensors 

for long-term monitoring of civil engineering structures or rapid damage detection for post 

extreme event scenarios. SHM includes the collection of valuable data about the structure from 

installed sensors. With growing diversity and complexity of sensor data, data integration and 

data analysis have become significant aspects for decision making relating to structural damage 

detection or structural condition diagnosis (Khouri Chalouhi 2016).  

Data analysis in SHM is used to transform collected sensor data into useful information and 

knowledge about the structure, which is then used for informing if the collected data is from 

damaged buildings or not. To achieve this goal, data feature extraction is utilised to derive 

meaningful metrics from the raw sensor data that could be further post-processed through 

advanced signal processing tools. The objective of extracting feature is to lower the data 

dimensionality as the raw data like time histories usually have high dimensions, make it possible 

to study the data insights, which is sensitive to the damage but insensitive to the changing 

operational and environmental conditions. Once the features are obtained, a decision algorithm 

regarding damage classification is required to predict the structure status. This decision-making 

procedure can be achieved by using machine learning algorithms, such as neural networks and 

decision trees (Smarsly et al. 2016).  

Machine learning algorithms are typically categorised into three different approaches: 

unsupervised learning, supervised learning and reinforcement learning. In the context of the 

SHM field, unsupervised learning refers to the case where data are only available for the 

undamaged structure. While supervised learning refers to the case where examples of data are 

available for a structure before and after damage. In real-world applications, data collection 

during a damaged state of structure is very rare. Besides that, it is also challenging to collect raw 

data for all possible damage scenarios in structures. Reinforcement Learning, however, is not 

suitable in SHM field because it requires to use observations gathered from the interaction with 

the environment to take actions, which is possible to pose a risk to human health and safety. 

The premise of machine learning algorithms is to find the answer to a simple question: Does the 

newly collected data from the structure come from the structure in its undamaged state or 

damaged state(Dervilis 2013). Through the acquisition of data from the undamaged condition of 
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the structure under varying operational and environmental conditions, a statistical representation 

of the training data can be generated and used for training procedures. After the model is trained, 

any newly generated data from the structure can be tested and compared to the undamaged model. 

If any abnormality is identified in the data, it indicates the existence of damage in the structure. 

The performance of machine learning algorithms is determined by the ability to produce accurate 

damage predictions. 

 

1.4 RESEARCH BACKGROUND 

The 2010–2012 Canterbury earthquakes and the 2013 Cook Strait earthquakes highlighted that 

two very real earthquake scenarios can occur at anytime and anywhere in New Zealand. These 

scenarios include: i) a very rare but highly devastating event; and ii) a more frequent but only 

moderately damaging event. Many complex commercial, legal, insurance and engineering issues 

are associated with each scenario. A common valuable instrument for resolving many of these 

issues is accurate structural performance data for buildings. For example, approximately 80% of 

commercial leases in Christchurch at the time of the Canterbury earthquake sequence were based 

on the Auckland District Law Society lease agreement. Case-law precedence dictates that unless 

a building is determined to be untenantable and is likely to remain untenantable for a significant 

portion of the lease, the agreement must stand with rents due (Robertson 2012). Lack of access 

due to cordons or red placards are not grounds for automatic termination of a lease. This 

determination left many landlords and business tenants in an uncertain situation, unable to make 

decisions about repairs or relocation to alternative premises and severely hampering business 

recovery. Having remote online access to building state data would assist the resolution of such 

dispute. Moreover, the financial cost to tenants and building owners of downtime in both large 

and small earthquake events is significant, often beyond the direct repair cost to properties. For 

business tenants, downtime represents the loss of revenue, loss of productivity, wasted wages, 

increased cash-flow pressure and other intangible costs such as loss of market share and 

reputation. For building owners, downtime represents a loss of revenue and risk of lease 

termination. In addition, building condition assessments following natural disasters are time-

consuming and are often delayed due to the scarcity of appropriately skilled inspectors, a lack of 

readily accessible data on building construction, and the building being potentially too dangerous 
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to re-enter. Furthermore, these assessments are largely qualitative and may be inaccurate, 

potentially leading to loss of live or unnecessary building evacuation.  

Seismic instrumentation has often been promoted as a solution to the problems described above. 

However, the reality is that science and practice have not caught up with this vision of its 

potential. Many instrumented buildings in New Zealand merely record data, with little guidance 

or no framework available for interpreting the data to obtain predictions of structural health. 

Commonly implemented algorithms can only provide rough snapshots of building state 

following major events and only identify drastic changes in structural integrity (Thomson and 

Bradley 2014; Wood 2014). Two key deficiencies are: i) the current algorithms explicitly rely 

on acceleration output, which is a poor indicator of damage; and ii) structures tend to return to 

approximately the same state after damage, and hence real-time algorithms and real-time analysis 

of instantaneous data are critical. The current model for building instrumentation, which uses a 

low number of high-resolution and hence high-cost sensors, is also outdated and flawed.  

Following a damaging earthquake event, building owners and managers are in desperate need of 

reliable information regarding the status of their facilities, for making safe reoccupation and 

repair decisions. When a large number of buildings require inspections and evaluations that are 

carried out using traditional approaches, it may take days or weeks before the status of a building 

can be assessed. For example, following a major earthquake event in Japan, thousands of 

buildings were in an unknown condition and required inspection by professional inspectors or 

engineers (Building-Research-Institute 2011) However, there were insufficient assessors 

available to assess all the buildings immediately, and building owners suffered delay. It might 

take somewhere between 3 and 10 days for assessors to carry out a rapid safety assessment of a 

building, and up to one year to conduct a comprehensive assessment. The associated long period 

of downtime will cause huge losses for the building owners. In this type of situation, real-time 

SHM makes it possible to reduce the waiting time and obtain information on building condition 

within minutes, thus satisfying the needs of building owners.   
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1.5 OBJECTIVES 

Real-time damage detection algorithm is a key component in translating continuous structural 

monitoring data to continuously building state prediction. The goal of this study is to evaluate 

and improve the current damage detection algorithms for civil engineering structures. The aim 

is to improve occupant safety and accelerate the rate of recovery for individual buildings, and by 

extension improve community resilience to extreme events. A key issue influencing the 

performance of the current algorithms is varying operational and environmental conditions. 

Understanding the advantages and disadvantages of the current algorithms will also provide 

reliable guidelines for improving damage detection methodologies. Furthermore, the 

implementation of a robust real-time algorithm in buildings is still a challenge for researchers. 

To address these research gaps, this study will conduct the following: 

• Examination of operational and environmental effects on SHM through a New Zealand case 

study: 

- Select the GNS Science building in Avalon, Lower Hutt as the research building 

- Obtain the building response data from GeoNet and environmental data from the 

National Institute of Water and Atmospheric Research (NIWA) database 

- Evaluate the effects of operational and environmental conditions in the GNS Science 

Building using ambient data 

• Evaluation of the efficacy of current damage detection algorithms using data from an 

instrumented building in New Zealand: 

- Select the CentrePort BNZ building, Wellington, as the research building 

- Investigate and compare the dynamic responses of the CentrePort BNZ building during 

the 2013 Seddon earthquakes and the 2016 Kaikoura earthquakes 

- Implement existing damage detection algorithms using the building response data from 

these two earthquakes 

- Examine the performance of the damage detection algorithm 
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• Parametric study of the existing damage detection algorithms 

- Identify key parameters that significantly influence damage detection algorithm 

performance 

- Evaluate whether damage detection can be successfully performed under varying 

operational and environmental conditions 

• Develop an improved algorithm for real-time SHM 

- Develop an improved algorithm that can accurately detect damage in a building shortly 

after an earthquake 

- Apply the proposed algorithm to the data from the CentrePort BNZ building during the 

2016 Kaikoura earthquake  

- Compare the performance of the proposed and the existing algorithms 

• Apply the proposed damage detection algorithm using a cloud-based platform 

- Investigate the influence of input data length on the accuracy of the damage detection 

algorithm 

- Investigate the influence of the number of sensors on the accuracy of the damage 

detection algorithm 

- Compare the performance of the proposed damage detection algorithm with that of 

traditional damage detection algorithms  
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1.6 THESIS OUTLINE 

This thesis is divided into eight chapters, each of which describes a distinct stage in the research. 

First, the response of structures to changing operational and environmental effects was 

investigated, followed by the application of an existing damage detection algorithm to a New 

Zealand instrumented building. Next, a parametric study was conducted to compare the 

performance of this damage detection algorithm using different parameters. Afterwards, an 

improved damage detection was proposed and then compared with existing damage detection 

algorithms. Finally, the proposed damage detection algorithm was applied and evaluated using 

a cloud-based platform. The chapter outlines are as follows: 

Chapter 2: Literature Review 

Chapter 3: Environmental Effects on an Instrumented Building using Long-term Monitoring 

Recordings 

Chapter 4: Comparison of Dynamic Responses of the CentrePort BNZ Building during Two 

Earthquakes 

Chapter 5: Parametric Study of an Existing Damage Detection Algorithm 

Chapter 6: Proposed Damage Detection Algorithm 

Chapter 7: Application of the Cloud-based Machine Learning Algorithm to the Damage 

Detection Algorithm Procedure 

Chapter 8: Conclusions  
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Chapter 2 

Literature Review 

An extensive review of the literature related to SHM has been undertaken. First, an overview of 

SHM, including the associated needs, types, objectives, and current applications, is given. A 

description of environmental influences on SHM systems is then presented. Finally, the 

statistical pattern recognition algorithms for SHM are presented.   
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2.1 OVERVIEW OF SHM 

As described by Farrar and Worden (2007) and shown in Figure 2.1, a SHM system comprises 

of the following key processes: (1) instrumentation, (2) excitation, (3) data acquisition, (4) signal 

processing, (5) damage detection, and (6) alarm and report. Seismic structural instrumentation is 

a promising approach for obtaining the information to deliver rapid reoccupation as it is 

envisioned by the performance-based earthquake engineering (PBEE) paradigm, and to collect 

building performance data for assessment and design. This section provides an overview of 

PBEE which is followed by its relevance to structural instrumentation, and the types of structural 

monitoring instrumentation currently available.  

 

Figure 2.1 – Key steps in a SHM scheme (Farrar and Worden 2007) 
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Data Acquisition 

Damage Detection     

Alarm and Report 
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Time synchronization 

Feature extraction 
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system 
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Feature processing 

Data transmission 
 

Signal Processing 
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2.1.1 Background to PBEE 

The concepts and methodologies of PBEE were developed following the 1994 Northridge 

earthquake. Performance-based approaches to seismic design and assessment were first proposed 

by the SEOAC Vision 2000 Committee (1995), with the goal of precisely prescribing the 

performance expectation of structures when subjected to earthquake events of different severity. 

For instance, for a normal building, one would expect life-safety of building occupants to be 

preserved under rare earthquake events and operational during occasional events. Figure 2.2 

shows the relationship between performance objectives and earthquake probability. Subsequent 

earthquakes worldwide have since highlighted that the financial loss due to damage of building 

contents and non-structural components is also an important consideration and that they can be 

much greater than that due to damage of structural components. Consequently, Federal 

Emergency Management Agency (FEMA) 273 guidelines (FEMA 1997) was developed which 

further defined the performance-oriented descriptions such as Immediate Occupancy (IO), Life-

Safety (LS) and Collapse Prevention (CP) for components and systems. The performance 

descriptions for structural and non-structural components are calibrated to structural response 

quantities such as inter-storey drift, accelerations and forces. Figure 2.3 illustrates the qualitative 

performance levels of FEMA 273 relating to a global force-displacement relationship for a 

building. However, it has been found that these response quantities are not well correlated with 

the observed responses of buildings (Whittaker et al. 2003).  

 

Figure 2.2 – Relationship between performance objectives and earthquake probability 

(SEOAC Vision 2000 Committee (1995)) 
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Figure 2.3 – Qualitative performance levels of FEMA 273 (Whittaker et al. 2003) 

The next major development in PBEE was the translation of engineering performance metrics to 

outputs that are more meaningful for decision makers. The new measures, developed by Cornell 

and Krawinkler (2000), were defined as probabilistic estimates of equivalent financial losses 

arising from Death, Dollars (as a result of direct damage) and Downtime. The procedure involved 

the inter-relationship of four main parameters: Intensity Measure (IM) which defines the severity 

of the ground motion ; Engineering Demand Parameter (EDP) which represents the demand on 

component of interest from the ground motion accounting for the structural responses; Damage 

Measure (DM) which represent the severity of damage of a component given EDP; Decision 

Variable (DV) which is a relationship that converts damage measures into after-event decisions 

variable (often financial cost). The procedure is often expressed mathematically as a triple 

integral using Eq. 2.1, where details can be found in Hamburger et al. 2004.  

                  (2.1) 

The procedures described above belonged to the first phase of ATC-58 (Hamburger et al. 2004), 

which was a two-phase project undertaken by the Applied Technology Council under 

sponsorship by the FEMA to develop next-generation performance-based seismic design criteria. 

These criteria guided the design of new buildings or the retrofitting of existing buildings and 

focused on the design of the buildings to meet specific performance objectives, with respect to 

potential earthquake-related human casualties, repair costs, and interruption of building 

occupancy and facility functionality. Recognising the varying capabilities and needs of 
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stakeholders in considering such losses, the criteria permitted expression of performance in either 

a probabilistic or a scenario-based manner. The second phase was to develop the procedures for 

designing buildings with the desired performance. This phase included the establishment of 

performance as provided by the procedures above, assessment of the adequacy of performance, 

development of guidance on the selection of structural systems (strength, stiffness, etc.) to meet 

performance goals, and development of improved methods that would provide the desired 

performance. A flow-chart of this performance-based design procedure is shown in Figure 2.4. 

 

Figure 2.4 – Flow chart of performance-based design procedure (Hamburger et al. 2004) 

2.1.2 Requirements relating to seismic monitoring instrumentation 

From the discussion of PBEE methodologies in section 2.1.1, it is clear that there is a need for 

real information to support the derivation of the relationships between key parameters in Eq. 2.1. 

For example, the fragility functions that relate the EDP to the DM mostly arise from expert 

opinion and simplified laboratory testing. Data from actual buildings in real earthquakes are 

scarce.  

Permanent seismic instrumentation can provide real data to support the development of the PBEE 

paradigm. Further, it can provide more timely and accurate estimates of building damage state 

and can thereby reduce downtime. To achieve the benefits that seismic monitoring 
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instrumentation can potentially provide, the following requirements for seismic monitoring 

instrumentation are needed to support PBEE (National-Research-Council 2006): 

1. The deployment of sufficient free-field instruments is significant to develop an 

understanding of the relationship between the characteristics of an earthquake and the 

produced strong motions. This relationship will be used to produce a set of characteristic 

waveforms on the basis of appropriate probabilistic assessment, which will provide the 

best possible input for an efficient design or assessment process and therefore allowing 

the structural seismic assessment or strengthening in regions that experience the design-

level ground motion. 

2. It is important to apply seismic monitoring to identify the ground motion characteristics 

that trigger liquefaction, lateral spreading, and landslides, which will allow the risk to be 

calculated in a manner consistent with similar calculations for the structural designs. This 

is significant because the mitigation of geologic hazards is usually often carried out from 

a deterministic perspective, without considering the probability of occurrence.  

3. The addition of enough structural monitoring of buildings in terms of the resisted lateral 

forces, experienced displacements, the location and demand on elements developing 

ductility, and soil-structure interaction. This instrumentation should allow for 

determining the demand on all structural and non-structural elements.  

4. The seismic monitoring instrumentation is important to be developed to directly record 

inter-story drift demand at critical locations from both structural and non-structural 

perspectives, which is expected to provide the most reliable damage assessment.      

5. It is critical to deploy seismic monitoring instrumentation in lifeline systems including 

transportation, water, wastewater, electric power, and gas and liquid fuel systems, 

because they must perform the uninterrupted operation of essential services after 

earthquakes. In addition to that, the monitoring of lifeline systems to fully capture the 

interdependence of the related structures and the interconnecting components in their 

distributed environment is required as well. This will facilitate a comprehensive 

understanding of the impact of element failures in the system that will lead to more robust 

designs.  
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2.1.3 Types of seismic monitoring instrumentation 

This section presents the main sensors used in SHM, including kinematic sensors, mechanical 

sensors, ambient sensors and other novel sensors. Table 2.1 shows a summary of the most 

common sensors applied in SHM. 

A kinematic sensor, for SHM applications, measures the motion induced by an external force 

which can be seismic waves, winds, traffic and human-induced vibrations. This motion can be 

captured by measuring the acceleration, velocity or displacement of the instrumented structure. 

In most cases, there are four types of accelerometers used in SHM, including capacitive, 

piezoelectric, servo, and microelectromechanical (MEMS) devices (Gattulli et al. 2016). For 

velocity sensors, two different types of sensors are commonly used: those based on the Doppler 

effect and its electromechanical counterparts (Gueguen et al. 2010). Some SHM applications 

may require the use of displacement measures to detect useful features for damage detection, 

such as the inter-story drift ratio (IDR). Under this situation, the resistive-based transducer, linear 

variable differential transformer (LVDT) or global positioning satellites (GPS) can be used for 

this purpose (Li et al. 2013).   

Mechanical sensors are used to measure mechanical features, such as force, strain, cracks, 

corrosion, and fatigue. They are very important in civil infrastructure due to the close relationship 

to their safe operations, especially in bridges. For example, a sudden failure might cause 

important consequences in terms of the potential loss of human lives and economic distortions. 

Furthermore, the early detection of the failure is potentially beneficial to require a lower budget 

for SHM systems. Load cells have been used to measure the applied force in critical parts of the 

structure, which are transducer devices that convert the applied force into electrical signals 

(Rajan et al. 2009). The measurement of the strain is usually the way to measure the deformation 

of an element in the structure and is mostly sensed by using strain gauges and piezoelectric 

transducers (Modares and Waksmanski 2013). There are several technologies used in corrosion 

sensors to detect its initiation and the rate of change. It includes electrochemical impedance-

based sensor (Nishikata et al. 2014), radio-frequency identification (RFID) system (Kranz et al. 

2016) and other technologies that make use of acoustic emission, eddy currents or magnetic 

waves to monitor the corrosion in bridges (Carkhuff and Cain 2003). The most used sensors for 

crack detection consist of acoustics emission, thermography and strain measure (Carkhuff and 

Cain 2003).  
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The influence of ambient responses to the structure, such as the wind and temperature, plays a 

significant role in the structural physical properties, which will be illustrated in Section 2.2. 

Ambient sensor is thereby used in SHM systems to provide deep understanding of the 

relationship between ambient variables and structural dynamic responses. The most commonly 

used sensors include anemometer for the wind speed (Kim et al. 2017), and resistance 

temperature detection (RTD), thermocouples and thermography for the temperature (Yarnold et 

al. 2015).  

The continuous development of new material has allowed introducing novel sensors which can 

be a potential solution for SHM applications. It includes vision-based sensors (Oh et al. 2015), 

fibre optic-based sensors (Bremer et al. 2016) and piezoceramic-based sensors (Wang et al. 

2013) etc. In most cases, the sizes of these sensors are smaller than the previously mentioned 

ones. Besides that, fibre-optic and piezoceramic sensors can be embedded into the critical parts 

of the structures to develop self-sensing materials (Moreno-Gomez et al. 2017). Even if the 

amount of progress has been made in developing new sensor technologies, there is still large 

space for improvement. New sensor technologies will have the tendency of eco-friendly, low 

power consumption and even the capability to be integrated into the materials. These features 

will lead to construct the next generation of smart structures.   
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Table 2.1– Summary of the commonly used sensors in SHM 

Type of sensor Variable Measurement Sensor Technology 

Kinematic Acceleration Capacitive 

Piezoelectric 

Servo 

MEMS 

Velocity Doppler effect 

electromechanical 

Displacement Resistive 

LVDT 

GPS 

Mechanical Force Load cells 

Strain Strain gauges 

Piezoelectric 

Corrosion Impedance 

RFID 

Acoustics emission 

Eddy current 

Magnetic waves 

Crack Acoustics emission 

Thermography 

Strain 

Ambient Wind Anemometer 

Temperature RTD 

Thermocouples 

Thermography 

 

2.1.4 Objectives of seismic monitoring instrumentation 

The objectives of seismic monitoring instrumentation vary depending on the requirements of 

users, including building owners, engineers and the government (Uma 2007). However, the 

principal objective is typically to develop a better understanding of the dynamic behaviour of 
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structures during earthquakes. The knowledge obtained enables engineers to develop improved 

design and construction recommendations and to provide guidance on developing future 

structural models. Much attention should be paid to classifying structures into those with 

standard features and some with special features. In this way, the engineering assumptions 

involved in the design could be validated from the recorded information. 

When instrumented buildings are subject to strong shaking, the associated recorded information 

can be used to develop mathematical models of structures. These models are used to predict 

dynamic responses of buildings within not only elastic but also in the inelastic range. The 

information acquired from building instruments can provide insight into both nonlinear 

behaviour in the structure and damage scenarios. Instrumentation at ground level together with 

a nearby free-field instrument will assist in quantifying soil-structure interaction effects. In 

addition, the recorded information is helpful for correlating ground input with the structural 

response. 

Recorded data from the instruments may be used in three additional ways, as described by Uma 

(2007): 

1. Informing emergency response services and building owners about the level of damage in 

a structure.  

2. Providing quantitative damage estimates for the government, insurance companies and the 

public. 

3. Contributing to the national accelerometer network. 

2.1.5 Current status of seismic monitoring instrumentation worldwide 

Seismic monitoring of structural systems constitutes an integral part of the National Earthquake 

Hazard Reduction Program in the United States and similar hazard reduction strategies in 

seismically active regions of the world. Extensive structural seismic monitoring programmes 

also exist in New Zealand Japan, Italy, and other countries.  

The principal objective of these programs is to quantitatively record the structural responses 

during ground motions for enabling research and development that will improve the seismic 

resilience of the infrastructure. Currently, thousands of buildings have been instrumented, and 

much of the data from these instrumentation programs are publicly readily available online.  
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 Seismic instrumentation guidance and regulations 

The most prominent guidance and perhaps first model code for seismic instrumentation is the 

Uniform Building Code (UBC)(1997), which recommended that a minimum of three tri-axial 

accelerometers be placed in every building that is either over six stories with an aggregate floor 

area of at least 60,000 square feet, or over ten stories regardless of the floor area (Figure 2.5a). 

As a minimum, instruments should be located at the lowest level, at mid-height, and near the top 

of the structure. It is noteworthy that these are only recommendations and their adoption is not 

mandatory. The International Building Code (IBC) replaced the UBC since 2000, and the 

recommendations were carried over. Since 2012, the IBC (2012) has included an Appendix L 

which expanded the recommendations to every structure located where the 1-second spectral 

response acceleration is greater than 0.40 and either 1) over six stories in height with an aggregate 

floor area of 60,000 square feet or more or 2) over ten stories in height regardless of floor area 

be equipped with not less than three approved recording accelerometers. The UBC and IBC have 

also recommended maintenance and data access requirements. Recommendations on 

accelerometers specifications can be found in publications by organisations such as LADBS and 

USGS (LABC 2017).  

 

Figure 2.5 – Typical instrumentation schemes (Celebi 2013) 

Celebi (2013) has proposed three other kinds of instrumentation for specific uses. Figure 2.5b 

shows the ideal extensive instrumentation scheme. Figure 2.5c displays a specially designed 

instrumentation array for the measurement of in-plane diaphragm responses, which require 
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sensors in the centre of the diaphragm. The best instrumentation for a base-isolated system 

measures tri-axial motions above and below the isolators as well as in the rest of the 

superstructure, as presented in Figure 2.5d. Another kind of instrumentation enables reliable 

calculation of inter-storey drift, using 20-50 recording channels for detailed response definition 

in the building (Stepp et al. 2001). 

 State of seismic structural instrumentation in The United States of America 

Over 1,000 buildings have been instrumented under strong motion instrumentation programmes 

in the US, of which, the San Diego Veterans Affairs (VA) hospital building is an advanced 

example (Ulusoy et al. 2013). The seismic monitoring system of the San Diego VA hospital 

buildings includes accelerometers, digitizers, servers and all other hardware necessary to 

measure the response of the building, record the data, and transmit the data to an onsite server in 

real time. Sixty accelerometers are deployed in this building. The force-balanced accelerometers 

used have an adjustable full-scale recording range of ±0.25 to ±4 g, making these sensors also 

suitable for measuring low-intensity ambient noise as well as strong motion. The accelerometers 

are connected to a 24-bit IP-based digitizer located in the building. The digitizer operates in both 

continuous recording mode and event-triggered mode. The accelerometers are permanently 

installed at the locations where the maximum response is expected, mostly the floor edges of the 

building. Every floor in the building has installed at least three accelerometers, which oriented 

horizontally in two orthogonal directions, to monitor building responses along the reference east-

west and north-south directions. Floor rotation around the vertical axis can be calculated from 

the recordings of the two accelerometers located at different points but oriented in the same 

direction. A tri-axial accelerometer is located on the ground (or basement) floor, and it records 

the base motion in three orthogonal directions. Additionally, this building has multiple 

accelerometers oriented in the vertical direction to determine the building’s rocking motions 

(Figure 2.6). The aim of the instrumentation within the hospital building is to record floor 

accelerations and to calculate relative displacement between adjacent floors, overall building 

roof displacement, travel time of transmitted seismic waves between consecutive floors, floor 

torsion, building rocking, and the building’s modal parameters (vibration periods, mode shapes 

and modal damping values). 
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Figure 2.6 – San Diego VA hospital building (left) and its instrumentation diagram 

(right). Red arrows in the schematic diagram show the locations and the directional 

sensitivity of the seismic. The tri-axial sensor on the ground floor (at lower right) 

monitors the input motions in three orthogonal directions (Ulusoy et al. 2013) 

The nine-storey Millikan Library (MIK) at Caltech in Pasadena, CA (Figure 2.7) is another 

instrumented building, implemented by the United States Geological Survey (USGS) and the 

Caltech Department of Civil Engineering in 1996 (Bradford et al. 2004). A permanent dense 

array of uni-axial strong-motion instruments (1 g and 2 g Kinemetrics FBA-11s) were installed 

in the Millikan Library, with 36 channels recording on two 19-bit 18-channel Mt. Whitney 

digitizers. The instruments are distributed throughout the building, with three horizontal 

accelerometers located on each floor and three vertical instruments in the basement. This dense 

array is continuously recorded and for triggering events. In 2001, a three-component Episensor 

together with a 24-bit Q980 data logger was installed on the ninth floor. Data from this sensor 

are continuously telemetered to the Southern California Seismic Network (SCSN) as station 

MIK. Figure 2.8 provides a schematic of the instrument locations. Besides that, hundreds of 

buildings were instrumented in the aftermath of the 1994 Northridge earthquake under the 

California Strong Motion Instrumentation Program (CSMIP). Particularly important among the 

building response records were the data obtained from 17 instrumented buildings which had peak 

base accelerations greater than 0.25 g. A summary of the building instrumentation information 

can be found in Naeim (2000). 
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Figure 2.7 – Robert A. Millikan Memorial Library: view from the Northeast (Bradford 

2004) 

 

Figure 2.8 – Robert A. Millikan Memorial Library instrumentation diagram (Bradford 

2004) 
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 New Zealand 

The building instrumentation programme in New Zealand was implemented by the GeoNet 

project funded by the Earthquake Commission (EQC). About 30 representative buildings 

(commercial and residential) and bridges throughout New Zealand were instrumented to gain 

insights into the earthquake performance of those structures and to mitigate seismic risk by 

improving the performance of structures during earthquakes.  

An example of the instrumentation programme is the GNS Science building in Avalon, Lower 

Hutt (Uma et al. 2010). Under the GeoNet program, this building (Unit 1 and Unit 2) was 

instrumented as a low-rise reinforced-concrete two-way-moment-resisting frame building built 

prior to 1976 (Figure 2.9). The building is instrumented with 10 sensors including a free field 

sensor. The instrumentation used CUSP-M sensors produced by Canterbury Seismic Instruments 

Ltd and a central data logger unit. The CUSP-M sensors are deployed at various levels of the 

buildings as shown in Figure 2.10. A GPS receiver, at the roof level of one of the buildings, 

provides accurate timing within 1 ms precision. 

 

Figure 2.9 – GNS Science Building at Avalon, Lower Hutt, New Zealand (Uma et al. 

2010)  
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Figure 2.10 – Accelerometer locations in GNS Science Building (Uma et al. 2010)  

A three-storey timber Arts building (Figure 2.11) belonging to the Nelson Marlborough Institute 

of Technology (NMIT) is an example of an instrumented timber building (Morris et al. 2010). 

This building was instrumented to provide raw data for the wind and seismic dynamic responses 

and long-term deformations analyses. Tri-axial accelerometers were placed on all three floors 

and in the roof to measure accelerations. Linear variable differential transducers (LVDTs) were 

used within the dissipation devices at all three levels to monitor their deformation history. Later, 

the University of Auckland (UoA) installed a complementary instrument array in the NMIT Arts 

building aimed at understanding the dynamic and long-term responses of the structure of 

particularly the post-tensioned rocking walls. The installation was also used to monitor dynamic 

floor performance. Temperature and humidity were monitored with the aim of understanding 

material performance during major wind or seismic events. Figure 2.12 shows the sensor layout 

on all levels of the NMIT Arts building. Temperature and humidity gauges are designated TH; 

small deformation gauges D; larger LVDT devices LVD; and load cells LC. Long-term 

instruments were monitored every 30 minutes, while dynamic instruments, including vertical 

floor accelerometers (designated VA), amplified load cells (DLC), and floor LVDTs (DLVD) 

were monitored at the sampling rate of 200 Hz. Numbers 1-10 in the right figure indicate 

accelerometers. 

 

Figure 2.11 – NMIT Arts complex: workshop building on the left, media building on the 

right, Arts building at the back (Morris et al. 2010) 
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Figure 2.12 – Layout of sensors in NMIT Arts Building (Morris et al. 2010)  

 Italy 

Seismic monitoring of civil structures is an important duty of the Italian Department of Civil 

Protection (DPC), carried out through different workstreams. The first and most important 

workstream relates to the Seismic Observatory of Structures (OSS), a national network 

comprising of 128 civil constructions (mainly buildings) that are permanently monitored. The 

layout of each monitored structure allows its dynamic behaviour to be fully described. The data 

from the network are collected and analysed at the DPC headquarters in Rome. The second 

workstream relates to RAMSES (rapid alarm and seismic monitoring of strategic structures), a 

small prototype network of 14 buildings with simplified permanent monitoring systems. It can 

independently run a rapid data analysis and provide a set of synthetic parameters on the seismic 

response of the buildings, useful for management of the emergency phase. The third important 

activity of DPC, following major earthquakes, is the installation of temporary monitoring 

systems (OSM) on public buildings located in the epicentral area. The aim of these is to record 

the dynamic response of structures during aftershocks, to assess the safety conditions of critical 

buildings continuously. This activity has provided valuable technical-scientific information 

through the processing of data recorded during the main Italian seismic sequences. 

Buildings monitored by OSS were selected according to how well their structural typologies 

represent the public building stock and their level of importance in emergency management. For 

the buildings, 65% of the sample comprises of reinforced concrete buildings, while 35% 

comprises of masonry buildings. A total of 118 buildings are instrumented within this network. 

Each structure in the OSS is monitored with up to 32 force-balance accelerometers. The working 

range of the accelerometers is set on the basis of both the seismic hazard and the individual 
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sensor location. Typically, a range of either ±0.5 g or ±1.0 g is chosen for accelerometers on the 

ground and, correspondingly, either ±1.0 g or ±2.0 g for accelerometers on the structure taking 

structural dynamic amplification into account. In order to adequately describe the dynamic 

behaviour of each structure, the number and location of the accelerometers are selected for each 

storey according to rational kinematic assumptions. 

Sensors are connected to a data acquisition-recording-transmission local unit. Analogue 

measurements are digitized at 16 bits or 24 bits resolution. Given these characteristics, both 

tremors, with peak ground acceleration (PGA) in the order of 10−4 g, and strong-motion 

earthquakes can be effectively recorded. Permanent data recording in the local unit is triggered 

when a pre-established acceleration threshold (typically ±0.01 g and ±0.02 g for ground and 

structure sensors, respectively) is exceeded. A typical sample rate for digitizing is 200 Hz. All 

system configuration parameters can be changed remotely. Data transmission between the local 

unit and the central server is accomplished through a conventional internet connection or, should 

these not be available, through either satellite or cellular connection. 

An example of an instrumented building in this network is the Pizzoli town hall (Figure 2.13), a 

two-storey masonry building. The sensor instrumentation for this building is shown in Figure 

2.14. 
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Figure 2.13 – The town hall of Pizzoli  (Spina et al. 2011) 

 

Figure 2.14 – Sensor instrumentation for the town hall of Pizzoli  (Spina et al. 2011) 

Another example is the 61.4 m high bell-tower of the Basilica of San Pietro in Perugia, Italy 

(Ubertini et al. 2017). This bell-tower has been continuously monitored since December 2014 
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using a simple vibration-based SHM system aimed at detecting small damage in the structure 

that can be caused by low-return-period earthquakes. The SHM system includes three high-

sensitivity (10 V/g) accelerometers, suitable for measuring micro-tremors induced by traffic and 

wind, installed at the base of the cusp with a configuration that allows observation of both 

bending and torsional modes. Eight temperature sensors and two humidity sensors, from Gemini 

Data Loggers, are also deployed in the structure to characterise the environmental conditions 

better. A sketch of the monitoring system, with an indication of the x–y reference system, is 

given in Figure 2.15. 

 

Figure 2.15 – (a) View of the San Pietro bell-tower; (b) Sketch of the structural 

monitoring system with sensor positions, where A, T and ϕ denote acceleration, 

temperature and humidity sensors, respectively (Ubertini et al. 2017) 

 Japan 

Japan is located in a region of high seismic activity. Following the 1995 Kobe earthquake, the 

National Research Institute for Earth Science and Disaster Prevention (NIED) completed a 

strong-motion network comprising more than 1,000 stations throughout Japan (Obara et al. 

2005). Strong-motion seismometers have also been installed in many buildings to record seismic 

building response during earthquake events. An example is the neighbouring 30-storey and 29-
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storey buildings in the Shinjuku area of Tokyo (Figure 2.16). The Kogakuin and STEC buildings 

share a common six-floor basement below ground level. Both buildings are constructed of steel 

moment-resisting frames with various bays of bracing. Strong-motion seismometers are located 

100 m below ground level (GL-100m), B6F, and at regular levels up to the upper floor (28F and 

29F), as shown in Figure 2.17. Figure 2.18 shows typical instrument layouts in both buildings. 

 

Figure 2.16 – STEC office building (left) and campus building of Kogakuin University 

(right) (Celebi et al. 2016) 
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Figure 2.17 – Location of strong-motion sensors (Hisada et al. 2012) 

 

Figure 2.18 – General plan layout of the two buildings with relative dimensions and 

layout of accelerometers on typical instrumented floors  (Celebi et al. 2016) 

Another noteworthy instrumented building is a 256 m tall building (55 stories with a three-storey 

basement) located on a reclaimed island near Osaka (Celebi et al. 2014). This vertically irregular 

building has a steel moment-resisting frame and a rigid truss beam at every ten stories. Figure 
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2.19 shows vertical sections of this building together with general dimensions and the locations 

of tri-axial accelerometers.  

 

Figure 2.19 – Vertical sections of the building in Osaka, showing the major dimensions 

and locations of tri-axial accelerometers on the 52nd, 38th, 18th and ground level (first) 

floors (Celebi 2013)            
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2.2 SHM UNDER CHANGING CONDITIONS 

As stated in Chapter 1, changing operational and environmental conditions have significant 

influences on the structural dynamic properties estimates. These influences may include 

temperature variation, humidity, wind, time of day and human activity. This section will describe 

these effects on SHM systems. 

2.2.1 Temperature 

Clinton et al. (2006) studied the natural frequency wander of the Millikan Library described 

previously in section 2.1.5.2, under different weather conditions. The results showed a 

significant daily variation of at least 1% for all three fundamental frequencies (Figure 2.20). It is 

also obvious that the torsional mode was more sensitive than the translational modes in terms of 

temperature. In addition, the torsional mode showed large frequency increases at temperatures 

above about 30°C, while other fundamental modes only showed increases in frequency when 

temperatures neared 40°C. Furthermore, maximum daily variations reached as high as 3%. 

 

Figure 2.20 – Frequency wander for a 22-day period, from late August to early 

September 2002 (the red curve is the temperature) ) (Clinton et al. 2006)  
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Yuen and Kuok (2010) took daily measurements for one year of the ambient temperature and 

structural response of a 22-storey reinforced-concrete building, East Asia Hall, a student 

dormitory at the University of Macau. The measurements confirmed a strong correlation between 

modal frequency and the ambient conditions (Figure 2.21). For the first mode, the difference 

between the maximum and minimum modal frequency was up to 7.6%, with no evidence of 

irrecoverable damage as the reduction in the modal frequency is restored around April when the 

ambient temperature began to increase (Figure 2.22). 

 

Figure 2.21 – Squared modal frequencies of the first mode versus ambient temperature 

(Yuen and Kuok 2010) 
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Figure 2.22 – Squared modal frequencies of the first mode over one year (Yuen and Kuok 

2010) 

Mikael et al. (2013) analysed one-year of frequency and damping wander in Ophite tower in 

Lourdes (OT). Their results (Figure 2.23) showed a strong correlation between temperature, and 

frequency and damping variations. As the temperature increased, the natural frequency increased 

and damping decreased. 
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Figure 2.23 – Correlation between temperature and frequency and damping variations in 

the longitudinal L (left column) and transverse T (right column) directions (Mikael et al. 

2013) 

Another study examined the nineteen-month of continuous broad-band ambient vibrations 

measurements of the Department of Geophysics building in Zagreb, Croatia (Herak and Herak 

(2010). The results revealed that the fundamental frequencies and the corresponding damping 

fluctuate considerably with variation in temperature (Figure 2.24). These authors concluded that 

the observed wander of the fundamental system frequency is probably led by seasonal changes 

in the soil-structure interaction. 
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Figure 2.24 – Variation in the estimated fundamental frequency (blue, left column) and 

damping (green, right column) with time, plotted together with the recorded variation in 

temperature  (Herak and Herak 2010) 

Xia et al. (2012) investigated the effect of temperature on variations of modal properties for the 

Guangzhou New TV Tower, a super-tall structure with a total height of 600 m. The structure is 

made up of the main tower (454 m) and an antennary mast (156 m). Figure 2.25 shows the 

relationship between natural frequencies and temperature for this tower, in which the frequencies 

are normalised with the intercept at temperature 0oC of the mode. It is also clear that it has a 

good linear correlation and the frequency tended to decrease as the temperature increased. 
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Figure 2.25 – Relationship of natural frequencies to temperature for the Guangzhou New 

TV Tower (Xia et al. 2012) 

2.2.2 Humidity 

Yuen and Kuok (2010) also examined the influence of relative humidity on the modal 

frequencies in East Asia Hall, in Macau. Figure 2.26 shows the correlation of the squared modal 

frequency with relative humidity. Note that the squared modal frequencies of all three modes 

exhibited positive correlations with relative humidity, similar to the correlation of squared modal 

frequency with temperature discussed in section 2.2.1. However, the correlation was stronger for 

temperature than for relative humidity. 
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Figure 2.26 – Squared modal frequencies versus relative humidity (Yuen and Kuok 2010) 

In Herak and Herak (2010) study, they also observed the correlation between relative humidity 

and fundamental frequencies and damping. As shown in Figure 2.27, a clear positive correlation 

appears to exist between relative air humidity and the E–W frequency (less so in the case of the 

N–S axis). 
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Figure 2.27 – Variation in estimated fundamental frequency (blue, left column) and 

damping (green, right column) with time, plotted together with the recorded variation in 

relative humidity (Herak and Herak 2010) 

2.2.3 Wind speed 

Clinton et al. (2006) also studied the natural frequency wander of the Millikan Library with 

different wind speeds. The results are displayed in Figure 2.28. It showed a significant drop in 

all the fundamental frequencies of the building when the wind increased suddenly, particularly 

for the east-west mode, which dropped by about 3%. 

Herak and Herak (2010) examined the correlation of wind speed with the fundamental frequency 

and damping estimates. Figure 2.29 shows the fundamental frequencies and damping varied 

considerably with no apparent correlation with wind speed. 
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Figure 2.28 – Variation in natural frequencies with recorded variation in wind speed 

(dashed green line) (Clinton et al. 2006) 

 

Figure 2.29 – Variation in estimated fundamental frequency (blue, left column) and 

damping (green, right column) with time, plotted together with recorded variation in 

wind speed (Herak and Herak 2010)  
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2.2.4 Time of day and human activity 

Nayeri et al. (2008) examined the system identification of the 17-storey Factor building on the 

UCLA campus (Los Angeles, California) based on ambient vibration measurements. The study 

found appreciable variations in the modal frequencies even over just a 24-hour period; this result 

is shown in Figure 2.30. Again, there is a strong correlation shown between natural frequency 

estimates and temperature. The maximum and minimum values of the modal frequencies occur 

at midnight and midday, respectively.  

 

Figure 2.30 – Modal frequency variations of the Factor building over a 24 h period  

(Nayeri et al. 2008) 
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Xia et al. (2012) also studied variations in the modal properties estimates of the Guangzhou New 

TV Tower over a 24-hour period. As shown in Figure 2.31, the frequencies generally decrease 

at midday when the temperature is high and increase at midnight when the temperature is low. 

 

Figure 2.31 – Variations in frequency during the day for the Guangzhou New TV Tower: 

(a) 1st short axis, (b) 1st long axis, (c) 2nd short axis, (d) 2nd long axis (Xia et al. 2012) 

Clinton et al. (2006) reported on correlations between the natural frequency wandering of the 

Millikan Library and the time of day, due possibly to human activity. Figure 2.32 shows a typical 

example of the building’s response during high-temperature period when there is a significant 

daily variation of at least 1% for all three fundamental frequencies. During the evening, the 

natural frequencies drop; during the day, they increase again. This is probably due to both the 

changing weather conditions and the daily usage cycle of the building. The building’s air 

conditionings are turned off between the hours of midnight and 4 a.m. when the library is closed 

and the elevators are also not in use.  
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Figure 2.32 – Typical daily frequency variations from late August to early September 

2002 (Clinton et al. 2006) 

2.2.5 Summary 

The varying operational and environmental influences on the dynamic properties of structures 

are summarized in Table 2.2. In summary, the above-mentioned applications revealed that the 

buildings’ dynamic properties (fundamental frequencies and the corresponding damping) 

appreciably vary with changing operational and environmental conditions. Some buildings also 

exhibited seasonal variations of the frequencies. Even if it cannot conclude a systematic 

correlation of frequencies or damping with operational and environmental effects, it is significant 

to include in-service monitoring of varying operational and environmental conditions, which will 

make the SHM system be less prone to the false indication of damage. 
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Table 2.2 – Summary of operational and environmental influences on natural frequency 

and damping estimates 

Structure Parameters Temperature Wind Speed Humidity Reference 

MIK 
Frequency Strong + Weak- Nil Clinton et al. 

(2006) Damping Nil Nil Nil 

EAH 
Frequency Strong + Nil Strong + Yuen and 

Kuok (2010) Damping Nil Nil Nil 

MB and 

BD 

Frequency Strong + Nil Nil Mikael et al. 

(2013) Damping Weak + Nil Nil 

OT 
Frequency Weak + Nil Nil Mikael et al. 

(2013) Damping Weak - Nil Nil 

CHB 
Frequency Strong - Nil Nil Mikael et al. 

(2013) Damping Weak - Nil Nil 

DGFSM 
Frequency Strong + Nil Weak + Herak and 

Herak (2010) Damping Weak + Nil Nil 

Tsing Ma 
Frequency Strong - Nil Nil Xia et al. 

(2012) Damping Nil Nil Nil 

GZ Tower 
Frequency Strong - Nil Nil Xia et al. 

(2012) Damping Nil Nil Nil 

Note: ‘+’ denotes a positive correlation, ‘-’ denotes a negative correlation, ‘Nil’ denotes none 

observed. 
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2.3 STAGES OF SHM FRAMEWORK 

Structural health monitoring is the procedure of detecting damage in structures. The objective of 

SHM is to increase the safety and reliability of structures by identifying damage before a critical 

state is reached. Damage detection algorithms have been developed to supplement and/or replace 

visual inspection and time-based maintenance procedures with quantitative data and automation. 

In 2001, Farrar et al. (2001a) proposed that all methodologies implemented in SHM systems 

could be regarded as a Statistical Pattern Recognition (SPR) problem. As discussed previously 

the SHM process is a four-step process, in which SPR is the final stage. A flowchart with 

appropriate consideration at each stage of the SHM process is shown in Figure 2.33. This section 

will describe the application of SPR in SHM.  
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Figure 2.33 – Flow chart for implementing a structural health monitoring programme 

(Farrar et al. 2001a) 



2.3  Stages of SHM Framework 

 

- 57 - 

2.3.1 Operational evaluation 

Operational evaluation is the process of defining the damage to be detected and the initial scoping 

of implementation issues. For an SHM system, operational evaluation attempts to answer the 

following four questions (Figueiredo et al. 2009): 

1. What are the life-safety and/or economic justifications for conducting SHM in the structure? 

2. How is damage defined for the structure and, for multiple damage scenarios, which cases 

are of the most concern, including types of damage and expected locations? 

3. What are the operational and environmental conditions under which the system functions? 

4. What are the restrictions on data acquisition in the varying operational environment?  

In general, operational evaluation aims to assemble as much input information regarding the 

SHM system requirements as possible, seeking to define and quantify the damage that is to be 

detected to the greatest extent possible. Boundaries and limitations are set to determine what will 

be monitored and how the monitoring will be achieved. This process helps to reduce time and 

cost expenditure during the subsequent stages. For example, when to monitor a steel bridge, the 

fatigue crack will be selected as an appropriate monitoring feature. This is because fatigue crack 

growth in steel bridge structures is a common concern from a life-safety perspective and from 

the perspective of economically efficient maintenance. Besides that, the monitoring location will 

be chosen at the seats supporting the lateral floor beams which are weld to the web of the 

longitudinal plate girders, since the fatigue cracks result from out-of-plane bending of the plate 

girder web caused by traffic loading that is transferred from the floor beam to the seat in most 

cases (Wipf et al. 1998). Operational evaluation will require input from many different sources, 

such as designers, operators, maintenance people, financial analysts and regulatory officials. 

2.3.2 Data acquisition 

Accurate measurement of the structural dynamic responses is essential to an SHM system. The 

data acquisition process consists of six components, as shown in Figure 2.34. These involve 

choosing the excitation methods; the sensor types, locations and numbers; and data 

transmission/acquisition/storage/normalisation. Signal processing is often integrated with data 

acquisition systems. The overall process may not be the same in different applications of an SHM 
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system. Economic factors play a significant role in the data acquisition equipment used. Sensor 

sensitivity, data processing procedures, and data collection intervals are also essential issues to 

be addressed at this stage. In general, a data acquisition system records the response of a structure 

subjected to varying operational and environmental loading or the response to inputs from 

actuators embedded within the sensing system. Data processing is an indispensable component 

of an SHM system. It outlines the conversion of individual sensor recordings into the estimation 

of structural response including the potential correction of noise. In order to achieve efficient 

SHM, the data acquisition system is usually developed in combination with these posterior data 

processing and analysis procedures. 

Inherent in the data acquisition, feature extraction, and statistical modelling portions of the SHM 

process are data normalisation, cleansing, fusion, and compression. As applied to SHM, data 

normalisation is the process of separating changes in sensor readings caused by damage from 

those produced by varying operational and environmental conditions(Sohn 2007). Data 

cleansing is the process of choosing data to pass on to, or reject from, the feature selection 

process. Data fusion is the process of collecting and combining information from multiple 

sensors in an effort to enhance the fidelity of the damage detection process. Data compression is 

the process of reducing the dimensionality of the data, or the features extracted from the data, in 

an effort to facilitate efficient storage of information and to enhance the statistical quantification 

of these parameters. These four activities can be implemented in either hardware or software; 

usually, a combination of the two approaches is used. 

 

Figure 2.34 – Components of a data acquisition system (Farrar et al. 2001b) 

2.3.3 Feature extraction 

The process of feature extraction identifies data features that distinguish between undamaged 

and damaged states of instrumented structures (Doebling et al. 1996). The identified feature is 
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some characteristic of the measured response that is extracted via signal processing, parameter 

estimation (fitting a model to data) or some other signal inspection technique. A damage-

sensitive feature is some quantity that is correlated with the presence of damage in a structure. 

Example of this could include structural modal parameters, regression model parameters and 

residual errors. Ideally, a damage-sensitive feature will change in some consistent manner with 

increasing levels of damage. Extracting features that can accurately distinguish a damaged 

structure from an undamaged one is one of the most challenging areas of SHM (Sohn et al. 2004). 

Fundamentally, the feature-extraction process is based on fitting a model, either physics-based 

or data-based, to the measured system response data. The parameters of the models used or the 

predictive errors associated with them then become the damage-sensitive features. An alternative 

approach is to identify features that directly compare the sensor waveforms or spectra of these 

waveforms before and after damage. Many of these features are used to identify damage in 

impedance-based or wave-propagation-based SHM (Ihn and Chang 2004; Kessler et al. 2002; 

Park et al. 2003). 

2.3.4 Predictive model development 

The portion of the SHM process that has been paid the least attention in the technical literature 

is the development of predictive models to enhance the damage detection process. Predictive 

modelling for feature classification is concerned with the implementation of algorithms that 

analyse the distributions of the extracted features to determine the structural damage state. The 

algorithms used in statistical predictive model development usually fall into three general 

categories: (1) group classification; (2) regression analysis; and (3) outlier detection.  

According to (Rytter 1993), the hierarchical structure of damage detection can be divided into a 

four-step process that answers the following questions (Farrar and Worden 2007) : 

1. Is the damage present in the system (existence)? 

2. Where is the damage (location)? 

3. What kind of damage is present (type)? 

4. What is the extent of the damage (severity)? 
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Three levels of damage detection can be identified based on these questions, which are the 

existence of damage (Level 1), the location of damage (Level 2) and the quantification of damage 

(Level 3). When applied in an unsupervised mode, damage detection algorithms may answer 

questions about Level 1 damage. When applied in a supervised learning analytical models, the 

statistical algorithms can be used to determine Level 2 damage and Level 3 damage better. 

Figure 2.35 outlines the use of feature extraction and feature classification to determine the 

structural condition (Santos et al. 2016). In a typical feature classification process, each 

algorithm first uses training data comprising features extracted from the normal condition of the 

structure, i.e. from all the undamaged state conditions that include sources of variability 

(changing mass and stiffness), as previously described. The aim of this normalisation procedure 

is to make the classification algorithm output invariant to the sources of variability that influence 

feature distribution. Therefore, when features from potential damage conditions are analysed, it 

is expected that the classification algorithm will identify them as outliers even in the presence of 

operational and environmental variability. As part of this process, threshold levels for outlier 

detection that take into account the variability present in the data must be established in an effort 

to reduce the number of false-negative and false-positive indications of damage. In this section, 

six popular algorithms for damage detection are described in detail: principal component analysis 

(PCA), auto-associative neural network (AANN), kernel PCA, Mahalanobis squared distance 

(MSD), and singular-value decomposition (SVD). 
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Figure 2.35– Feature extraction and feature classification for determining the structural 

health of a system (Santos et al. 2016) 

 Principal component analysis (PCA) 

Principal component analysis, also known as proper orthogonal decomposition or Karhunen–

Loeve transform, is a multivariate statistical method for mapping multidimensional data into a 

lower dimension with minimal loss of information. It is a mathematical procedure that transforms 

a number of (possibly) correlated variables into a smaller number of linearly uncorrelated 

variables called principal components (Jolliffe 2004). PCA has been widely applied in structural 

vibration for a variety of purposes, including modal analysis, parameter identification and 

damage detection.  

It is widely known that environmental conditions such as temperature, temperature gradients, 

and humidity have an influence on the modal properties of a structure. As a result, 
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characterizations obtained using detected modal properties are also affected. When PCA is 

performed using identified stiffness values of an undamaged structure over a wide range of 

environmental conditions, the distribution of those identified values across the unknown external 

factors can be mapped. The associated singular value decomposition shows not only a group of 

vectors that each sample (i.e. stiffness values identified with a set of environmental conditions) 

can be expressed, but also the level of impact of each vector. By using the components with the 

highest level of influence, one can create a transformation matrix with which the data can be 

mapped into the hyperspace spanned by these components and back into the original ordinates. 

The residual error after such a transformation is independent of the vectors selected to create it. 

In other words, this residual error does not depend on the external factors influencing the changes 

in the structure and can be used as a reliable indicator of damage. A more detailed discussion is 

given in the following paragraphs. 

Let us first consider the matrix 
J KY   whose column vectors kY  are the identified stiffness 

values of the elements of the ID-model at time kt , and whose row vectors contain all the 

identified stiffness values of the 
thj  element. In this case J  and K  are the number of elements 

and samples, respectively. A singular value decomposition of the covariance matrix Y  is 

calculated in Eq. 2. 2 (Yan et al. 2005a). 

2T TYY U U=                                                           (2.2) 

Where 
J JU   is an orthonormal matrix whose columns mu  define the principal components 

forming a subspace spanning the data, and   is a diagonal matrix with the singular values in 

descending order representing the level of influence of the principal components. Whereas some 

of the principal components may be associated with one particular environmental factor (e.g. 

temperature changes), others may be associated with a combination of two or even more. In 

addition to these highly influencing principal components, a remaining set of vectors that have 

less influence over the identified values result from the decomposition. These additional vectors 

may be due to noise in sensors, incorrect measurements because of nonstationary input, or 

occasional mass variations. Thus, these vectors can be discarded.  

To project the stiffness values of a given sample kY  into the environmental-factor-characterized 

space x , a transformation matrix T  (known as the loading matrix) is built using the first M  
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columns of U  (associated with the most highly influencing factors). This can be described by 

Eq. 2.3: 

x T y=                                                                  (2.3) 

where 
J MT  , 1Jy  , and 

1Mx   (known as the scores vector). The new data can be 

remapped into the original axes using the opposing transformation, given by Eq. 2.4: 

y Tx


=                                                                    (2.4) 

The residual error we  due to the loss of information while performing the two-way projection can 

be calculated using Eq. 2.5:  

we y y


= −                                                                 (2.5) 

we  is, then, a function of those principal components that are ignored when creating the matrix 

T ; and we  is independent of those vectors selected to create it and the environmental conditions 

associated with them because of the orthonormal properties of all principal components.  

When PCA is used as a damage-detection algorithm in SHM systems, the overall process is 

divided into three main steps. First, a strict threshold for residual error is set to separate damaged 

conditions from those that appear healthy. A transformation matrix T  is then modified to build 

a prediction model that generates the structural state matrix using the identified values from the 

undamaged condition. Finally, the residual error is recalculated and utilised to quantify and 

localize damage.  

 Auto-associative neural network (AANN) 

Nonlinear PCA (NLPCA) extends PCA to detect structural damage by enabling nonlinear 

correlations mapping between variables. If nonlinear correlations exist in the original data, 

NLPCA can reproduce the original data with higher accuracy than PCA. This NLPCA 

methodology is achieved by training a feed-forward neural network to perform identity mapping, 

where the network outputs are simply the reproduction of the network inputs (FEMA-356 2000; 

Kramer 1991). This kind of neural network is called an auto-associative neural network (AANN). 

Neural networks are a class of models within the general machine learning literature. Neural 
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networks create a complex mapping from the input to the output space. A typical structure of an 

AANN is shown in Figure 2.36 (Sohn et al. 2001b); the example shown consists of four layers: 

a mapping layer, bottleneck layer, de-mapping layer and output layer. The AANN is trained to 

characterize the underlying dependency of the extracted features on the unobserved operational 

and environmental factors by regarding the unobserved correlations as hidden intrinsic variables 

in the network.  

 

Figure 2.36 – Schematic representation of an AANN (Sohn et al. 2001b) 

NLPCA generalizes linear mapping by allowing arbitrary nonlinear functions mapping. NLPCA 

seeks a mapping using Eq. 2.6: 

( )X G Y=                                                                  (2.6) 

where G  is a nonlinear function and consists of d  individual nonlinear functions: 

1 2{ , ,..., }dG G G G= . The inverse transformation, restoring the original dimensionality of the data, 

is implemented by a second nonlinear function H  as shown in Eq. 2.7. 

( )Y H X


=                                                                (2.7) 

The information lost is measured by the residual matrix E Y Y


= − . G  and H  are calculated to 

minimize the Euclidean norm of E , to achieve minimum information loss. NLPCA employs 



2.3  Stages of SHM Framework 

 

- 65 - 

artificial neural networks to generate arbitrary nonlinear functions. Cybenko (1989) has shown 

that functions of the form shown in Eq. 2.8 are capable of fitting any nonlinear function y = f(x) 

to an arbitrary degree of precision. 

2 1

2 1

1 1

( )
N N

k jk ij i j

j i

y w w x b
= =

= +                                                   (2.8) 

where k

ijw  represents the weight connecting the 
thi  node in the 

thk  layer to the 
thj  node in the 

( 1)thk +  layer, and jb  is a node bias. iN  is the number of nodes in each layer. ( )x  is a monotonically 

increasing continuous function with the output range of 0 to 1 for arbitrary input x . A sigmoid 

transfer function is often used in neural networks to achieve this function.  

In order to fit arbitrary nonlinear functions, at least two layers of weighted connections are 

needed, and the first hidden layer should include sigmoidal functions. The two nonlinear vector 

functions in Eq. 2.6 and Eq. 2.7 should, therefore, have the same architecture, with one hidden 

layer comprising sigmoidal functions and one output layer. The output layer can have either 

linear or sigmoidal transfer functions without affecting the generality of the mapping. The second 

hidden layer is referred to as the bottleneck layer since it has the smallest dimensions of the four 

layers. Note that to model arbitrary G  and H  functions, the nodes in the mapping and de-

mapping layers must have nonlinear transfer functions; these are not necessary in the bottleneck 

layer. If the mapping and de-mapping layers were eliminated and only the linear bottleneck layer 

was left, this network would reduce to linear PCA, as proposed by Sanger (1989). Typically, the 

number of input and output layers are selected to be larger than the number of bottleneck layers, 

and they are set to be equal. 

The AANN is used as the data normalisation approach in SHM systems (Sohn et al. 2002a). 

First, the AANN is trained to learn the correlations between features from the training matrix X

. The network should then be able to quantify the unmeasured sources of variability that influence 

the structural response (e.g. environmental factors). This variability is represented at the 

bottleneck output, where the number of nodes (or factors) should be the same number of 

unobserved independent factors (e.g. wind speed, temperature, loading) that influence the 

structural response. Next, the threshold is defined according to the AANN network. Finally, the 

residual matrix is calculated for each test matrix to identify damage.  
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 Kernel PCA 

Kernel PCA (KPCA) is another nonlinear extension of PCA, proposed by Reynders et al. (2013). 

This technique is able to learn slighter nonlinear dependencies than the AANN. 

The main concept behind KPCA is that the input training matrix X  is mapped by : X →   to 

a high-dimensional feature space  . Since   is nonlinear with respect to the input space, the 

contour lines of constant projections onto the principal eigenvector become nonlinear in the input 

space. All necessary calculations are performed by the use of a kernel function in the input space. 

Calculation of the principal components and the projection on these components can be 

expressed in terms of dot products; thus, the kernel function can be employed. KPCA trains the 

kernel data projection using Eq. 2.9: 

( )y A k x o= +                                                            (2.9) 

where 
m dA   is the projection matrix, 1( ) [ ( , ),..., ( , )]mk x k x x k x x =  is a vector of the kernel 

functions centred in the training vectors, and 
do  is the bias vector. In addition, A  is the 

matrix containing the corresponding eigenvectors. The eigenvectors associated with the higher 

eigenvalues are the principal components of the data matrix and accord with the dimensions that 

have the largest variability in the data. Typically, this approach allows a transformation to be 

performed by retaining only the principal components, also known as the number of factors, in 

a high-dimensional feature space 
m m . The kernel means squared reconstruction error, which 

must be minimized, is defined using Eq. 2.10: 

2

1

1
( , ) ( ) ( )

m

KMS i i

i

A o x x
m

  


=

= −                                         (2.10) 

where the reconstructed vector 


 is given as a linear combination of the mapped data in Eq. 

2.11: 

 
1

( ) ( ), ( )
m

i i

i

x x A y o   


=

= = −                                           (2.11) 

In contrast to linear PCA, an explicit projection from the feature space   to the input space 

usually does not exist (Schölkopf and Smola 2001). The challenge of the KPCA approach lies in 
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finding the vector x  and its image ( )x   that approximates the reconstructed vector ( )x




. This process is achieved using the following two steps. First, the input vector 
n

inx   is 

projected onto its lower-dimensional representation 
dy  using Eq. 2.9. Next, the output 

vector 
n

outx   is calculated using Eq. 2.12, which is a satisfactory pre-image of the 

reconstructed vector ( )inx


. 

2

arg min ( ) ( )out in
x

x x x 


= −                                               (2.12) 

Next, the residual errors matrix E Y Y


= −  is calculated for each test matrix Y . Y


 corresponds 

to the estimated feature vectors that are the output of the pre-image calculation from the model 

obtained by KPCA in the training phase. If the test matrix data come from the undamaged 

condition,  0E  . Conversely, if the feature vector is related to the damaged condition, the 

residual error deviates from zero.  

 Mahalanobis squared distance (MSD) 

The Mahalanobis distance is a distance measure used for multivariate statistics that can be 

utilized to identify and quantify outliers. In this approach, data normalisation is performed 

without any information relating to the operational and environmental conditions (Worden et al. 

2003). An outlier is an observation that is significantly different from the rest of the population 

and is therefore believed to be generated by an alternative mechanism. The Mahalanobis distance 

differs from the Euclidean distance because it takes into account the correlation between the 

variables and does not depend on the scale of the observations. 

Assuming a group of m p-dimensional real-valued patterns with a multivariate mean vector 

1 2( , ,..., )px x x x =  and covariance matrix  , the Mahalanobis distance between that group and a 

new pattern 
1 2( , ,..., )py y y y = is defined using Eq. 2.13 (Worden 1997).: 

1( ) ( )D y x y x −= −  −                                                (2.13) 

where x  and   are obtained in the normal condition and y  represents data from a state where 

damage condition is sought. In SHM, the Mahalanobis squared distance 2D  is usually used as a 
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distance measure for outlier detection. The more 2D  deviates from zero, the greater the 

likelihood of an abnormal condition in the structure.  

 Singular value decomposition (SVD)  

The SVD technique was first proposed by (Ruotolo and Surace 1997). It depends on the 

determination of the rank of a matrix when conducting damage detection. 

In a mathematical context, SVD is the process of factorization a rectangular real or complex 

matrix M  using Eq. 2.14: 

*M U V=                                                                 (2.14)  

where U  and V  are two orthogonal matrices, and   contains the singular values of the matrix 

M  along its diagonal line sorted in descending order. The superscript *  denotes a complex 

conjugate transpose.  

In damage detection context, the matrix M  is defined as a state matrix composed of 

characteristic vectors, iw and ds  , that represent a particular property of the structure, e.g. natural 

frequencies, mode shapes, and FRFs, where , 1,...,iw i p=  is related to the normal operational 

condition i ; and ds  is the current condition, which may be damaged or undamaged. For p  

known normal operational conditions and one current condition, the state matrix M  can be 

defined as shown in Eq. 2.15:  

1[ ,..., , ]p dM w w s=                                                       (2.15)  

By estimating the rank of the matrix M , if the characteristic vector dw  comes from an 

undamaged structure, then it is expected that the rank will not change and will be equal to p . In 

contrast, if dw  comes from a damaged structure, the rank will be equal to 1p +  . 

Theoretically, if M is rank-deficient, i.e. some undamaged state conditions are a linear 

combination of the others, then some of the singular values should be zero. However, real-world 

data are not perfect and will often contain measurement noise that can mask the state conditions, 

which affects the rank of M . Thus, the presence of noise in the data introduces residuals in the 

singular values. In order to discriminate the higher singular values related to the state conditions 

from those related to noise, it is important to define threshold values. 
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In order to use the SVD technique to discriminate the undamaged and damaged state conditions, 

a three-step process is needed: 

i. Calculate the singular values of the state matrix 
1 1[ ,..., ]n n

pM w w=  with only undamaged 

state conditions. The more samples per state are incorporated, the lesser the influence of 

noise. Rows n  are the observations, and the columns are the number of state conditions 

p . The aim of this matrix is to set the normal operational condition and, therefore, it 

defines the reference condition of the structure. 

ii. Calculate the singular values of a state matrix 
2 1[ ,..., , ]n n n

p dM w w s=  with the previous 

undamaged states plus one potential damaged state condition 
n

ds  ; the aim of this matrix is 

to test the actual state of the structure. 

iii. Fit two independent curves to the previous singular values from 1M  and 2M ; when the 

curves are plotted together, if the potential damaged state condition is effectively related 

to a source of variability in the structure not seen before, then the curves should not 

overlap because it is assumed that the potential damaged state, 
n

ds , is linearly independent 

of the other undamaged states. 

2.3.5 Examples of Damage Detection Application 

 Principal component analysis (PCA) 

Yan et al. (2005b) utilised a PCA-based damage detection method in the Z24 Bridge in 

Switzerland using vibration data measured in situ over a one-year period. The results, displayed 

in Figure 2.37, showed that the residual error of the reconstruction of the input data remained 

small if no structural damage occurred in the bridge under varying environmental and operational 

conditions. In contrast, when the damage occurred in the bridge then the residual error increased 

significantly.  
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Figure 2.37 – PCA for damage detection in the Z24 bridge; (b) is a close-up view of a 

portion of (a) Yan et al. (2005b) 

Giraldo et al. (2006) applied the PCA algorithm to an analytical model of the ASCE benchmark 

structure to detect loss of member stiffness while considering both modelling errors and sensor 
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noise. The results showed that cases of damage with reduced member stiffness could be 

accurately identified using the PCA methodology. 

Mujica et al. (2014) proposed a damage detection technique which combines PCA with 

hypothesis testing. This methodology was validated experimentally using an aluminium plate 

specimen and four piezoelectric transducer discs (PZTs) as a vibration source. In this study, PCA 

was used to compress and extract information from sensor data, and it also established the 

threshold value for damage detection. The results showed that this approach accurately classified 

random structural samples as healthy or not.  

 Auto-associative neural network (AANN) 

Sohn et al. (2002b) made use of an AANN approach for the data normalisation of recorded data 

to separate the effect of damage on the extracted features from those caused by the environmental 

and vibration variations of the SHM system. The results provided the potential for in-service 

monitoring of civil structures subjected to varying operational and environmental conditions 

since such a system was less prone to false-positive damage detection. In order to minimize these 

false indications and develop a more robust monitoring system using an AANN, the training data 

set needs to be collected over a wide range of environmental and operational conditions. If not, 

unusual operational conditions may impose similar effects on the SHM system. In addition, in 

order to apply an AANN to real structures, the bottleneck layer size is significant and should be 

determined by characterizing the main operational and environmental factors affecting each 

specific structure.  

Hsu and Loh (2009) verified the AANN approach to damage detection using a mathematical 

example and a synthetic bridge model with simulated environmental factors (e.g. temperature, 

humidity) during continuous monitoring. The results showed that the extent of stiffness loss 

could be quantified accurately and promptly after the damage is introduced even when 

environmental effects are significant. In addition, the authors also demonstrated that to train the 

AANN, sufficient data needed to be collected when the system was intact.  

Zhou et al. (2011) implemented the AANN approach in the long-term structural health 

monitoring of the cable-stayed Ting Kau Bridge in Hong Kong. The environment-tolerant 

capacity of the AANN and the setting up of thresholds were studied. The results indicated that 

both the early stopping and the Bayesian regularization techniques were able to alleviate false-
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positive damage detection. In addition, the early stopping technique was the most suitable 

method for improving the environmental-tolerant capacity of the AANN. Regarding damage 

detection for the cable-stayed bridge, the AANN approach was capable of detecting damage to 

bearings and multi-girders, while damage to stay cables and single-girders was undetectable.  

 Kernel PCA 

Nguyen and Golinval (2010) applied the KPCA approach to an experimental example consisting 

of a beam. Based on the results, KPCA has the capability of processing data in a nonlinear way. 

The authors also proposed an enhanced KPCA, which provided a good alternative when the 

number of sensors is small or even reduced to one. However, the most challenging aspect of 

using KPCA in SHM systems was the computation time. Data were first mapped to a high-

dimensional feature space whose dimensions equalled the number of time samples. The 

eigenproblem to solve in the feature space was therefore costly if the dimensions were too large. 

Restriction of the length of the signals was required to reduce computation demand. 

Deng et al. (2013) proposed a modified KPCA based on local structure analysis for nonlinear 

process fault diagnosis. Simulation results demonstrated that the proposed KPCA showed better 

performance than standard KPCA in terms of fault detection. In addition, the proposed KPCA 

showed potential in locating fault sources with simple computation.  

Santos et al. (2015) evaluated the performance of PCA and KPCA in detecting damage in a 

structure under changing operational and environmental conditions. These two PCA-based 

damage algorithms were further compared using the benchmark data sets collected from a well-

known base-excited three-story frame structure, which contained 17 different structural state 

conditions (Figure 2.38). The conditions included linear changes caused by varying stiffness and 

mass-loading conditions as well as nonlinear effects caused by damage. Different levels of 

damage were created by adjusting the gap between the suspended column and the bumper. 

Finally, the performance of the two damage algorithms was compared using ROC curves. The 

results showed that both the PCA and the KPCA algorithm could detect damage under varying 

environmental and operational conditions. KPCA showed better classification performance in 

terms of a reduced number of false alarms and had a higher true detection accuracy. 



2.3  Stages of SHM Framework 

 

- 73 - 

 

Figure 2.38 – Three-story frame aluminium structure and shaker (Santos et al. 2015) 

 Mahalanobis squared distance (MSD) 

Deraemaeker and Worden (2014) studied the possibility of using MSD to perform robust damage 

detection in the presence of changing operational and environmental conditions. An 

experimental study on a wooden bridge was conducted to verify its performance. The results 

confirmed that not only was MSD able to filter out environmental effects in the training data, but 

it also maintained a high sensitivity to structural change.   
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Zhou et al. (2015) proposed a damage detection approach that used MSD with structural forced 

dynamic response data, in the form of transmissibility. This method was validated with a real-

world experiment on a free-free steel beam excited by a shaker. For comparison, frequency-

response-function (FRF)-based MSD was also considered. The results showed that both FRF-

based and transmissibility-based MSD were effective in identifying damage. Furthermore, both 

MSD methods had the potential to be used to identify damage severity when the level of damage 

was significant. 

Wang et al. (2016) used MSD to evaluate the damage severity of timber specimens. The results 

showed that MSD was effective and reliable in identifying the severity of incipient damage and 

sensitive to notch damage across the grain. In addition, MSD was also compared with the 

traditional root mean square deviation (RMSD) approach, and MSD was found to be more 

reliable for quantifying the damage. 

 Singular value decomposition (SVD) technique 

Vanlanduit et al. (2005) used the SVD technique to perform damage detection in structures from 

measurements taken under different conditions (i.e. different operational excitation levels, 

geometrical uncertainties, and varying surface treatments of the structure). The test structure was 

an aluminium beam with varying scenarios of damage (a saw cut and a fatigue crack), under 

several conditions (different beams with small dimensional changes, beams covered with 

damping material, and different operating levels). The experimental results demonstrated that 

SVD techniques could obtain reliable damage detection information under different conditions. 

Deraemaeker et al. (2008) utilised the SVD technique to remove the environmental effects, as 

applied to a model of a bridge simulated in the time domain. The bridge was constructed from 

different materials whose properties varied differently with respect to temperature. It was 

subjected to a wide range of temperature gradients, and also to different levels of damage. The 

numerical results showed that if eigenfrequencies could not be used to detect damage without 

the consideration of environmental effects. However, application of the SVD technique enabled 

all the features, including eigenfrequencies, peaks and mode shapes, to differentiate between the 

damaged and the undamaged case. 

Salokhe et al. (2016) proposed an approach using SVD in combination with a band-pass filter 

for damage detection using real-time data. The results demonstrated that the SVD technique gave 
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better insight into the condition of the structure, which achieves a damage alarm based on the 

severity of damage.   
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2.4 SUMMARY 

A comprehensive literature review related to the structural health monitoring is presented, 

including SHM background, motivation, requirements, types, objectives and current applications 

in seismically active regions of the world.  

The review highlighted that buildings’ dynamic properties, including fundamental frequencies 

and the corresponding damping, vary noticeably with changing operational and environmental 

conditions. There were cases where buildings also exhibited seasonal natural frequency 

variations. Thus, even if a systematic correlation cannot be established between structures’ 

natural frequencies or damping with operational and environmental effects, it is helpful to 

include in-service monitoring of varying operational and environmental conditions to make 

SHM system less prone to false damage indication. 

From the review of damage detection framework in the SHM system, there have been some 

research and tests of machine learning-based damage detection algorithms, but most of them 

only limited to the numerical modelling or specific element testing in the laboratory. To 

investigate the feasibility of these algorithms, further analysis using the data from real-world 

undamaged and damaged buildings is required.
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Chapter 3 

Environmental Effects on an 

Instrumented Building using Long-term 

Monitoring Recordings 

SHM is a practical application of continuously recorded data from instrumented buildings. As 

described in Chapter 2, environmental conditions such as temperature variation, humidity, wind, 

time of day and human activity can greatly affect the data and thus its usefulness for subsequent 

analysis. This chapter reports on the study of a year’s worth of building data from the 

instrumented GNS Science building, with the aim of establishing the influence of different 

environmental conditions on building motion and corresponding characteristics, including 

building acceleration amplitudes and modal frequencies. The environmental conditions 

considered are temperature, wind speed, relative humidity and human activity. 
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3.1 OVERVIEW 

3.1.1 Overview of GeoNet monitoring programme 

Monitoring and data collection relating to various hazards through the use of instrumentation 

schemes are fundamental steps in strengthening many of the underlying assumptions of scientific 

and engineering research by increasing quality, applicability and confidence limits. In New 

Zealand, ‘GeoNet’ provides national coverage for hazard-detection, emergency response and 

data collection; it is funded by the Earthquake Commission and operated by GNS Science. 

The mission of GeoNet is to establish a system for real-time monitoring and data collection of 

natural hazards that put New Zealand at risk, to benefit ongoing research in the fields of 

earthquakes, volcanos, landslides, tsunami and other geological hazards. The impact of such 

hazards on the community is reflected by the response of the built environment. Monitoring and 

recording of response data from built structures have therefore been integrated into the geological 

hazard monitoring programme. 

The majority of the seismically active countries in the world, including Japan, China and the 

USA, have established networks for studying ground motion characteristics. Different types of 

strong-motion accelerometers with varying specifications have been used for this purpose. In 

addition, for the structural engineering community to study the nature of earth movement, 

seismic instruments have been placed in built structures to record their response during 

earthquake events. For example, during the 1994 Northridge earthquake, instrumented buildings 

provided very useful information to add to the understanding of building response during 

damaging earthquakes.  

One of the objectives of instrumenting-built structures (currently, mainly buildings and bridges) 

is to mitigate seismic risk by providing real data both in terms of understanding the hazards and 

vulnerabilities to enable ‘safer’ structures. This is enabled by understanding the dynamic 

behaviour of both existing and new structures to verify the assumptions in the design standards 

of different construction vintages. The building instrumentation programme considers the 

distribution of seismic hazard and built structures to identify typical and representative samples 

to be instrumented and monitored. 
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Instrumentation at the GNS Science building at Avalon has operational since 2007. This chapter 

examines the environmental effects on the dynamic properties of this building using the long-

term recordings obtained from the seismic instrumentation programme. 

3.1.2 GNS Science building seismic instrumentation 

The building studied is the GNS Science main office building (Figure 3.1), located in Lower 

Hutt, New Zealand. The reason for selecting this building for instrumentation is that it is 

representative of a low-rise, reinforced-concrete, two-way-moment-resisting frame building 

built prior to 1976. In addition, the building is close to fault lines, is located on deep soils (river 

gravels). Moreover, the central recording/processing unit for all instrumented facilities (present 

and future) lies within this building, and hence it is convenient to develop the prototype 

instrumentation programme there. The GNS Science building comprises two separate buildings, 

Unit 1 and Unit 2, occupied by approximately 300 staff members. The paper by Uma et al. (2010) 

provides a comprehensive summary of the seismic instrumentation. 

 

Figure 3.1 – GNS Science Building, Lower Hutt, New Zealand (adapted from Uma et al. 

(2010)) 

The instrumentation of the GNS Science building comprises ten tri-axial accelerometers, 

including a free-field sensor. These sensors are distributed over the two units, both being low-

rise, reinforced-concrete, two-way-moment-resisting frame buildings built prior to 1976. The 

instrumentation utilises CUSP-M sensors produced by Canterbury Seismic Instruments Ltd and 

a central data logger unit. The CUSP-M sensors are distributed at various levels of the buildings 
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as shown in Figure 3.2. A GPS receiver is located at the roof level of one of the buildings and 

provides accurate timing with 1 ms precision. 

 

Figure 3.2 – Accelerometer locations in GNS Science building (adapted from Uma et al. 

(2010)) 

3.1.3 Data and data analysis information 

This section focuses on the correlation of the GNS Science Unit 1 building response with 

different environmental conditions: temperature, humidity, wind speed, time of day and level of 

building activity. Hourly temperature, humidity and wind speed data were acquired from the 

closest available station (Wallaceville EWS) of the National Institute of Water and Atmospheric 

Research (NIWA). Acceleration data were obtained from the GeoNet database as SAC files. The 

sampling rate for the acceleration data was 50 Hz. A 10th-order bandpass filter with a lower cut-

off frequency of 0.4 Hz and a higher cut-off frequency of 21 Hz was used to reduce signal noise.  

The analysis covered the period from 1/1/2013 to 31/12/2013.  

During this period, 6747 earthquakes over magnitude 2.0 occurred in the Wellington region 

(defined as epicentre within 150 km of Wellington CBD). Of these, 23 were over magnitude 5.0 

and produced moderate ground shaking at the site. In order to focus on the effects on the building 

of small variations in environmental conditions, data from July to September 2013 that contained 

strong ground motion data (the approximate duration of the Seddon earthquake sequence) were 

excluded from the analysis. 

Output-only system identification techniques were used to obtain the modal frequencies of the 

building; these can be divided into time-domain techniques or frequency-domain techniques. 

Common time-domain techniques include the instrumental variable (IV) method (Ljung 1999), 

covariance-driven stochastic subspace identification (SSI-COV) (Juang and Pappa 1985), the 

random decrement (RD) technique (Ibrahim et al. 1998), data-driven stochastic subspace 
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identification (SSI-DATA) (Van Overschee and De Moor 1996) and prediction error methods 

(PEM) (Ljung 1999). Common frequency-domain techniques include the peak picking (PP) 

method (Bendat and Piersol 1993), frequency domain decomposition (FDD) (Brincker et al. 

2000), enhanced FDD (Jacobsen et al. 2007), the complex mode indication function (CMIF) 

using eigenvalue decomposition or singular value decomposition (SVD) (Prevosto 1982), 

maximum likelihood (ML) identification (Schoukens and Pintelon 2014) and spectrum-driven 

stochastic subspace identification (Van Overschee et al. 1997) . After consideration of both 

accuracy and computation time, the FDD output-only system identification algorithm was used 

for extracting the building’s modal frequencies.     
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3.2 ENVIRONMENTAL EFFECTS ON 
ACCELERATION AMPLITUDE 

3.2.1 Data processing 

Unless specified otherwise, the results presented in this section are absolute acceleration values 

in the horizontal plane. Acceleration data were collated on an hourly and a daily basis. Minimum, 

mean, root mean square and maximum were calculated for these periods. A moving average with 

a one-day window size was applied to the yearly analyses to smooth the data and remove erratic 

data. A ‘day’ period of 8am to 8pm and a ‘night’ period of 8pm to 8am were defined to isolate 

periods with and without human activity. The 2013 ‘night’ accelerations from sensor 21 in Unit 

1 are shown in Figure 3.3. 

 

Figure 3.3 – Unit 1 roof acceleration (sensor 21) in 2013 

3.2.2 The effect of environmental conditions on acceleration amplitude  

Figure 3.4 shows the mean amplitude distributions plotted against different temperatures. The 

roof acceleration data are the resultant of two horizontal components. No obvious correlation 

can be observed. Figure 3.5 is a box and whisker plot of the hourly minimum, mean and 

maximum acceleration amplitudes as a function of temperature. Again, no correlation can be 

observed. 
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Figure 3.4 – Unit 1 mean roof acceleration as a function of temperature 

 

Figure 3.5 – Box and whisker plot of Unit 1 hourly roof acceleration amplitude as a 

function of temperature 

Figure 3.6 shows the mean hourly acceleration amplitudes plotted against wind speed; and Figure 

3.7 shows a box and whisker plot highlighting the minimum, mean and maximum of the hourly 

data. It is apparent that there is a large-amplitude fluctuation at low wind speeds and that both 

the range and the mean amplitude decrease steadily as wind speed increases. 
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Figure 3.6 – Unit 1 mean roof acceleration as a function of wind speed 

 

Figure 3.7 – Box and whisker plot of Unit 1 hourly roof acceleration amplitude as a 

function of wind speed 

Figure 3.8 shows the mean amplitude distributions plotted against relative humidity; no obvious 

correlation can be observed. Figure 3.9 is a box and whisker plot of the hourly minimum, mean 

and maximum acceleration amplitude as a function of relative humidity. Again, no correlation 

can be observed. 
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Figure 3.8  – Unit 1 mean roof acceleration as a function of relative humidity 

 

Figure 3.9 – Box and whiskers plot of Unit 1 hourly roof acceleration against relative 

humidity 

Figure 3.10 depicts the time history of raw roof acceleration amplitude measured at 5-minute 

intervals beginning from 12 noon (day) and 2 am (night) during a weekday and a weekend day 

for both Unit 1 and Unit 2. This figure clearly shows that human activity significantly alters the 

nature of the recorded acceleration, both in terms of amplitude and frequency. Specifically, in 

the night-time data, a constant level of fluctuation similar to uniform white noise is evident. In 

contrast, the day-time signal during a weekday contains spikes, pulses and other features, 
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possibly periodic contamination. To statistically quantify the differences, daily ‘night’ and ‘day’ 

minimum, mean and maximum values are plotted in Figure 3.11. This reveals that, for the data 

considered, 96.3% of the ‘day’ maximum is similar to the night maximum. 69.2% of the ‘night’ 

minimum is less than the ‘day’ minimum, suggesting that generally there is greater background 

activity during the day. Finally, the mean data show that 64.8% of the time the average ‘day’ 

activity is higher than the ‘night’ activity. This evidence can be enhanced by removing the data 

measured during weekends and holidays. 
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Figure 3.10 – Comparison of typical night-time and day-time roof acceleration amplitude 

for Unit 1 
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Figure 3.11 – Daily ‘day’ acceleration amplitudes plotted against daily ‘night’ 

acceleration amplitudes 

In summary, the results above show that is no general correlation between changes in 

acceleration amplitude and changes in temperature and humidity. For wind speed, there is a 

large-amplitude fluctuation at low wind speeds and both the range and the mean amplitude 

decrease steadily as wind speed increases. Furthermore, human activity significantly alters the 

nature of the acceleration recorded.  
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3.3 ENVIRONMENTAL EFFECTS ON MODAL 
FREQUENCY 

The dynamic data for GNS Science Building Unit 1 are extracted from accelerometer data from 

the sensors using the frequency domain decomposition (FDD) technique (Brincker et al. 2000). 

In this section, variations in the first two modal frequencies of the building with respect to 

temperature, wind speed, relative humidity and time of day are investigated. The modal 

frequency variations and environmental conditions in 2013 are shown in Figure 3.12. The red 

data points in the top figure correspond to the measured natural frequency in the first mode of 

vibration in the longitudinal direction (L), and the green data point corresponds to the more 

sensitive second mode of vibration in the transverse direction (T).  

 

Figure 3.12 – Variations in the first two modal frequencies of the building, and 

environmental conditions in 2013 

To determine the impact or importance of the environmental variables with respect to the 

fluctuations in the modal frequencies of the building, the most direct approach is to plot each 

 2013 Seddon 

Earthquake 

Date (MM/YY) 



3.3  Environmental Effects on Modal Frequency 

 

- 89 - 

frequency against those variables. Figure 3.13 shows the first two modal frequencies of the 

building plotted against temperature, wind speed and relative humidity, respectively. The figure 

demonstrates that the first modal frequency of the building tends to remain stable with increasing 

temperature, wind speed and relative humidity. However, the second modal frequency tends to 

decrease with increasing temperature and wind speed but to increase with the increasing relative 

humidity. The second modal frequency decreases by approximately 14.3% over a 26-degree 

increase in temperature, and by approximately 14.3% from periods of low wind speed to periods 

of high wind speed. For relative humidity, this frequency shows the opposite trend as that for 

temperature.      

(a
) 

 F
re

q
u
en

cy
 v

s 
T

em
p
er

at
u
re

 

 



Chapter 3    Environmental Effects on an Instrumented Building using Long-term Monitoring 
Recordings 

- 90 - 

(b
) 

F
re

q
u
en

cy
 v

s 
W

in
d

 S
p

ee
d

 

 

(c
) 

F
re

q
u
en

cy
 v

s 
R

el
at

iv
e 

H
u
m

id
it

y
 

 

Figure 3.13 – Modal frequencies of building plotted against (a) temperature, (b) wind 

speed and (c) relative humidity 
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Figure 3.14 is a box and whisker plot (obtained using MATLAB) of the first two modal 

frequencies of the building as a function of temperature, wind speed and relative humidity. The 

same trends as shown in Figure 3.13 can be seen. Figure 3.14 shows that the range of the 

estimated second modal frequency tends to be large during low temperature, low wind speed 

periods and when the relative humidity is high.    

To determine the significance of the environmental effects on the building’s modal frequencies, 

a common t-test was conducted; the results are shown in Table 3.1. In each case, the null 

hypothesis was that the mean of the modal frequencies during low-level environmental 

conditions (lower than mean value) and during high-level environmental conditions (higher than 

mean value) were equal. The results show that the null hypothesis was rejected for all the 

environmental conditions except wind speed effects on the first modal frequency. Therefore, the 

mean of the modal frequencies during low-level environmental conditions (lower than mean 

value) and during high-level environmental conditions (higher than mean value) are not equal in 

most cases. 
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Figure 3.14 – Box and whisker plot of building modal frequencies with respect to (a) 

temperature, (b) wind speed and (c) relative humidity 
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Table 3.1 – Results of t-tests to determine whether the mean of modal frequencies is equal 

for low-level and high-level environmental conditions 

Environmental 

Condition 
Modal Frequency P value Accept or reject H0 

Temperature 
1st mode 1.21×10-47 Reject 

2nd mode 9.70×10-305 Reject 

Wind Speed 
1st mode 0.2208 Accept 

2nd mode 8.76×10-31 Reject 

Relative Humidity 
1st mode 0.0042 Reject 

2nd mode 2.14×10-90 Reject 

 

In summary, Figures 3.13, 3.14 and Table 3.1 indicate that temperature, wind speed and relative 

humidity are the dominant environmental and operational factors affecting the second modal 

frequency of the GNS Science building.  
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3.4 TIME-FREQUENCY ANALYSIS OF THE 
RESPONSE OF THE GNS SCIENCE BUILDING 

3.4.1 Overview of time-frequency analysis 

Time-frequency analysis uses time-frequency-amplitude representations of the signals in an 

effort to determine the frequency content of the structure and identify damage. The main 

advantage of such representation is to track the evolution of the frequency components of the 

signal over time. For a stationary system, the frequency content should not change over time. 

However, nonlinearities introduced into the structure can result in a non-stationary system. 

Therefore, if damage manifests itself as a nonlinearity, the signals from a damaged structure can 

be time-variant and, as a consequence, the frequency content may change with respect to time in 

a manner that can be correlated with damage. 

 Short-time Fourier transform (STFT) 

The STFT is used to determine the frequency content of small segments of the signal over time. 

The Fourier transform algorithm is applied to a subset or a window of the complete time history 

and is used to calculate related spectral quantities for this window of data, such as the PSD. This 

process is repeated using a moving window, with overlap between the data windows allowed. 

The technique maps a signal into a function of both the time and frequency domains. The STFT 

provides information about the frequency content and about how it evolves over time. For a 

given sampling rate, the frequency resolution of the STFT is determined by the time length or 

period of the window. Note that for a signal from a stationary system, the frequency content 

should not change over time. The spectrogram command in MATLAB is used to calculate the 

STFT and to visualize how the frequency components change over time. 

 Wavelet transform (WT) 

The WT has been developed to overcome the resolution limitations of the STFT. Recall that in 

STFT analysis, the time and frequency resolutions are determined by the length of the window, 

and yield a time-frequency representation of the signal that has the constant resolution in time 

and frequency. However, wavelet analysis uses a different window technique with variable-sized 

length. It allows the usage of long time intervals for more precise low-frequency information, 

and shorter time intervals to better capture the time-varying nature of the high-frequency 

information (Michel et al. 2010). As a consequence, wavelet analysis can have good time and 
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poor frequency resolution at high frequencies, and good frequency and poor time resolution at 

low frequencies. 

The major advantage of WT is the ability to perform local analysis. In the SHM field, this ability 

makes the technique useful for detecting nonlinearities related to discontinuities in the signal 

caused by transient processes such as impacts in the experiment described in Robertson et al. 

(2003). 

The continuous wavelet transform (CWT) is defined by convolving the signal ( )f t  with scaled 

and shifted versions of the wavelet function  , using Eq. 3.1. 

( , ) ( ) ( , , ) dC scale position f t scale position t t
+

−
=                            (3.1) 

This process produces WT coefficients, C , that are a function of two parameters: scale and 

position. The scale parameter is correlated with the frequency, and it dilates or compresses the 

wavelet function. In terms of frequency, low frequencies (high scales) correspond to global 

information from a signal. High frequencies (low scales) correspond to a detailed view of a signal 

that usually lasts a relatively short time (Polikar 1996). The parameter position is intended to 

move the wavelet function along the time signal as a moving window. The resulting WT 

coefficients estimated at different scales and positions provide both frequency and time 

information about the signal being analysed. 

 Holder exponent 

Mathematically, the Holder exponent is a measure of a signal’s regularity. Because singularity 

points have no continuous derivatives, the singularities can be identified when the Holder 

exponent suddenly drops to a value of zero or below. 

In SHM, the Holder exponent can be used to identify damage that introduces discontinuities into 

the measured dynamic response data (Robertson et al. 2003). Basically, this technique detects 

the presence of singularities when they occur. As a result, the drops in the Holder exponent can 

be used as damage-sensitive features. In real-world structures, it can potentially be used to 

identify singularities associated with cracks that open and close during dynamic loading. 
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3.4.2 Time-frequency analysis of the GNS Science building  

In this analysis, the one-year continuously recorded acceleration–time histories of GNS Science 

Building Unit 1 in 2013 are split into 512-point time windows with a 50% overlap in order to 

calculate the STFT. A Hamming window is applied in each time-domain segment. For each 

segment, the discrete-time Fourier transform is calculated to produce an estimate of the time-

varying frequency content of the signal. If the time history used to calculate the STFT is 

representative of a stationary system, no changes will be observed in the frequency content as a 

function of time. However, due to a large number of input data, a normal STFT is not effective 

for completing the entire process. A ‘long-term spectrogram’ function has been written by the 

author to replace the built-in MATLAB function ‘spectrogram’, because the use of the built-in 

function for the complete calculation involved an extremely high computational demand that 

cannot be provided by a regular PC. 

The ‘long-term spectrogram’ function greatly reduces the computational demand. The new 

function first divided the one-year-length signal into 12 sections. The STFT method is then 

applied to each section to obtain time, frequency and power spectral quantities (such as PSD) of 

each section. Finally, all the parameters of each section are concatenated into one. One challenge 

that remains in that concatenating the parameters of each section is still computationally 

intensive. Accordingly, instead of using MATLAB’s concatenate function, the parameters of 

each section were saved as a three-dimensional array and reshaped back into a two-dimensional 

matrix. The use of these two strategies enables the entire procedure to be completed on a regular 

PC within 5 minutes.  

Figures 3.15 is the spectrogram plot of the natural frequencies for the whole of 2013 in both 

directions of the GNS Science building. The size of the time window is 512 points and the 

overlap between time slices is 50%. The frequency component distribution can be easily captured 

from these plots, allowing observation of the time variation in the natural frequencies as well as 

the identification of periods of different intensity.  

In X direction, the frequency content of the first two modes can be easily identified and shows 

the same trends as in Figure 3.12. It can be seen from the figure that the first modal frequency of 

the GNS Science building remains stable at around 4 Hz over the whole year and the range of 

variation is small. In contrast, the second modal frequency fluctuates over a larger range. In 

particular, from May the modal frequency begins to increase from 12.5 Hz and reaches its peak 
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at over 15 Hz in July, followed by a steady decrease back to 12.5 Hz in September. In the Y 

direction, only the first modal frequency can be captured clearly; it maintains almost a straight 

line at about 4.2 Hz.  

 

Figure 3.15 – Spectrogram of natural frequencies as observed at GNS Science Building 

Unit 1 in the X and Y direction, from 1 Jan 2013 to 31 Dec 2013 

In 2013, significant earthquake activity occurred nearby. The Cook Strait earthquake sequence 

began with the Mw 6.5 Seddon earthquake on 21 July 2013, located approximately 25 km 

northeast of Seddon (174º46'54"E, 41º16'45"S) at a depth of 13 km. During the period from 21 

July to 16 August 2013, more than 2800 aftershocks that ranged in magnitude from 2.0 to 6.6 

were recorded. The largest earthquake during this sequence was the Mw 6.6 Lake Grassmere 

earthquake that occurred on 16 August 2013. The epicentre of these two earthquakes and the 

GNS Science building location are shown in Figure 3.16.  
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Figure 3.16 – New Zealand map showing the location of GNS Science building and the 

epicentre of two earthquakes 

 

Figures 3.17–3.18 show spectrograms of the acceleration data from the roof sensor in Unit 1 in 

the X and Y directions in July and August 2013. It can be seen from these figures that during the 

earthquakes, no permanent change in the natural frequencies of the GNS Science building in 

both directions was observed. This is consistent with the physical observation that the GNS 

Science building was undamaged during the 2013 Seddon earthquake. 
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Figure 3.17 – Spectrogram of natural frequencies as observed at GNS Science Building 

Unit 1 in the X and Y direction in July 2013 (Red section marks earthquake mainshock 

period) 

 

 

 Figure 3.18 – Spectrogram of natural frequencies as observed at GNS Science Building 

Unit 1 in the X direction and Y direction in August 2013 (Red section marks earthquake 

mainshock) 
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3.5 CONCLUSIONS 

In this chapter, a year’s worth of instrumented building data from a building in the GNS building 

instrumentation programme was studied, to investigate the influence of different environmental 

conditions on the acceleration amplitudes and modal frequencies of the building. The 

environmental conditions considered comprised of temperature, wind speed, relative humidity 

and human activity. The results of the analysis have demonstrated that environmental conditions 

have a perceptible effect on the building dynamic properties estimates which is a challenge for 

damage detection.  

Regarding environmental effects on building response amplitude, no correlation could be found 

between changes in the acceleration amplitude and changes in temperature and humidity. 

However, it was demonstrated that response amplitudes are highly variable at low wind speeds, 

and the variability and the mean response decrease steadily as wind speed increases. In addition, 

human activity significantly altered the nature of the acceleration recorded, which was clearly 

visible from the different ‘day’ and ‘night’ building acceleration time histories.  

Regarding environmental influences on modal frequency estimates of the building, no 

correlation could be identified between the first modal frequency and environmental conditions. 

While the ranges of the second modal frequency tended to be large during periods of low 

temperature and low wind speed, this only occurred when the relative humidity was high. This 

is because the temperature is usually low at midnight. If the moisture in the air remains 

unchanged and temperature decreases, the maximum amount of moisture that air could hold 

decreases, and thereby the percentage of moisture increases, resulting in larger relative humidity. 

Besides that, the temperature is low in winter as well. Generally, there are lots of rains during 

the winter season in New Zealand, which also makes the humidity increase in winter. T-tests 

confirm that the effects of temperature, wind speed and relative humidity are statistically 

significant in affecting the second modal frequency of the GNS Science building. 

Based the time-frequency analysis of the recorded responses of the GNS Science building in 

2013, no permanent changes in the natural frequencies of the building in both the X and the Y 

directions could be observed during earthquakes; this corresponds with the physical observation 

that the GNS Science building did not suffer any damage during the 2013 Seddon earthquake. 
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Chapter 4 

Comparison of the Dynamic Responses 

of the CentrePort BNZ Building during 

Two Earthquakes 

The 11 November 2016 Mw 7.8 Kaikoura earthquake generated significant shaking in central 

New Zealand including the Wellington region. Sensors in the CentrePort BNZ building recorded 

strong motion data during this earthquake. This chapter presents and compares the dynamic 

characteristics of the CentrePort BNZ building during the 2013 Mw 6.6 Seddon earthquake 

sequence and the 2016 Mw 7.8 Kaikoura earthquake using the recorded earthquake responses 

and continuous monitoring responses obtained from the GeoNet database. The responses, 

including peak floor accelerations, peak floor displacements, peak inter-storey drifts and natural 

frequencies of the building are discussed and compared. Finally, a damage detection algorithm 

using AR parameters with Mahalanobis distances is applied to the CentrePort BNZ building 

during and after the two earthquakes. The MSD-based damage detection algorithm is adopted as 

it was shown previously in section 2.3.5 to perform well in the presence of changing operational 

and environmental conditions. This chapter serves to contribute to the research literature by 

providing a validation using real-world data. 
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4.1 INTRODUCTION  

4.1.1 Background 

At 12.03 am local time on 14 November 2016 (11:03 am on 13 November 2016, UTC time), the 

Mw 7.8 Kaikoura earthquake initiated at an epicentre (173º01'12"E, 42º41'24"S) near the town 

of Waiau in the South Island of New Zealand. The effects ranged widely across the upper South 

Island and included two fatalities, local tsunami, tens of thousands of landslides, the collapse of 

one residential building, and damage to numerous structures and infrastructure (Kaiser et al. 

2017). The CentrePort BNZ building, located approximately 215 km northeast of the epicentre, 

suffered severe damage both to its structural members, such as spalled concrete columns and 

cracks in beams and floor slabs at column joints (Chandramohan et al. 2017), and to its non-

structural members, including partition walls, ceilings, and etc. (Orense et al. 2017). During the 

earlier 2013 Seddon earthquake (Mw 6.5; 21 July 2013, UTC time) and the Lake Grassmere 

earthquake (Mw 6.6; 16 August 2013, UTC time), extensive non-structural damage also occurred 

in the CentrePort BNZ building. The epicentre of these three earthquakes and the CentrePort 

BNZ building location are shown in Figure 4.1. Accordingly, the purpose of this chapter is to 

present and compare the dynamic characteristics of the CentrePort BNZ building during the 2013 

Mw 6.6 Cook Strait earthquake sequence and the 2016 Mw 7.8 Kaikoura earthquake using the 

recorded earthquake responses and continuous monitoring responses. 
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Figure 4.1 – New Zealand map showing the location of Centreport BNZ building and the 

epicentre of three earthquakes 

4.1.2 Earthquake information 

The Cook Strait earthquake sequence began with the Mw 6.5 Seddon earthquake on 21 July 2013, 

located approximately 25 km northeast of Seddon (174º46'54"E, 41º16'45"S) at a depth of 13 

km. During the period from 21 July to 16 August 2013, more than 2800 aftershocks ranging in 

magnitude from 2.0 to 6.6 were recorded (Figure 4.2). The locations of the earthquake epicentres 

were approximately 52 km from the CentrePort BNZ building. The largest earthquake during 

this sequence was the Mw 6.6 Lake Grassmere earthquake that occurred on 16 August 2013 at a 

location about 20 km southwest of the epicentre of the Seddon event at a depth of 8 km (Simkin 

et al. 2015). 
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Figure 4.2 – Histogram of aftershocks during 21 July to 16 August 2013 

The Mw 7.8 Kaikoura earthquake initiated at an epicentre (173º01'12"E, 42º41'24"S) near the 

town of Waiau in the South Island at a depth of 15 km on 14 November 2016. The location of 

the earthquake epicentre was approximately 215 km from the CentrePort BNZ building. During 

the period from 14 November to 20 November 2016, more than 1600 aftershocks ranging in 

magnitude from 2.0 to 6.3 were recorded (Figure 4.3).  

 

Figure 4.3 – Histogram of aftershocks during 14 November to 20 November 2016 

0

100

200

300

400

500

600

N
u
m

b
er

s 
o
f 

af
te

rs
h
o
ck

s

0

50

100

150

200

250

300

350

N
u
m

b
er

s 
o
f 

af
te

rs
h
o
ck

s



4.1  Introduction 

 

- 105 - 

4.1.3 Building information 

The studied building is the CentrePort BNZ Building, located in Wellington, New Zealand 

(Figure 4.4). Wellington is regarded as a high seismic zone. The GPS coordinates of the building 

are 174º46'54"E, 41º16'45"S. The building is constructed as a five-storey reinforced concrete 

moment-resisting frame with a total floor area of approximately 25,000 m2. It comprises three 

structurally independent sections. Each section is designed to be self-supporting and self-bracing; 

though, the sections are linked together by pedestrian bridges. The roof structure is steel-framed 

with lightweight roofing. The floors are long-span proprietary precast hollow-core floors 

spanning 17 m between reinforced concrete perimeter frames (Uma et al. 2010). 

 

Figure 4.4 – Aerial views of the CentrePort BNZ Building showing building sections and 

the coordinate system for instrumentation data. The building’s Y axis is 37° east of north      

(Uma et al. 2010) 

The CentrePort BNZ building is sited on reclaimed land with a soil site category of D as defined 

by NZS 1170.5. The site is expected to have average shear velocities of less than 200 m/s in the 

top 30 m. The foundations are typically bored concrete piles, with some driven precast concrete 

or concrete-filled steel-tube piles at the section ends. The piles under the building extend down 

to strong alluvial material that will maintain the building’s vertical support. Under 500-year 

return-period shaking, it is estimated that there will be up to 50 mm of differential ground sagging 

of the ground floor slab. Instrumentation of the CentrePort BNZ building is therefore of value.  
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4.1.4 Seismic instrumentation in the building 

The paper by Uma et al. (2010) gives a comprehensive summary of the seismic instrumentation 

in the CentrePort BNZ building. The instrumentation project undertaken for this building is part 

of the GeoNet monitoring programme (www.geonet.org.nz) funded by the EQC (Uma et al. 

2011) .  

The seismic monitoring system of the CentrePort BNZ building comprises 15 sensors, including 

a deep borehole sensor. The instrumentation utilises CUSP-M sensors produced by Canterbury 

Seismic Instruments Ltd and a central data logger unit. All the sensors are tri-axial 

accelerometers and are mounted at various levels. As shown in Figure 4.5 and Table 4.1, sensors 

2 and 3 capture the ground-level motions input to the building. Building level 5 contains five 

sensors, all placed in the ceiling of level 4 to capture the motions of floor level 5. Sensors 10 and 

12 mainly capture floor acceleration; sensors 9 and 11 are intended to capture the twisting motion 

of the south unit; the data from sensor 13 at the end of the north unit are compared with that from 

sensors 9 and 11 to capture relative movement in terms of translation and twisting. Because the 

building is located on reclaimed land, a deep downhole sensor is installed under the road next to 

the entrance of the car park under the building, at a depth of 19.75 m, to study the effect of soil 

amplification during earthquakes. 
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Figure 4.5 – Plan and elevation view of the CentrePort BNZ Building together with the 

indicative locations of accelerometers (adapted from Uma et al. (2010)) 
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Table 4.1 – Accelerometer information for the CentrePort BNZ building (Uma et al. 

(2010)) 

Sensors 
Building 

Level 
Position 

Ground 

Relationship 

(m) 

Azimuth 

(degs) 

1 Ground 
Remote sensor by pohutukawa 

tree 
+0.20 334 

2 Ground Floor-mounted (section 2) -0.80 37 

3 Ground Floor-mounted (section 3) -0.80 307 

4 Ground Ceiling-mounted (section 3) -3.45 307 

5 1 Ceiling-mounted (section 3) -7.31 307 

6 2 Ceiling-mounted (section 3) -11.12 307 

7 2 Ceiling-mounted (section 3) -11.57 37 

8 3 Ceiling-mounted (section 3) -14.97 307 

9 4 Ceiling-mounted (section 3) -18.88 37 

10 4 Ceiling-mounted (section 3) -19.25 37 

11 4 Ceiling-mounted (section 3) -19.12 307 

12 4 Ceiling-mounted (section 2) -19.23 37 

13 4 Ceiling-mounted (section 1) -19.07 307 

14 5 Ceiling-mounted (section 2) -23.12 37 

15 5 Ceiling-mounted (section 3) -23.50 37 

 

For this chapter, all recorded response data were obtained from the GeoNet database as SAC 

files. The sampling rate of the acceleration data was 50 Hz. The analysis covered the periods 

from 1/1/2013 to 12/31/2013 and from 1/1/2016 to 31/12/2016. All of the acceleration data were 

collated on an hourly basis. 
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4.2 TIME-HISTORY ANALYSIS OF THE STRUCTURAL 
DATA DURING THE TWO EARTHQUAKES 

A comparison of peak floor accelerations, peak floor displacements and peak storey drift ratios 

of the CentrePort BNZ building during the 21 July 2013 Seddon earthquake, the 16 August 2013 

Lake Grassmere earthquake and the 14 November 2016 Kaikoura earthquake  can be found in 

the paper by Chandramohan et al. (2017). The building experienced greater peak floor 

acceleration, peak floor displacement and peak storey drift during the 2016 Kaikoura earthquake 

in both the X and Y directions, as expected from an earthquake of significantly larger magnitude. 

This section will only present the time-history accelerations and calculated displacements of each 

sensor (from 1 to 14) in the 2013 Seddon earthquake and the 2016 Kaikoura earthquake. Figures 

4.6 and 4.7 show the acceleration time-histories and calculated displacement time-histories for 

the CentrePort BNZ building in the X and Y directions for the Mw 6.5 2013 Seddon earthquake, 

while Figures 4.8 and 4.9 show those for the Mw 7.8 2016 Kaikoura earthquake.  

The largest peak acceleration recorded is 0.97 g from Channel 9 (floor 5 in section 3) in the Y 

direction, and the largest estimated peak displacement is 540 mm from Channel 14 (floor 5 in 

section 2) in the Y direction. The peak storey drift ratios (SDRs) over all stories of the building 

are plotted in Figure 4.10; this presents an indicative first-mode mode shape of the structure  

(Chandramohan et al. 2017). It can be seen from this figure that a maximum peak SDR of 1.8% 

is observed in the building during the Mw 7.8 2016 Kaikoura earthquake, which is twice the peak 

SDR observed during the Mw 6.5 2013 Seddon earthquake. Besides that, there is a significant 

change in the shape around level 2 after 2016 Kaikoura earthquake which indicates the 

significant damage occurred.  
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Figure 4.6 – Acceleration time-histories for the CentrePort BNZ building for the Mw 6.5 

2013 Seddon earthquake: a) X-direction; b) Y-direction. The numbers represent the 

storeys where accelerometer channels are located up, with red circles indicating 

accelerometers in section 3 of the building 

 

Figure 4.7– Estimated total displacement time-histories for the CentrePort BNZ building 

for the Mw 6.5 2013 Seddon earthquake: a) X-direction; b) Y-direction. The numbers 

represent the storeys where accelerometer channels are located, with red circles 

indicating accelerometers in section 3 of the building 
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Figure 4.8 – Acceleration time-histories for the CentrePort BNZ building for the Mw 7.8 

2016 Kaikoura earthquake: a) X-direction; b) Y-direction. The numbers represent the 

storeys where accelerometer channels are located, with red circles indicating 

accelerometers in section 3 of the building 

 

Figure 4.9 – Estimated total displacement time-histories for the CentrePort BNZ building 

for the Mw 7.8 2016 Kaikoura Earthquake: a) X-direction; b) Y-direction. The numbers 

represent the storeys where accelerometer channels are located, with red circles 

indicating accelerometers in section 3 of the building 
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Figure 4.10– Comparison of peak storey drift ratios of the CentrePort BNZ building 

during the earthquakes: left, X-direction; right, Y-direction  (Chandramohan et al. 2017) 
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4.3 TIME-FREQUENCY ANALYSIS OF THE 
RESPONSE OF THE CENTREPORT BNZ 
BUILDING 

This section examines the time-frequency-amplitude representations of the recorded response in 

an effort to detect and identify damage. The main advantage of this representation is the tracking 

of frequency component evolution over time. For an undamaged system, the frequency content 

is not expected to change over time baring the changes that can be expected from environmental 

effects. However, if damage manifests itself as a nonlinearity that results in a nonstationary 

system, the signals from a damaged structure can be time-variant and, as a consequence, the 

frequency content may change with respect to time. 

In this section, the short-time Fourier transform (STFT) will be performed to reveal frequency 

content evolution over time. The triggered acceleration-time histories of the CentrePort BNZ 

building during two earthquakes are split into 1024-point time windows (about 20s) with a 50% 

overlap for the STFT. A Hamming window is applied in each time-domain segment. If the time 

history used to calculate the STFT is representative of a stationary system, it is expected that no 

changes will be observed in the frequency content as a function of time. Figures 4.11 and 4.12 

show spectrograms of the acceleration data from Channel 11 (roof) in the X and Y directions 

during the 2013 Seddon earthquake and the 2016 Kaikoura earthquake, respectively. During both 

the 2013 Seddon earthquake and 2016 Kaikoura earthquake, no permanent change in natural 

frequency can be detected. The figures show that the dominant frequency varies between 0.5 Hz 

and 1.5 Hz in both the X and the Y directions during the earthquake.  
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Figure 4.11– Acceleration time-history and spectrogram of Channel 11 (roof) of the 

CentrePort BNZ building during the 2013 Seddon earthquake: a) X-direction; b) Y-

direction 

 

Figure 4.12 – Acceleration time-history and spectrogram of Channel 11 (roof) of the 

CentrePort BNZ building during the 2016 Kaikoura earthquake: a) X-direction; b) Y-

direction 
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In order to determine whether the natural frequencies (or by proxy dynamic properties) of the 

building has been altered due to the two earthquakes, an STFT analysis is performed on the 

continuous acceleration data for the whole of years 2013 and 2016. Analysing a full year of 

signal data (up to 1 billion points) using the STFT method in MATLAB presents a major 

computation challenge. Hence, the analysis again adopted the author developed long-term 

spectrogram function. This enabled each set of data to be analysed on a regular PC within 5 

minutes (without consideration of figure plotting time in MATLAB).  

Figures 4.13 is the spectrogram plot of the natural frequencies for the whole of 2013 in both 

directions of the CentrePort BNZ building. The time window size is 1024 points and the overlap 

between time slices is 50%. The frequency component distribution can be easily captured from 

these plots, allowing observation of the time variation in the natural frequencies, as well as the 

identification of periods of different intensity.  

 

Figure 4.13 – Spectrogram of natural frequencies as observed at the CentrePort BNZ 

building in the X and Y direction, from 1 Jan 2013 to 31 Dec 2013 (Red section marks 

earthquake mainshock) 

Figure 4.14 shows the spectrogram for just the month in which the 2013 Seddon earthquake 

occurred. In both the X and the Y direction, a decrease of 0.7 Hz (from 1.9 Hz to 1.2 Hz) in the 

natural frequency of the first mode can be clearly observed immediately after the Seddon 

earthquake (21 July 2013), indicating a permanent alteration in the building’s dynamic 

performance due to this earthquake. This means that that permanent alteration can be identified 

using long-term monitoring data but not triggered earthquake responses. 
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The corresponding spectrogram plots for the 2016 Kaikoura earthquake are displayed in Figures 

4.15 to 4.16. A decrease of 0.3 Hz (from 1.2 Hz to 0.9 Hz) in the natural frequencies following 

the earthquake can also be clearly identified. 

  

Figure 4.14– Spectrogram of natural frequencies as observed at the CentrePort BNZ 

building in the X and Y direction, in July 2013 (Red section marks earthquake 

mainshock) 

 

Figure 4.15 – Spectrogram of natural frequencies as observed at the CentrePort BNZ 

building in the X and Y direction, from 1 Jan 2016 to 31 Dec 2016 (Red section marks 

earthquake mainshock)  

 

  

   

Day in July 2013 Day in July 2013 
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Figure 4.16 – Spectrogram of natural frequencies as observed at the CentrePort BNZ 

building in the X and Y direction, in November 2016 (Red section marks earthquake 

mainshock) 

In summary, the results show that damage to the building can be identified using time-frequency 

analysis. Changes in the natural frequencies of the building are not obvious from observation of 

the triggered event data sets alone. However, a permanent alteration in the building’s dynamic 

performance can be clearly seen using long-term continuous data sets.  

   

Day in November 2016 Day in November 2016 
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4.4 DAMAGE DETECTION USING AR PARAMETERS 
WITH MAHALANOBIS DISTANCE 

This section details an example application of AR parameters with Mahalanobis distances as a 

damage detection algorithm to the recorded CentrePort BNZ building data during the two 

earthquakes. It was reported independently through building surveys that the building suffered 

extensive non-structural damage during the 2013 Seddon earthquake and severe non-structural 

and structural failures during the 2016 Kaikoura earthquake.  

Constructing an AR model is a time-series analysis method which considers that data points may 

have an internal structure when considered over time, including autocorrelation, trends, or 

seasonal variation (Sohn and Farrar 2001). The AR model with p  autoregressive parameters, 

( )AR p , can be written as shown in Eq. 4.1: 

( )

1

p

i j i j i

j

x x e −

=

= +                                                            (4.1) 

where 
ix  is the measured signal at discrete time index i , and 

ie  is an unobservable random error 

(or residual error) at the thi  signal value. The unknown AR parameters, j , can be estimated by 

using either least squares or the Yule-Walker equations. In this section, only the former is used.  

The order of the AR model should be chosen appropriately. A low-order model will not 

fundamentally capture the response of an underlying physical system. However, while a high-

order model may perfectly match the data, it may not generalize to other data sets. Several 

techniques are used to ascertain the optimum model order, such as AIC, the partial 

autocorrelation function (PAF), root mean squared error (RMSE) and SVD. Detailed 

descriptions of the techniques of AIC, PAF, RMSE and SVD may be found in Bishop (1995), 

Box et al. (2013), Everitt and Skrondal (2010) and Zhang and Zhang (1993). 

The Mahalanobis distance is a distance measure used for multivariate statistics that can be used 

to identify and quantify outliers. The Mahalanobis distance differs from the Euclidean distance 

in that it takes into account the correlation between variables, and does not depend on the scale 

of the observations. 
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In this study, the undamaged condition of the CentrePort BNZ building before the 2016 Kaikoura 

earthquake is defined by the AR model parameters developed based on one-week time histories 

starting from 1 November (1 Nov to 7 Nov) that were measured at Roof Channel 11. The one-

week time histories are split into 168 sets of data (one-hour data for each set), and these 168 sets 

of data serve as the undamaged training sets. The order of the AR model is set as 44 based on 

AIC and PAF methods. The training AR (44) parameters are shown in Figure 4.17. A model 

based on Mahalanobis distance output is then established using the AR features from the training 

sets. The Mahalanobis score threshold indicating damage is calculated as follows. First, an 

exponential distribution is assumed that best fits the largest values of the Mahalanobis squared 

distance of each AR-grouped series of residual errors from the training data sets. A Gaussian 

distribution is then fitted to the exponential distribution parameters. Finally, an upper bound 1% 

exceedance probability for the MSD is set as the Mahalanobis score threshold for indicating 

damage. 

 

 

Figure 4.17 – AR (44) model parameters for training data sets (Roof Channel 11) 
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For the test data, the recorded building responses one week before and one week after the 2016 

Kaikoura earthquake are used. Figure 4.18 plots the Mahalanobis squared distance against time. 

Each bar on this graph represents the MSD value for one hour of data; the dotted red line is the 

MSD threshold which defines the undamaged/damaged state boundary. The figure shows that 

the Mahalanobis squared distance after the earthquake is much larger than that before the 

earthquake indicating the newly recorded data is a pure fit to the AR (44) model built upon the 

training data set. Also, a high density of outliers is observed after the earthquake on 14 November, 

further confirming a high possibility of building damage following the earthquake, which is in 

accordance with the actual structural and non-structural damage that occurred in the CentrePort 

BNZ building during the 2016 Kaikoura earthquake. 

 

Figure 4.18 – Bar graph of the Mahalanobis squared distance for each test case, along 

with the threshold and the detected state (undamaged/damaged) during the 2016 

Kaikoura earthquake 

The above-mentioned damage detection algorithm is also applied to the recorded responses of 

the CentrePort BNZ building before, during and after the 2013 Seddon earthquake on 21 July. 

The normal condition of the building is defined by the AR model parameters from the two-week 

time histories measured at Roof Channel 11 from 1 to 14 July; these serve as the undamaged 
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state training data sets. The recorded responses from one week before to one week after the 2013 

Seddon earthquake are then analysed as test cases to assess the ability of the algorithm to the 

detect damage of the CentrePort BNZ building.  

According to Figure 4.19, a similar result to Figure 4.18 can be observed, in that the Mahalanobis 

squared distance after the earthquake is much larger than that before the earthquake. In addition, 

a large number of outliers are identified after the earthquake on 21 July, contrasting with the few 

outliers observable before the earthquake. This shows that it is highly possible that the CentrePort 

BNZ building was damaged after the earthquake, and is in accordance with the extensive damage 

to the building that did indeed occur during the 2013 Seddon earthquake.  

In summary, the damage detection algorithm using AR parameters with Mahalanobis distances 

was very effective in detecting the actual damage state of the CentrePort BNZ building during 

and after the two earthquakes with high accuracy. 

 

Figure 4.19 – Bar graph of the Mahalanobis squared distance for each test case, along 

with the threshold and the detected state (undamaged/damaged) during the 2013 Seddon 

earthquake 
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4.5 CONCLUSIONS 

In this chapter, the recorded earthquake response of the CentrePort BNZ building during the 

2016 Mw 7.8 Kaikoura earthquake was presented and compared against the recorded response 

during the 2013 Mw 6.6 Seddon earthquake sequence. A damage detection algorithm was applied 

to the recorded responses during these earthquakes.  

The CentrePort BNZ building experienced greater peak floor acceleration, peak floor 

displacement and peak storey drift during the Kaikoura earthquake than the Seddon earthquake 

in both the X and Y directions, as it can be expected from an earthquake of significantly larger 

magnitude.  

From the STFT, changes in natural frequencies of the building are not obvious from the triggered 

event data alone, but permanent alterations in the building’s dynamic properties are clear when 

long-term continuous data sets are considered. This result indicates a strong likelihood of 

building damage after the earthquakes, which is in accordance with the actual structural and non-

structural damage that occurred in the CentrePort BNZ. However, this approach to damage 

detection is objective and there are no inherent strategies for considering the effect of 

environmental conditions.  

Finally, the damage detection algorithm using AR parameters with Mahalanobis distances was 

successfully applied to the CentrePort BNZ building data to detect the damage state of the 

building during and after the two earthquakes. This was achieved by first deciding to adopt an 

AR (44) order as the underlying model. A 1% exceedance probability was then adopted to 

establish the MSD threshold at which damage was deemed to be detected in high accuracy. 

Successful damage detection was noted as a large number of MSD outliers observable after the 

earthquakes compared with few outliers observable before the earthquakes, and consistent MSD 

values exceeding the MSD damage threshold. 
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Chapter 5 

Parametric Study of an Existing 

Damage Detection Algorithm 

Applications of statistical pattern recognition methods in SHM have attracted much attention 

from researchers. Most of the studies focusing on these applications in SHM use a combination 

of time-series modelling with a statistical novelty-detection methodology, such as outlier 

detection (Chetwynd et al. 2008). Time-series modelling (i.e. the AR model extracts the damage-

sensitive features from measured system response data and the novelty-detection methodology 

is applied to AR coefficients to detect any abnormal changes in the systems. This approach is 

based on the new data from a damaged structure being likely to be classified as outliers, as the 

model has been trained to the baseline model (Figueiredo et al. 2009). One of the main 

advantages of such techniques is that the training phase requires only the data from the 

undamaged structure. In addition, they can also be applied to real structures while taking into 

account various operational and environmental conditions(Sohn et al. 2002b). However, Gul and 

Catbas (2009) commented that it is often difficult to determine the order of the AR model in an 

automated SHM system. A high-order model might be required for complex structures to 

sufficiently model the time-history response, but it would make it more difficult to identify 

outliers. Selecting the appropriate threshold value for triggering damage detection is another 
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important issue. If the threshold value is too high, data coming from a damaged structure could 

be classified as inliers, which is an undesirable situation.  

To solve these problems, a parametric study of a damage detection algorithm using AR models 

in conjunction with Mahalanobis-distance-based outliers is conducted herein. The parameters, 

including AR orders and exceedance probability for determining threshold values, will be 

considered. This damage detection technique will be applied to the recorded continuous 

acceleration data acquired from the instrumented CentrePort BNZ building, which was described 

in the previous chapter. The aim is to develop best practice guidance as well as automated 

procedures for selecting AR orders and threshold values, to produce the most effective and 

efficient damage detection algorithm.  
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5.1 THEORETICAL BACKGROUND 

The methodology used for damage detection utilises a Mahalanobis-distance-based outlier 

detection process in conjunction with AR time-series modelling, similar to that applied in 

Chapter 4 or those reported in Sohn et al. (2001a), Nair et al. (2006) and Cheung et al. (2008).  

5.1.1 Autoregressive model  

An AR model is a time-series method which considers that data points may have an internal 

structure when considered over time, including autocorrelation, trends, or seasonal variation 

(Sohn et al. 2001a). The AR model with p  autoregressive parameters, ( )AR p , can be written 

as shown in Eq. 5.1: 

( )

1

p

i j i j i

j

x x e −

=

= +                                                          (5.1) 

where 
ix  is the measured signal at discrete time index i , and 

ie  is an unobservable random error 

(or residual error) at the thi  signal value. The unknown AR parameters, j , can be estimated by 

using either least squares or the Yule-Walker equations. In this chapter, only the former is used 

for damage detection. 

5.1.2 AR order selection 

Several techniques are currently available for selecting AR model order, such as partial 

autocorrelation function (PAF), Akaike’s information criterion (AIC), Bayesian information 

criterion (BIC), and root mean squared error (RMSE). 

 Partial autocorrelation function method 

PAF is used to give the partial correlation of a time series with its own lagged values, which will 

control the values at all shorter lags (Brockwell and Davis 1987). The coefficients from a PAF 

were estimated by fitting AR models of successively increasing order p  to the measured data 

and then plotting the last estimated coefficient, pp , as a function of the model order. Thus, the 

AR model equation can be rewritten as shown in Eq. 5.2: 
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1

( )
p

i pj i

j

x x i j e
=

= − +                                                             (5.2) 

For a p-ordered AR model of a noise-free process, the PAF coefficient, 
kk , will be nonzero for 

k p  and zero for k p . For real-world structures with noise in the measurements, the PAF 

coefficients of the ( )AR p  will not be zero for k p . It is thus necessary to define upper and 

lower bounds for which ( )AR p  will be considered zero if the coefficients are within those limits. 

The idea is to look for the coefficients of the PAF that are essentially zero. An approach based 

on the standard deviation error,  , of the PAF is defined as follows using Eq. 5.3: 

1
[ ]kk

n
  = (k 1)p +                                                     (5.3) 

where the estimated partial autocorrelation coefficients of order 1p +  and higher are 

approximately independently distributed, and n  is the number of observations used in fitting the 

AR model. Setting an exceedance probability for statistical significance is helpful for this 

purpose. For example, assuming an approximate 5% exceedance probability for the partial 

autocorrelation coefficients, the limits are placed at 2  . 

 Akaike's information criterion method 

Akaike’s information criterion is used to estimate relative quality among statistical models for a 

given set of data (Akaike 1998), which  is a function of the number of observations n , the sum 

of squared errors SSE , and the number of independent variables 1k p + , as shown in Eq. 5.4: 

ln( ) 2
SSE

AIC n k
n

=  +                                                   (5.4) 

The first part of Eq. 5.4 is a measure of the lack-of-fit to the model, while the second part, 2k , is 

a penalty term for additional parameters in the model. As the number of independent variables 

k  included in the model increases, the lack-of-fit term decreases while the penalty term increases. 

On the contrary, as variables are dropped from the model the lack-of-fit term increases while the 

penalty term decreases. The model which has the smallest AIC is deemed to be the ‘best’ model 

since it minimises the differences between the given model and the ‘true’ model, while 

accounting for overfitting. 
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 Bayesian information criterion method 

The Bayesian information criterion is similar to AIC, where both methods attempt to select the 

model by introducing a penalty term for the number of parameters in the model (Schwarz 1978). 

However, in general, the penalty term is larger than in BIC than AIC. BIC is a function of the 

number of observations n , the sum of squared errors SSE , the pure error variance for the full 

model 2 , and the number of independent variables 1k p + , as shown in Eq. 5.5. For model 

selection, the one with the lowest BIC is preferred.  

2 2 4

2

2( 2) 2
ln( )

SSE k n n
BIC n

n SSE SSE

 +
=  + −                                  (5.5) 

 Root mean squared error method 

In the AR model, the RMSE is a measure of the differences between the values estimated by the 

model and the measured observations. For a time-series signal from a random variable X  with 

n  observations in the form 
1 2, ,..., nx x x , the RMSE is defined using Eq. 5.6: 

^
2

1

1
( ) ( )

n

i i

i

RMSE x x x
n



=

= −                                                        (5.6) 

 Summary 

Figure 5.1 shows the results of using the four methods discussed above as a function of the AR 

model order. The graphs showed that the optimum the AR model order as determined by the four 

techniques are 44, 99,43 and 40 for PAF, AIC, BIC and RMSE respectively. 

The four techniques thus did not give consistent results for the optimum order of the AR model. 

To investigate the effect of AR order on damage detection performance, the mean value of the 

results for the PAF, BIC and RMSE methods, AR (42), together with a lower-order model AR 

(20) and a higher-order model AR (60) are adopted further to determine the influence of AR 

model order on the damage detection process. The mean value amongst the PAF, BIC and RMSE 

methods was selected to be representative for all three methods, as they produced very similar 

recommendations which can be regarded as close to the optimum order. 
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Figure 5.1 – Order selection for AR model using four different methods 

5.2 CENTREPORT BNZ BUILDING CASE STUDY 

5.2.1 Building and data information 

This study makes use of the building instrumentation data from the CentrePort BNZ Building as 

in the previous chapter. The study will focus on the data recording from during 2016 Mw 7.8 

Kaikoura earthquake. More information regarding the CentrePort BNZ building can be found in 

sections 4.13 and 4.14 and are not be repeated here.  

Building responses from 01/07/2016 to 30/09/2016 are used as the training data for the building 

in the undamaged state. The damage detection algorithm is applied to the responses from 

01/10/2016 to 31/12/2016. The reason for choosing this period for the test data is that it included 

the 2016 Mw 7.8 Kaikoura earthquake which occurred on 13 November 2016. 
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5.2.2 Damage detection algorithm process 

The damage detection algorithm applied uses AR models with Mahalanobis squared distance as 

the outlier detection parameter. This approach was selected as it was previously in Chapter 4 to 

be reliable and accurate for damage detection. 

• The response data acquired from 01/07/2016 to 30/09/2016 (normal-condition data) are 

used for training. The training data are split into several sets of data (one-hour of data 

in each set), which serve as the undamaged training data sets. 

• The AR model is established on the basis of the training data sets. The AR coefficients 

are used as the damage-sensitive feature for the damage detection process. 

• The Mahalanobis squared distances are then calculated using the AR coefficients from 

the AR models for the training data sets using Eq. 2.13 and are regarded as damage 

indicators (DIs). 

• The distribution of the DIs is plotted, and a threshold DI value is chosen based on a user 

selected exceedance probability assuming that the DIs follow a log-normal distribution. 

• The test response data during 01/10/2016 to 31/12/2016 are split into one-hour data for 

each set to serve as the testing data sets. 

• An AR model of the same order as the training data model is constructed an individual 

one-hour data. 

• The Mahalanobis squared distances of the AR coefficients of the test AR model are 

calculated for each test data set using Eq. 2.13. If the calculated Mahalanobis squared 

distance is larger than the threshold DI value, this indicates a damaged building 

condition. Otherwise, the result gives an indication of an undamaged condition.  

5.2.3 Application of the damage detection algorithm 

Figure 5.2 (left) shows a series of histograms of the DIs based on the undamaged training data 

sets using the three AR models, AR(20), AR(42) and AR(60). A probability distribution function 

(PDF) is fitted to the DIs distributions. As it can be seen a log-normal distribution with a standard 
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deviation of 0.5 adequately fitted the data in all the histograms. Cumulative distribution functions 

(CDF) based on log-normal distributions are then calculated for each AR model.  

As these models represent the undamaged condition, a suitable threshold for indicating damage 

may be one that has a low likelihood to occur by chance. Adopting a 1% exceedance probability 

threshold, the threshold value for the AR (20) model is 102.5, but 255 for the AR (42) model 

and 403 for the AR (60) model. These threshold values will be used in further outlier analysis to 

determine whether the test data relate to the undamaged condition or the damaged condition. 
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Figure 5.2 – Histogram of damage indicator amplitude and the corresponding PDF and 

cumulative distribution function (CDF): a) histogram and PDF using AR (20) model; b) 

CDF using AR (20) model; c) histogram and PDF using AR (42) model; d) CDF using AR 

(42) model; e) histogram and PDF using AR (60) model; f) CDF using AR (60) model 
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The test data are also split into one-hour of data for each set, and serve as the testing data sets. 

The Mahalanobis squared distances are first calculated for each test set in three AR models, 

shown in Figure 5.3. The red dots in this figure indicate data points that were obtained from the 

damaged CentrePort BNZ building, and the black dots are those corresponding to the undamaged 

condition. It can be clearly seen that the mean value, standard deviation and range of the damage 

indicator amplitudes when the building is damaged are much higher than when it is undamaged 

for all three AR models. This is also confirmed statistically by a t-test as shown in Table 5.1. 

The next step is to add the threshold-value line based on a 1% exceedance probability, to conduct 

a true-positive analysis; this is shown in Figures 5.4, 5.5 and 5.6. There are four types of indicator: 

true-positive, true-negative, false-positive and false-negative. The true-positive indicator means 

that the building has indeed sustained damage and the damage detection algorithm gives the 

same indication. The true-negative indicator means that no damage occurred in the building and 

the damage detection algorithm also shows an undamaged condition. The false-positive indicator 

means that the building is undamaged but the algorithm gives false information regarding the 

building’s condition. The false-negative indicator means that the algorithm gives a wrong 

indication for a damaged building. Table 5.2 shows the summary of four damage indicators. 

It can be seen from Figures 5.4, 5.5 and 5.6 that the number of true-positive and false-positive 

indicators increases with increasing AR order, while the true-negative and false-negative 

indicators decrease with increasing AR order. In SHM, a high true-positive rate and a low false-

negative rare are usually very significant, as human lives will be threatened if a damage detection 

algorithm cannot achieve its goal. In this instance, the higher-order AR models demonstrate 

better performance. Figures 5.7, 5.8 and 5.9 show the damage indicators obtained using the AR 

(42) model with three different exceedance probability levels, 15%, 10% and 5%. The results 

show the opposite trend compared with using different AR orders: the true-positive indicators 

decrease but the false-negative indicators increase as the exceedance probability becomes 

smaller. In this case, a lower exceedance probability indicates a better outcome for the damage 

detection algorithm. 
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Figure 5.3 – Damage indicators for the test data sets: a) AR (20) model; b) AR (42) 

model; c) AR (60) model 

 

Figure 5.4 – Damage indicators for the test data sets with threshold line based on the AR 

(20) model with a 1% exceedance probability 
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Figure 5.5 – Damage indicators for the test data sets with threshold line based on the AR 

(42) model with a 1% exceedance probability  

 

Figure 5.6 – Damage indicators for the test data sets with threshold line based on the AR 

(60) model with a 1% exceedance probability 
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Figure 5.7 – Damage indicators for the test data sets with threshold line based on the AR 

(42) model with an 15% exceedance probability 

 

Figure 5.8 – Damage indicators for the test data sets with threshold line based on the AR 

(42) model with a 10% exceedance probability 
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Figure 5.9 – Damage indicators for the test data sets with threshold line based on the AR 

(42) model with a 5% exceedance probability 

Table 5.1– Comparison of damage detection algorithms 

AR order P value Accept or reject H0 

20 6.54×10-216 Reject 

42 6.51×10-218 Reject 

60 3.22×10-224 Reject 

 

Table 5.2 – Summary of four damage indicators 

 True-positive  True-negative False-positive False-negative 

Actual building 

damage 
Y N N Y 

Algorithm 

indicates damage 
Y N Y N 
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5.3 PARAMETRIC STUDY OF THE DAMAGE 
DETECTION ALGORITHM 

A parametric study is now conducted to investigate whether the key parameters exceedance 

probability and AR model order can influence the performance of the damage detection 

algorithm that uses AR models in conjunction with the Mahalanobis squared distance. 

5.3.1 Effects of selected exceedance probability as damage threshold 

In order to explore the effects of the exceedance probability on the performance of the damage 

detection algorithm, exceedance probabilities ranging from 1% to 100% were considered. Figure 

5.10 shows the change in four types of damage indicator with increasing exceedance probability 

using the AR (42) model. It can be seen from this figure that the numbers of true-negative and 

false-negative indicators increase with decreasing exceedance probability. The rate of increase 

in the true-negative indicators is almost constant, while the false-negative indicators decrease 

sharply after an exceedance probability of 1%. The true-positive and false-positive indicators 

show the opposite trend to the false-negative and true-negative indicators, respectively.  

In order to clearly demonstrate the effectiveness of the damage detection technique under the 

influence of exceedance probability, the term ‘detection accuracy’ is introduced here to measure 

damage detection performance. Detection accuracy is calculated using the ratio of the total true 

damage indicators to the total damage indicators, as shown in Eq. 5.7:  

100%
TP TN

Accuracy
TP TN FP FN

+
= 

+ + +
                                          (5.7) 

where TP and TN represent the numbers of true-positive and true-negative indicators, 

respectively and FP and FN are the numbers of false-positive and false-negative indicators, 

respectively. This accuracy index gives the percentage of true damage indicators. A higher 

accuracy value would indicate better performance by the damage detection algorithm. Figure 

5.11 shows the detection accuracy as a function of the exceedance probability for the AR (42) 

model. The result clearly shows that the accuracy increases steadily, and reaches a maximum 

accurate rate at exceedance probability of 12%, after which the accuracy decreases dramatically. 

Therefore, an exceedance probability of 12% gives the best performance of the damage detection 

technique when using the AR (42) model. 
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Figure 5.10 – Damage indicators for the test data sets as a function of exceedance 

probability using the AR (42) model 

 

Figure 5.11 – Damage detection accuracy of the test data sets as a function of exceedance 

probability using the AR (42) model 
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5.3.2 Effects of AR model order 

This section explores the influence of AR order on the effectiveness of the damage detection 

algorithms. Figure 5.12 shows the change in damage indicators with increasing AR model order 

from 1 to 100 using an exceedance probability of 12%. As can be seen from the figure, the 

number of true-positive indicators increases with increasing AR order, while the number of true-

negative indicators remains stable with respect to changes in AR order. A plot of damage 

detection accuracy is plotted against the AR order in Figure 5.13. The figure shows that the 

accuracy increases at a low rate with increasing AR order. However, this figure also shows that 

the computation time increases considerably with increasing AR order. If 3000 seconds is 

regarded as an acceptable computation time for running the damage detection algorithm, the AR 

(38) model gives the highest detection accuracy using an exceedance probability of 12%. The 

reason for choosing 3000 seconds is that this time allows the whole procedure to be finished 

within one hour. Nevertheless, if we choose the AR (42) model as calculated from the average 

of PAF, AIC, BIC and RMSE methods. The accuracy is within 1% less than that using AR (38) 

model. 

 

Figure 5.12  – Damage detection indicators for the test data sets as a function of AR order 

using a 12% exceedance probability 



5.3  Parametric Study of the Damage Detection Algorithm 

 

- 139 - 

 

Figure 5.13 – Damage detection accuracy of the test data sets and corresponding 

computation time as a function of AR order using a 12% exceedance probability  
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5.4 CONCLUSIONS 

In this chapter, a parametric study of the damage detection algorithm that uses auto-regressive 

(AR) models in conjunction with Mahalanobis distance-based outliers was conducted. The 

effects of the parameters AR order number and exceedance probability were investigated. The 

damage detection technique was applied to the recorded continuous acceleration data acquired 

from the instrumented CentrePort BNZ building.  

Regarding the selection of an order for the AR model, even if several existing algorithms are 

used to determining AR model order, there is no consistent indication of the optimal AR model 

order. How to select the AR model order for established AR models is therefore significant for 

implementing the damage detection algorithm.  

Application of the damage detection algorithm that uses AR models in conjunction with the 

Mahalanobis squared distance to the CentrePort BNZ building reveals that most of the data 

arising from a damaged state of the building can be identified as outliers. However, the 

exceedance probability and AR model order are important parameters affecting the detection 

accuracy of the algorithm. In the case of the CentrePort BNZ building responses, an exceedance 

probability of 12% gives a peak detection accuracy of 90%. When the AR order model increases, 

both detection accuracy and computation time increase. Balancing these factors, 38 can be 

chosen as the optimal AR order in the case of the CentrePort BNZ building, to achieve a 90% 

detection accuracy with a computation time of less than 1 hour. Nevertheless, if we choose the 

AR (42) model as calculated from the average of PAF, AIC, BIC and RMSE methods. The 

accuracy is within 1% less than that using AR (38) model. Therefore, the current model selection 

methods, including PAF, AIC, BIC and RMSE methods, are able to give nearly optimal AR 

order.  

The parameter selection procedure for damage detection algorithm can be summarised as the 

following two steps: 1. Choose the average AR order values calculated from PAF, AIC, BIC and 

RMSE methods. 2. Adopt 12% exceedance probability to select the threshold value. 
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Chapter 6 

Novel Damage Detection Algorithms 

The previous chapter described an existing damage detection algorithm applied in a real structure. 

Herein, a novel damage detection method is proposed. This approach aims to improve the 

performance of traditional methods, by using the MSD and AANN approaches. In addition, the 

proposed MSD-AANN algorithm is applied to the ASCE benchmark structure and compared 

with three other algorithms, based on FDD, MSD and AANN, respectively. The proposed MSD-

AANN algorithm and the other three algorithms are then applied to the recorded responses of 

the CentrePort BNZ building to detect damage during the 2016 Kaikoura earthquake. The 

performance of these four algorithms is further evaluated and compared using ROCs. 
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6.1 TRADITIONAL DAMAGE DETECTION 
ALGORITHMS 

This section describes the theoretical background of two traditional damage detection algorithms, 

the MSD and the AANN. In the context of the statistical pattern recognition paradigm, both 

algorithms use the data normalisation procedure for damage detection, which is the process of 

separating changes in sensor readings caused by damage from those caused by varying 

operational and environmental conditions. In this study, each algorithm first uses training data 

composed of features from the normal condition of the structure, i.e. features from the 

undamaged state conditions that include all sources of variability. This normalisation procedure 

renders the classification algorithm output invariant to the sources of variability that influence 

feature distribution. When features from potentially damaged conditions are analysed, it is 

therefore expected that the classification algorithm will identify them as outliers even in the 

presence of operational and environmental variability.  

6.1.1 Mahalanobis squared distance (MSD) 

The statistical background for MSD has been shown in Section 2.3.4.4. This section will 

concentrate on demonstrating the theoretical background of MSD for mitigating varying 

operational and environmental effects. 

Consider a set of M  feature vectors ( 1,..., )ix i M=  with dimension m , corresponding to M  

samples of the ‘health state’ of a structure, of which the mean vector x  of size 1m  and 

covariance matrix C  of size m m  can be estimated using Eq. 6.1 and Eq. 6.2, respectively: 

1

1 M

i

i

x x
M =

=                                                                    (6.1) 

1

1
( )( )

1

M
T

i i

i

C x x x x
M =

= − −
−
                                                   (6.2) 

The multivariate feature vectors correspond to the features extracted from vibration 

measurements, such as a set of AR parameters, residual errors and FRFs, eigenfrequencies, 

mode-shapes, and etc. 
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For each sample of the multivariate feature vector x , the principle of outlier analysis is the 

calculation of the MSD as given by Eq. 6.3: 

1( ) ( )TD x x C x x  

−= − −                                                   (6.3) 

If a new sample x  of the feature vector results in a value of D  that is above a threshold value 

and will thus be considered to be an outlier. 

In some cases, the features in the data vector are not independent and therefore the covariance 

matrix is not diagonal. It is, however, possible to perform a transformation of the feature vector 

in order to diagonalize the covariance matrix. This is done by calculating the eigenvectors iW  

and eigenvalues iV  of C  using Eq. 6.4: 

  i i iCW VW=                                                             (6.4) 

The orthogonality properties are given by Eq. 6.5 and Eq. 6.6: 

 TW CW R=                                                            (6.5) 

TW W I=                                                               (6.6) 

where W  is the matrix whose columns contain all the eigenvectors, R  is a diagonal matrix 

containing the eigenvalues iV  in descending order on the diagonal, and I  is the identity matrix. 

The spectral decomposition of the covariance matrix is given by Eq. 6.7: 

TC WRW=                                                            (6.7) 

and the spectral decomposition of the inverse of the covariance matrix is defined using Eq. 6.8: 

1 1 TC WR W− −=                                                          (6.8) 

Assume now the following transformation (Eq. 6.9): 

T

i iy W x=                                                              (6.9) 

The mean and covariance matrix estimated from the M  transformed samples ( 1,..., )iy i M=  are 

given using Eq. 6.10 to Eq. 6.13: 
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1
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= − −
−
                                     (6.12)  

T

yC W CW=                                                          (6.13) 

and by using the orthogonality condition, it can be clearly seen that the covariance matrix y  is 

diagonal and that the standard deviation of each component iy  is given by iV  using Eq. 6.14: 

TW CW R=                                                          (6.14) 

Using the inverse transformation according to Eq. 6.15, 

i ix Wy=                                                           (6.15) 

The MSD is calculated using Eq. 6.16: 

2

1

1
( )

m

i i

i i

D y y
V

 
=

= −                                              (6.16) 

This shows that the Mahalanobis distance can be decomposed into a sum of independent 

contributions from each component of the transformed variables 
T

i iy W x = . The contributions 

are weighted by the inverse of the associated eigenvalues iV , which can be interpreted as the 

variances of the new, transformed variables. If the variance is large, the contribution to the 

distance is small. 

In many cases, when the number of features is sufficiently large, the total variability in the feature 

vector extracted from the healthy (undamaged) condition can be explained by a smaller number 

of transformed features, usually called the principal components.  

Strictly speaking, this occurs when some of the eigenvalues C  are equal to zero. The associated 

eigenvectors form the null-space (or kernel) of the training data. In practice, due to noise and 

numerical precision issues, the eigenvalues are not strictly equal to zero, but a significant drop 
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in the eigenvalues can be observed and is used to define the number of principal components 

that account for most of the variability. An effective null-space is defined by putting a threshold 

on the singular values and assuming that singular values below this threshold are only non-zero 

due to noise in the training data. A practical way to determine the number n   of vectors in the 

principal subspace is to define the following indicator (Eq. 6.17): 

1

1

n

i i

m

i i

V
E

V

=

=


=


                                                             (6.17) 

And to determine n  as the lowest integer such that E e , where e  is a threshold value (i.e. 95%). 

The meaning of this threshold is as follows: n  principal components are needed in order to 

explain e  of the variance in the observed data. Assume that these n   principal components have 

been identified. For a new sample of the feature vector x , the MSD can be decomposed into 

two parts as shown in Eq. 6.18: 

2 2 1 2

1 1

1 1
( ) ( )

n m

i ii i

i i ni i

D y y y y D D
V V

    
= = +

= − + − = +                             (6.18) 

where 1D  is the MSD of x  projected on the principal components, and 2D  is the MSD of x  

projected in the null-space of the principal components. 

It is now assumed that very large variability exists in the feature vector extracted from the healthy 

condition due to environmental effects. If this variability is more important than other sources 

such as noise, it will belong to the set of the first n  principal components. Because the MSD 

scales each independent component with respect to the inverse of its variance, the distance will 

have a very low sensitivity to the environmental changes. By including the feature vector 

measured in all possible environmental conditions in the calculation of the covariance matrix, 

the MSD is rendered insensitive to the environmental conditions. 

In applying a damage detection algorithm using MSD, the following procedures are involved 

(taking AR model parameters as the features extracted for damage detection): 

• First, the normal condition of the structure is defined by using the AR model parameters 

acquired from undamaged state response data (training data set). 
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• Next, the MSDs are calculated using the AR model parameters from the training data 

set. 

• The threshold value is determined using the Monte Carlo method (Worden et al. 2000). 

• For each testing data set, the MSD is calculated using the AR model parameters from 

the testing data set. If the value of the MSD is higher than the threshold value, it will be 

considered to indicate a damaged condition. 

6.1.2 Auto-associative neural network (AANN) 

An auto-associative neural network (AANN) involves nonlinear principal component analysis 

(NLPCA)(Sohn et al. 2002b). The theoretical background of AANN is discussed 

comprehensively in Chapter 2. This section will only discuss the process of implementing an 

AANN algorithm for damage detection, which can be summarised as follows (taking AR model 

parameters as the features extracted for damage detection): 

• First, the normal condition of the structure is defined by using the AR model parameters 

acquired from undamaged state response data (training data set). 

• Next, the AANN is trained to learn the correlations between features from the training 

matrix. The nodes in the mapping layer and the de-mapping layer are defined based on 

the size of the studied damage-sensitive features. For example, a total of 40 damage-

sensitive features including AR parameters, AR residual and MSD value were used in 

this chapter; therefore 40 nodes were selected for AANN in the mapping layer and the 

de-mapping layer. Besides that, two nodes are used in the bottleneck layer to represent 

the changes in mass and stiffness. 

• Following training, the network should be able to quantify the unmeasured sources of 

variability that influence the structural response (e.g. environmental factors). This 

variability is represented at the bottleneck output, where the number of nodes (or factors) 

should correspond to the number of unobserved independent factors (e.g. wind speed, 

temperature, loading) that affect the structural response. 

• Finally, a threshold value is defined based on the AANN network. 
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• For each testing data set, the residual matrix is calculated. If the residual matrix exceeds 

the threshold value, it will be considered to indicate a damaged condition. 

6.2 PROPOSED DAMAGE DETECTION ALGORITHM 

As described in the previous section and Chapter 2, it is clear that both MSD and AANN 

algorithms are capable of detecting damage under varying environmental and operational 

conditions. In addition, the output from both algorithms can be achieved in minutes. These two 

damage detection approaches, therefore, have great potential regarding application to a real-time 

SHM system. In order to further improve the performance of traditional damage detection 

methods, a new damage detection algorithm is proposed to improve the accuracy of damage 

detection without overly increasing computation time.  

The proposed methodology utilises an MSD-based AANN combined with AR time-series 

modelling. A flowchart of the proposed methodology is shown in Fig. 6.1. Compared with the 

traditional AANN method, MSDs rather than AR parameters are utilised as the extracted features. 

The reason for choosing the MSD is that this has proved to be a good parameter for distinguishing 

a damaged structure from an undamaged one via the data normalisation procedure. The 

procedures of the proposed approach can be summarised as follows: 

• First, the normal condition of the structure is defined by using the AR model parameters 

acquired from undamaged state response data (training data set). Take one-hour 

undamaged state response data as an example; the input data set was first divided into 

3600 sets with one-second length in each set. If AR order is 40, 40 AR model parameters 

were then calculated for each dataset and 3600 sets of 40 AR model parameters will be 

stored in an input matrix regarded as the training data set. 

• Next, the AR residuals and MSDs for each data set are calculated using the AR model 

parameters from the training data set and saved in the input matrix as well. 

• The AANN is then trained to learn the correlations between calculated features (AR 

parameters, AR residuals and MSDs) from the training matrix. The nodes in the 

mapping layer and the de-mapping layer are defined based on the size of the studied 

damage-sensitive features.  
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• Following training, the network should be able to quantify the unmeasured sources of 

variability that influence the structural response (e.g. environmental factors). This 

variability is represented at the bottleneck output, where the number of nodes (or factors) 

should correspond to the number of unobserved independent factors (e.g. wind speed, 

temperature, loading) that affect the structural response. Two nodes are used at the 

bottleneck layer in this study to represent the changes in mass and stiffness. 

• Finally, a threshold value is defined by AANN network training results based on a 

specified exceedance probability. For example, if 5% exceedance probability was used 

in the algorithm, the threshold value was determined based on a 95% cut-off for the 

AANN training results. 

• For each testing data set, the MSD is first calculated using the AR model parameters 

from the testing data set. The residual matrix is then calculated based on the MSDs from 

the training data set and the testing data set. If the residual matrix exceeds the threshold 

value, it will be considered to indicate a damaged condition. 

The detailed information for proposed MSD-AANN method is summarised in Appendix A. 
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Figure 6.1 – Flowchart of proposed methodology  
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6.3 APPLICATION OF THE PROPOSED ALGORITHM 
TO THE ASCE BENCHMARK STRUCTURE 

This section presents the application of the proposed MSD-AANN damage detection to the 

ASCE benchmark structure. In addition, three established algorithms based on FDD, MSD and 

AANN, respectively are compared with the proposed damage detection algorithm against the 

ASCE instrumented structure benchmark dataset. In order to easily compare the effectiveness of 

each algorithm, the horizontal storey stiffness in each storey is calculated for each method and 

compared with the benchmark results. 

6.3.1 ASCE benchmark structure 

Numerous researchers around the world have studied the application of various SHM techniques 

in various structures, as discussed in the literature review (Chapter 2). However, the various 

studies apply different SHM methods to different structures, rendering side-by-side comparison 

difficult. A benchmark study, in which participants apply a number of monitoring techniques to 

a common structure with common objectives, provides a platform for consistent evaluation of 

proposed SHM methods. The IASC–ASCE SHM Task Group was established in 2001 to develop 

a series of benchmark SHM problems, arranging from a relatively simple to more realistic (and 

more complex) problems.  

The Task Group decided that the use of simulated data from an analytical structural model based 

on an existing structure would allow for future comparisons with data obtained from the actual 

structure. Beginning with simulated data allows various aspects of the problem to be controlled 

so that participants may gain a better understanding of the sensitivities of their methods to these 

different aspects of the problem, such as the difference between the identification model and the 

true model, incomplete sensor information, and the presence of noise in measurement signals. 

The Task Group chose an analytical model based on a laboratory scale-model structure. This 

structure, shown in Figure 6.2, is a four-storey, two-bay by two-bay, steel-framed quarter-scale 

model structure located in the Earthquake Engineering Research Laboratory at the University of 

British Columbia. It has a 2.5 m × 32.5 m plan and is 3.6 m tall. The members are hot-rolled 

grade 300 W steel with a nominal yield stress of 300 MPa (42.6 kpsi). The sections are unusual, 

designed for a scale model with properties as given in Johnson et al. (2004). 
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Figure 6.2 – ASCE benchmark structure (adapted from Johnson et al. (2004)) 

Figure 6.3 shows the analytical model of the ASCE benchmark structure. The columns are 

oriented to be stronger for bending towards the X direction. The floor beams are oriented to be 

stronger for bending in the vertical plane. On each floor of each exterior face, two diagonal 

braces may be removed to emulate damage. There is one-floor slab per bay per floor: four 800 

kg slabs at the first level, four 600 kg slabs at each of the second and third levels and, on the 

fourth floor, either four 400 kg slabs or three of 400 kg and one of 550 kg to create some 

asymmetry.  

Two finite element models based on this structure were developed to generate the simulated 

response data. The first is a 12 degree-of-freedom (DOF) shear-building model that constrains 

all motion except two horizontal translations and one rotation per floor. The second is a 120-

DOF model that only requires that floor nodes have the same horizontal translation and in-plane 

rotation. The columns and floor beams are modelled as Euler–Bernoulli beams in both finite 

element models. The braces are bars with no bending stiffness. 
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Figure 6.3 – Analytical model of ASCE benchmark structure (adapted from Johnson et 

al. (2004)) 

In addition to the undamaged structure, six damage patterns are part of the benchmark problem. 

These damage patterns advance from simple extreme damage that almost any method should be 

able to detect, to more difficult cases. The damage patterns are not intended to represent the 

complexity of damage mechanisms directly, but will test the ability of various SHM methods for 

detecting, localising and quantifying the damage. The damage patterns are shown graphically in 

Figure 6.4 and are defined in Table 6.1.  

The first finite element model, for generating the simulated data for the SHM benchmark 

problem in the undamaged and damaged conditions, is a 12-DOF shear-building model. In this 

model, the floors (floor beams and floor slabs) move as rigid bodies, with translation in the two 

directions and rotation about the centre column, a total of three DOFs per floor. To investigate 

the effect of modelling errors, a more complex 120-DOF model was constructed using finite 

elements. This model is used to simulate the response measurements, while the identification 

analyses still assume a 12-DOF shear-building model. The 120-DOF model constrains the 

horizontal translation and rotation (about the vertical axis) of the nodes in each floor to be the 

same. The horizontal slab panels are assumed to contribute only to the in-plane stiffness, making 
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the floor behave as rigid diaphragms. The remaining out-of-plane DOFs are active. Detailed 

information about the two finite element models is reported in Johnson et al. (2004). 

 

Figure 6.4 – Six damage patterns for the ASCE benchmark structure (adapted from 

Johnson et al. (2004)) 
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Table 6.1– Damage patterns considered in the ASCE benchmark study 

Damage 

Pattern 

(DP) 

Characteristics 

Damage 

Seriousness 

(1-least, 6-

most) 

0 Undamaged NA 

1 All braces on the first floor are broken 5 

2 All braces at the first and third floors are broken 6 

3 One brace on the first floor is broken 2 

4 Two braces on the first floor and the third floor are broken 3 

5 DP 4 plus one beam-column connection at the first floor is broken 4 

6 One-third stiffness reduction of one brace on the first floor 1 

There are two phases for the ASCE benchmark studies (Bernal et al. 2002). Phase I considered 

cases with different input and damage scenarios including symmetrical and unsymmetrical loss 

of stiffness in the bracing system. Phase II aimed to reduce the discrepancies between the ‘truth 

model’ and the analytical model in phase I. For the sake of simplicity, only the Phase I 

benchmark problem is considered in the case study 1 described below. The goal of the phase I 

benchmark study is to identify the location of the damage in the structure using noisy acceleration 

measurements only. Issues such as limited sensor data and modelling errors were also considered 

in phase I of this problem. A total of six cases are defined as a part of the Phase I benchmark 

problem, each with several components including the various damage patterns shown in Table 

6.2. Case 3 replaces the ambient excitation with a shaker on the roof. Although the structure is 

excited in two directions, only the Y direction is to be analysed for case 3. Cases 4–6 introduce 

asymmetry by replacing one of the 400 kg floor slabs on the roof with a 550 kg slab and are 

analysed with respect to the three-dimensional motion of the floors. Case 4 reverts to the 12-

DOF data-generation model, while case 5 brings model error back into the picture and introduces 

damage pattern 5. Case 6 decreases the number of sensors by 50% to test the ability of various 

damage detection algorithms to be robust to limited sensor data. 
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Table 6.2– Damage cases considered in the ASCE benchmark study 

Case 

Number 

Model 

Used 

Damage 

Patterns 
Excitation 

Mass 

Distribution 

1 12 DOF 1, 2 Ambient Symmetric 

2 120 DOF 1, 2 Ambient Symmetric 

3 12 DOF 1, 2 Shaker diagonal on roof Symmetric 

4 12 DOF 1, 2, 3, 4, 6 Shaker diagonal on roof Asymmetric 

5 120 DOF 1, 2, 3, 4, 5, 6 Shaker diagonal on roof Asymmetric 

6 120 DOF 1, 2, 3, 4, 5, 6 Shaker diagonal on roof; 50% sensors Asymmetric 

6.3.2 Information regarding algorithms used 

Four algorithms were considered and compared in this case study. Three are damage detection 

algorithms: Mahalanobis squared distance (MSD), auto-associative neural network (AANN) and 

the proposed MSD-based AANN algorithm (MSD-AANN). Details of these three algorithms 

can be found in previous sections. In addition, one system identification (SI) method, frequency 

domain decomposition (FDD), is considered (Brincker et al. 2000).  In order to effectively 

compare these methods, the horizontal stiffness of the ASCE benchmark structure at each storey 

is calculated using each method and compared.  

For the SI method, the natural frequencies of the building are first estimated and then the 

structural stiffness is evaluated using the model updating technique (Katafygiotis and Yuen 

2001). For the three machine learning algorithms, the AR model is first established. Next, the 

AR parameters are used as damage-sensitive features for MSD and AANN, while the MSDs of 

the AR parameters are used as damage-sensitive features for MSD-AANN. Since a total of 10 

damage-sensitive features were considered in this study, 10 nodes were used in the mapping 

layer and de-mapping layer for MSD-AANN. Finally, the loss of stiffness between the training 

signal and the testing signal is evaluated. Regarding the damage detectability, generally, the 

minimum detectable damage is the smallest percentage loss of a member stiffness that can be 

detected. Worden (1997) studied the minimum damage detectability, and the results showed that 

both AANN and MSD method could detect a 3% stiffness reduction. Such small damage can be 

caused by many sources such as minor cracks and localised corrosion, which are not easily 
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identified by visual inspection. Due to the data and time limitation, this thesis only focused on 

detecting the existence of damage which can be easily detected by visual inspection. 

6.3.3 Comparison of methods using the ASCE benchmark problem 

This case study adopts the first three cases in Table 6.2 comprehensively described by Johnson 

et al. (2004). 1% equivalent viscous damping was assumed for all modes. Measurement noise 

was numerically simulated using a white noise signal with a root mean square (RMS) amplitude 

equal to 10% of the RMS of the roof response. Forty seconds of data at a 1000 Hz sampling rate 

were used for damage detection analysis.  

Of the three cases considered, case 1 was designed to be the simplest to process computationally, 

while case 3 was considered the most complex. Case complication increases with increasing case 

number. For cases 1 and 3, the simulated response data were generated using a 12-DOF shear-

building model; for case 2, a 120-DOF model was used. For all of these cases, only the first two 

damage patterns (DPs) with DP 0 were considered; this pattern represents the undamaged state. 

In addition, it was assumed that a broken brace has a zero stiffness contribution but would not 

affect the mass of the structure (mass matrix).  

 Case 1 

For case 1, mass was distributed in the structure symmetrically in both the undamaged and the 

damaged (DP 1 and DP 2) states, and the response was restricted in the Y direction. A planar 4-

DOF shear-building model was therefore considered sufficient as the identification model. Four 

methods were used in this case; the horizontal storey stiffness calculated using these methods 

are summarised in Table 6.3. This table also presents the differences between each method and 

the benchmark study results. Table 6.4 summarises the maximum and mean values of the 

absolute difference for each method. Johnson et al. (2004) reported exact values of the stiffnesses 

of the undamaged and damaged 12-DOF structure. For the undamaged structure, the horizontal 

storey stiffness in the Y direction is 67.90 MN/m. However, the first storey stiffness is reduced 

to 19.67 MN/m in DP 1. For DP 2, both the first storey stiffness and the third storey stiffness are 

reduced to 19.67 MN/m. In the undamaged condition, the stiffness identified using the FDD and 

MSD-AANN methods ranged from 67.49 to 68.24 MN/m, which were within a 0.6% difference 

from the benchmark study value. For the MSD and AANN methods, the difference increased to 

1.2% and 1.3%, respectively. For the damaged structure, differences between all of the methods 
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and the benchmark study results increased slightly, with AANN producing the largest difference 

at 1.7%. Nevertheless, all of the methods have no difficulty in detecting the existence of the 

damage. As seen in Table 6.4, the results calculated using the FDD method had the lowest errors 

in mean value, while MSD-AANN had the lowest maximum errors. In addition, the stiffness 

identified using AANN had the largest errors both in mean values and maximum values.  

 

Table 6.3– Comparison of horizontal storey stiffness (MN/m) using different methods for 

case 1 

Damage  

Pattern 

Benchmark  

Study K 

FDD MSD AANN MSD-AANN 

K Diff K Diff K Diff K Diff 

0 

67.90  67.76  -0.2% 68.71 1.2% 68.77  1.3% 68.24  0.5% 

67.90  67.58  -0.5% 67.22  -1.0% 67.42  -0.7% 67.70  -0.3% 

67.90  67.94  0.1% 67.15  -1.1% 67.23  -1.0% 67.63  -0.4% 

67.90  67.79  -0.2% 67.29  -0.9% 67.42  -0.7% 67.49  -0.6% 

1 

19.67  19.61  -0.3% 19.95  1.4% 19.42  -1.3% 19.75  0.4% 

67.90  67.77  -0.2% 67.36  -0.8% 67.46  -0.6% 67.70  -0.3% 

67.90  67.94  0.1% 67.22  -1.0% 66.81  -1.6% 67.69 -0.3% 

67.90  67.87  0.0% 67.22  -1.0% 68.55  1.0% 67.63  -0.4% 

2 

19.67  19.94  1.4% 19.95  1.4% 20.01  1.7% 19.73  0.3% 

67.90  68.17  0.4% 67.42  -0.7% 69.00  1.6% 67.42  -0.7% 

19.67  19.71  0.2% 19.83  0.8% 19.86  0.9% 19.57  -0.5% 

67.90  67.90  0.0% 67.29  -0.9% 68.86  1.4% 67.69 -0.3% 

 

Table 6.4– Comparison of the mean and maximum values of the absolute ‘Diff’ using 

different methods for case 1 

 
Method 

FDD MSD AANN MSD-AANN 

Mean Value 0.30% 1.02% 1.15% 0.42% 

Maximum Value 1.4% 1.4% 1.7% 0.7% 
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 Case 2 

Case 2 is similar to case 1 except that it used a 120-DOF model as the underlying model. This 

case aimed to evaluate the effect of modelling error on damage detection. In this case, only 

symmetrical mass distribution was used and the ambient vibration was imposed along the Y 

direction as in case 1. A planar 4-DOF shear building model was again used as the identification 

model. 

The horizontal storey stiffnesses identified are summarised in Table 6.5, and the maximum and 

mean values of the absolute difference for each method are shown in Table 6.6. As can be seen 

from the tables, similar conclusions to case 1 can be drawn. The FDD and MSD-AANN methods 

produced very similar stiffness to the benchmark study, and AANN produced the largest 

differences compared with the other three methods. Furthermore, it can be seen that the 

differences between all of the methods tend to be larger due to modelling error. This is especially 

so for the AANN method, for which the difference from the benchmark study results increases 

to 2.4%. In addition, most storey stiffness values are lower compared with case 1. This is 

reasonable because the 120-DOF model had fewer constraints, leading to a more flexible model. 

Comparing MSD and AANN, it can be seen that AANN leads to errors with a higher variance 

but MSD has a higher average error. However, both the variance and the mean value are lower 

when using MSD-AANN.  
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Table 6.5 – Comparison of horizontal storey stiffness (MN/m) using different methods for 

case 2 

Damage  

Pattern 

Benchmark  

Study K 

FDD MSD AANN MSD-AANN 

K Diff K Diff K Diff K Diff 

0 

67.90  61.91  0.5% 68.78 1.3% 62.34  1.2% 68.30  0.6% 

67.90  53.89  0.4% 68.69  1.2% 54.12  0.9% 68.11  0.3% 

67.90  51.10  0.1% 67.15  -1.1% 50.54  -1.0% 67.49  -0.6% 

67.90  49.26  0.2% 67.21  -1.0% 48.80  -0.7% 67.57  -0.5% 

1 

19.67  15.52  0.7% 19.89  1.1% 15.64  1.5% 19.80  0.7% 

67.90  47.05  1.0% 67.22  -1.0% 46.33  -0.5% 67.55  -0.5% 

67.90  50.93  -0.4% 68.64  1.1% 51.83  1.4% 68.22 0.5% 

67.90  48.86  0.3% 67.23  -1.0% 49.13  0.9% 67.49  -0.6% 

2 

19.67  15.60  0.4% 19.97  1.5% 15.92  2.4% 19.83  0.8% 

67.90  43.04  0.3% 68.58  1.0% 43.39  1.1% 68.36  0.7% 

19.67  12.25  0.0% 19.44  -1.1% 12.14  -0.9% 19.56  -0.6% 

67.90  41.90  0.5% 67.28  -0.9% 41.38  -0.7% 67.63 -0.4% 

 

Table 6.6– Comparison of the mean and maximum values of the absolute ‘Diff’ using 

different methods for case 2 

 
Method 

FDD MSD AANN MSD-AANN 

Mean Value 0.40% 1.11% 1.10% 0.57% 

Maximum Value 1.0% 1.5% 2.4% 0.8% 

 

 Case 3 

The only difference between cases 1 and 3 is that the loading in case 3 stemmed from a single 

white noise input acting at the centre of the roof in the diagonal direction. This loading excited 

both the X and the Y translational motions. In this case, the mass distribution of the structure 

was symmetrical, and there was no torsional motion. An 8-DOF shear-building model was used 

to capture the motions excited in both the X and the Y directions.  
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Tables 6.7 and 6.8 summarise the stiffness parameters identified and the corresponding errors. It 

can be seen that the different excitation did not materially affect stiffness estimation. The FDD 

and MSD-AANN methods very accurately identified stiffness in the X direction. However, the 

results for the MSD and AANN methods showed significant sensitivity to loading conditions 

and produced large stiffness variations from actual values. In addition, the results calculated from 

the FDD method had the lowest errors in mean value, while MSD-AANN had the lowest 

maximum errors. Comparing MSD and AANN, it can be seen that MSD has the same average 

error as AANN, but AANN leads to errors with a higher variance. MSD-AANN still 

demonstrates the best performance of the three machine learning methods in terms of mean error 

and maximum errors.  
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Table 6.7 – Comparison of horizontal storey stiffness (MN/m) using different methods for 

case 3 

Damage  

Pattern 
Dir 

Benchmark  

Study K 

FDD MSD AANN MSD-AANN 

K Diff K Diff K Diff K Diff 

0 

X 

77.38 77.25  -0.2% 75.90  -1.9% 75.42  -2.5% 76.52  -1.1% 

57.38 57.27  -0.2% 56.41  -1.7% 56.31  -1.9% 56.80  -1.0% 

54.88 54.99  0.2% 55.76  1.6% 55.90  1.9% 55.43  1.0% 

52.85 53.11  0.5% 53.70  1.6% 53.87  1.9% 53.38  1.0% 

Y 

61.62  61.88  0.4% 62.42  1.3% 62.54  1.5% 62.04  0.7% 

53.66  53.53  -0.2% 52.69  -1.8% 52.61  -1.9% 53.18  -0.9% 

51.04  51.22  0.4% 51.74  1.4% 51.70  1.3% 51.45  0.8% 

49.16  49.53  0.8% 49.85  1.4% 49.84  1.4% 49.55  0.8% 

1 

X 

35.21  35.28  0.2% 34.69  -1.5% 34.78  -1.2% 34.89  -0.9% 

49.05  49.19  0.3% 49.82  1.6% 49.76  1.5% 49.49  0.9% 

54.85  54.83  0.0% 55.73  1.6% 55.52  1.2% 55.28  0.8% 

52.44  52.61  0.3% 53.23  1.5% 53.23  1.5% 52.75  0.6% 

Y 

15.41  15.36  -0.3% 15.11  -2.0% 15.16  -1.6% 15.21  -1.3% 

46.57  46.92  0.7% 47.41  1.8% 47.40  1.8% 46.99  0.9% 

51.13  51.16  0.1% 51.84  1.4% 51.71  1.1% 51.59  0.9% 

48.69  49.18  1.0% 49.37  1.4% 49.32  1.3% 49.04  0.7% 

2 

X 

35.49  35.56  0.2% 36.02  1.5% 36.09  1.7% 35.81  0.9% 

43.35  43.42  0.2% 44.01  1.5% 44.08  1.7% 43.69  0.8% 

22.17  22.13  -0.2% 21.77  -1.8% 21.77  -1.8% 21.97  -0.9% 

42.22  42.33  0.3% 42.94  1.7% 42.91  1.6% 42.56  0.8% 

Y 

15.54  15.75  1.4% 15.81  1.7% 15.81  1.7% 15.68  0.9% 

42.90  43.07  0.4% 43.57  1.6% 43.59  1.6% 43.20  0.7% 

12.25  12.28  0.2% 12.45  1.7% 12.44  1.6% 12.36  0.9% 

41.68  41.68  0.0% 40.93  -1.8% 41.00  -1.6% 41.26  -1.0% 
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Table 6.8 – Comparison of the mean and maximum values of the absolute ‘Diff’ using 

different methods for case 3 

 

Method 

FDD MSD AANN MSD-AANN 

Mean Value 0.36% 1.62% 1.62% 0.88% 

Maximum Value 1.4% 2% 2.5% 1.3% 

 

 In summary 

The effectiveness of four damage detection methods was investigated using the IASC–ASCE 

benchmark structure. This section evaluated the effectiveness and accuracies of the methods 

under various excitation scenarios, levels of modelling complexity, structural regularity and 

damage patterns. The horizontal storey stiffness at each storey was identified and utilised as the 

metric for comparing the effectiveness of the methods, which were also compared against the 

benchmark results for verification of accuracy. The results show that all four damage detection 

methods have no difficulty in detecting the existence of the damage. However, the FDD method 

and the proposed MSD-AANN method show the highest accuracy and reliability in terms of 

detecting damage severity; the results from the AANN and MSD methods were less accurate. In 

addition, the MSD and MSD-AANN methods have low error variance while the AANN method 

shows the opposite trend. Of the three damage detection methods, the proposed MSD-AANN 

algorithm demonstrates the best performance in terms of accuracy and sensitivity.  
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6.4 EVALUATION OF PROPOSED DAMAGE 
DETECTION ALGORITHM USING REAL 
BUILDING RESPONSES  

6.4.1 Building and data information 

The building studied is the CentrePort BNZ building. Chapter 4 presents the recorded earthquake 

responses of this building during the 2016 Mw 7.8 Kaikoura earthquake and compares these with 

the recorded responses during the 2013 Mw 6.6 Seddon earthquake sequence. Therefore, 

information relating to the CentrePort BNZ building can be found in sections 4.13 and 4.14 and 

will not be repeated here.  

Building acceleration data were obtained from the GeoNet database as SAC files. The sampling 

rate of the acceleration data was 50 Hz. The analysis covered the period from 01/06/2016 to 

31/12/2016. Building responses from 01/06/2016 to 30/09/2016 are used for determining the 

building features in the undamaged condition, which can be regarded as the training data. The 

damage detection algorithm is applied to the responses from 01/10/2016 to 31/12/2016, 

including both undamaged and damaged conditions, to identify whether the results for the real-

world building status are consistent with those from the damage detection algorithms. 

6.4.2 Application of proposed damage detection algorithm 

This section describes the process of implementing the proposed MSD-AANN algorithm for the 

CentrePort BNZ building. First, the normal condition of the building is defined by using training 

data comprising the building acceleration data from 01/06/2016 to 30/09/2016. The training data 

are split into several sets of data (one hour of data for each set), which serve as the undamaged 

state training sets. The AR model is first constructed using an AR order of 38. The MSDs are 

then determined using the AR coefficients from the training data sets and are used as the training 

matrix. The training matrix is trained using AANN, which has two nodes at the bottleneck layer 

representing the mass and stiffness changes of the building. 40 nodes are used in the mapping 

and de-mapping layers because 40 damage-sensitive features including AR parameters, AR 

residual errors and the corresponding MSDs were used in the training matrix. The threshold 

value is then determined based on a 95% cut-off for the training data. 
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The testing data are also split into sets of one-hour data which serve as the testing sets. The 

damage indicator is calculated for each testing data set using the AANN methodology; the results 

are shown in Figure 6.5. In this figure, red dots represent data that was obtained from the 

damaged condition of the CentrePort BNZ building and black dots show the damage indicator 

amplitudes in the undamaged condition. It can be clearly seen that the mean value, standard 

deviation and range of the damage indicator amplitudes in the damaged condition are much 

higher than in the undamaged condition.  

Next, the threshold value line is added to conduct a true-positive analysis, the results of which 

are shown in Figure 6.6. There are four types of indicator: true-positive, true-negative, false-

positive and false-negative. The true-positive indicator means that the building has indeed 

sustained damage and the damage detection algorithm gives the same indication. The true-

negative indicator means that no damage existed in the building and the damage detection 

algorithm also shows an undamaged condition. The false-positive indicator means that the 

building is undamaged, but the algorithm gives false information regarding the building’s 

condition. The false-negative indicator means that the algorithm gives a wrong indication for a 

damaged building. Table 5.2 shows the summary of these four damage indicators. In SHM, a 

high true-positive rate and a low false-negative rate are usually very significant, as human lives 

will be threatened if a damage detection algorithm cannot achieve its goal. It can be seen from 

Figure 6.6 that the true-positive rate of this damage detection algorithm is 96.2%, indicating the 

robust performance of the algorithm. In addition, the computation time for the processing of 

three months of test data was less than 5 minutes, thereby indicating great potential for real-time 

SHM. 



6.4  Evaluation of Proposed Damage Detection Algorithm Using Real Building Responses 

 

- 165 - 

 

Figure 6.5 – Damage indicators (DIs) for the testing data sets 

 

Figure 6.6 – Damage indicators (DIs) for the testing data sets with threshold line based on 

MSD-AANN 



Chapter 6    Novel Damage Detection Algorithms 

- 166 - 

6.4.3 Comparison of four damage detection algorithms 

This section compares the proposed algorithm MSD-AANN and two traditional machine 

learning algorithms, AANN and MSD, together with one frequency-based algorithm FDD-

AANN. The training data sets and testing data sets used are the same for each algorithm. The 

AR model order is also the same for the MSD-AANN, MSD and AANN algorithms. However, 

the AANN and MSD algorithms use AR parameters as the damage-sensitive features while 

MSD-AANN uses the MSD of the AR parameters as the damage-sensitive features.  

For the FDD-AANN algorithm, the process of damage detection can be summarised as follows: 

• First, the normal condition of the structure is defined by using the building’s natural 

frequencies acquired from undamaged state response data (training data set). The 

building’s natural frequencies are calculated using the FDD method. 

• Next, the AANN is trained to learn the correlations between features from the training 

matrix. 

• Following training, the network should be able to quantify the unmeasured sources of 

variability that influence the structural response (e.g. environmental factors). This 

variability is represented at the bottleneck output, where the number of nodes (or factors) 

should correspond to the number of unobserved independent factors (e.g. wind speed, 

temperature, loading) that influence the structural response. 

• Finally, a threshold value is defined based on the AANN network. 

• For each testing data set, the residual matrix is calculated. If the residual matrix exceeds 

the threshold value, it will be considered to indicate a damaged condition. 

For all four methods, a 5% exceedance probability was used to determine the threshold value. 

Figures 6.7, 6.8 and 6.9 show the damage indicators for the testing data sets using the AANN, 

MSD and FDD-AANN methods, respectively. It can be seen from the figures that the AANN 

method has a true detection rate of 81.2%, while that for the MSD method is 90.6% and the 

FDD-AANN method has an accuracy of only 41.2%. MSD has the best detection rate of these 

three methods. Comparison with the results for the proposed MSD-AANN damage detection 

algorithm shown in Figure 6.6 reveals that MSD-AANN has the highest detection accuracy, with 
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a true detection rate 15% higher than the AANN method, 5.6% higher than the MSD method and 

55% higher than the FDD-AANN method. 

Type I (a false-positive indication of damage) and Type II (a false-negative indication of damage) 

errors are traditionally used to report the performance of a binary classification. This technique 

recognises that a false-positive classification may have different consequences than a false-

negative one. In Figures 6.6, 6.7, 6.8 and 6.9, Type I errors are black crosses and Type II errors 

are blue crosses. Table 6.9 summarises the numbers and percentages of Type I and Type II errors 

for each algorithm.  

 

Figure 6.7 – Damage indicators (DIs) for the testing data sets with threshold line based on 

AANN 
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Figure 6.8 – Damage indicators (DIs) for the testing data sets with threshold line based on 

MSD 

 

Figure 6.9  – Damage indicators (DIs) for the testing data sets with threshold line based 

on FDD-AANN 
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Table 6.9 – Number and percentage of Type I and Type II errors for four algorithms 

Algorithm 
Error 

Type I Type II Total 

MSD 53 (5.5%) 103 (9.4%) 156 (7.6%) 

AANN 241 (25.1%) 207 (18.8%) 448 (21.8%) 

FDD-AANN 110 (11.5%) 647 (58.8%) 757 (36.8%) 

MSD-AANN 45 (4.7%) 42 (3.8%) 87 (4.2%) 

 

As can be seen from Table 6.9, the MSD-AANN method has the best performance overall 

regarding damage detection (3.8% error) and the rate of false alarms (4.7% error). The AANN 

method has the highest error in terms of detecting damage and FDD-AANN has the highest false 

alarm rate (58.8%). The MSD method shows good performance in indicating undamaged states, 

with a false alarm rate of only 5.5%. Overall, the MSD-AANN method has the fewest errors at 

only 4.2%, and the FDD-AANN method displays the worst accuracy regarding damage detection. 

In order to comprehensively compare the performance of the four damage detection algorithms, 

receiver operating characteristics (ROC) curves are utilised; these are based on a trade-off 

between the true-positive rate and the false-positive rate (Santos et al. 2016). In a ROC curve, 

the true-positive rate is plotted as a function of the false-positive rate. The calculation of the true-

positive rate (TPR) and the false-positive rate (FPR) is as shown as in Eq. 6.19 and Eq. 6.20: 

100%
TP

TPR
TP FN

= 
+

                                                      (6.19) 

100%
FP

FPR
FP TN

= 
+

                                                     (6.20) 

where TP, FP, TN and FN represent numbers of true-positive indicators, false-positive indicators, 

true-negative indicators and false-negative indicators, respectively. Each point on the ROC curve 

corresponds to a specific threshold. The ROC curve for a perfect damage detection method would, 

therefore, pass through the upper left corner; the closer the ROC curve is to this corner, the higher 

the overall accuracy of the damage detection algorithm. In the context of damage detection, the 

true-positive rate is the probability that a true-positive indicator is given when the building is 
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damaged; the false-positive rate is the probability that a false-positive indicator is given when 

no damage exists in the building. Figure 6.10 plots the ROC curves for the four damage detection 

algorithms. As can be seen from this figure, none of the algorithms gives a perfect classification 

with a linear threshold, because none of the curves goes through the upper left corner. Comparing 

the areas under the ROC curves, it is clear that the area for the MSD-AANN algorithm is the 

largest of the four, indicating that the MSD-AANN algorithm has significantly improved damage 

detection performance compared with the other three algorithms.  

The reliability, sensitivity, computation time and convenience of the damage detection 

algorithms are compared and summarised in Table 6.10. It can be seen from this table that the 

MSD-AANN, MSD and AANN algorithms can be automatically applied to data sets and obtain 

results in a very short time, rendering make them suitable for real-time SHM applications. 

However, FDD-AANN is applied semi-automatically (the AANN process is automatic but the 

FDD process is manual) and requires a much longer computation time than the other three 

algorithms. In addition, the first three algorithms can be used to accurately detect damage under 

varying operational and environmental conditions while the FDD-AANN algorithm shows the 

least capability in terms of damage detection. Furthermore, the proposed MSD-AANN 

methodology has an improved true detection rate and fewer errors compared with the traditional 

MSD and AANN methods, indicating that the proposed algorithm is more reliable in terms of 

damage detection. 
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Figure 6.10 – ROC curves for the four damage detection algorithms 

Table 6.10 – Comparison of the four damage detection algorithms 

 

Algorithm 

MSD-

AANN 
AANN MSD FDD-AANN 

Reliability 

Accuracy 96.2%  81.2%  90.6% 41.2% 

Type I error 4.7% 25.1% 5.5% 11.5% 

Type II error 3.8% 18.8% 9.4% 58.8% 

Sensitivity Not sensitive to operational and environmental conditions  

Computation time Less than 5 mins  Over 1 hour 

Convenience Fully automatic Semi-automatic 
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6.5 CONCLUSIONS 

This chapter introduces a novel damage detection method called MSD-AANN, which is based 

on MSD and AANN. This algorithm was applied to the ASCE benchmark structure and it was 

shown to be more effective than the existing algorithms. Specifically, the MSD-AANN method 

shows high accuracy and low sensitivity in detecting changes in structural stiffness. In addition, 

the MSD and AANN methods show similar performance in detecting structural damage severity; 

however, MSD has a lower variance regarding error detection. 

In order to further evaluate the proposed damage detection algorithm, MSD-AANN and the other 

three algorithms were implemented for a real seismically monitored building, the CentrePort 

BNZ building, and the results are compared. The performance of the four algorithms was further 

evaluated and compared using receiver operating curves (ROCs). Comparison of the proposed 

algorithm (MSD-AANN) with the two traditional algorithms (MSD and AANN) indicates that 

MSD-AANN has the best overall performance regarding damage detection and the lowest rate 

of false alarms. The frequency-based damage detection algorithm FDD-AANN is the poorest 

performer in terms of detection accuracy. This means that the ability to obtain accurate natural 

frequencies and stiffness of a structure does not represent an effective ability to detect damage. 

Based on analysis of the ROC curves, the MSD-AANN algorithm also shows the lowest false 

alarm rate. Since the proposed MSD-AANN algorithm can be automatically applied to data sets 

and can obtain results in a very short time with high accuracy even when the structure is operating 

under varying operational and environmental conditions, it has great potential for application in 

real-time SHM applications. The frequency-based damage detection algorithm FDD-AANN is 

not suitable for real-time SHM applications, as it cannot detect damage automatically and the 

computation time is very long when compared with MSD-AANN. 
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Chapter 7 

Cloud-based Machine Learning 

Algorithm for Damage Detection  

The use of machine learning is becoming popular across many applications in science and 

engineering. As stated in Chapter 2, the SHM process can be envisaged as a four-step statistical 

pattern recognition paradigm. The last step, which entails statistical modelling for feature 

classification is suited to be replaced by machine learning classification algorithms for 

determining the structural health of the system. In this chapter, Microsoft Azure Machine 

Learning Studio is used as a cloud-based platform to demonstrate the potential of using such 

readily available tools for SHM applications. Machine learning applications in SHM has the 

potential to provide step-change improvements to many aspects of the problem. Two of the areas 

that are demonstrated in this chapter are i) achieving processing speed towards real-time 

application, and ii) the use of the lesser number of sensors to produce equivalent or even better 

damage detection accuracy. This is achieved through a parametric study on the effects of input 

length and the number of sensors on the detection accuracy. The results are compared against a 

traditional Mahalanobis squared distance (MSD)-based damage detection algorithm.                  
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7.1 DAMAGE DETECTION USING MACHINE 
LEARNING ALGORITHMS 

Assessment of the condition of civil structures is a requirement for ageing civil infrastructure. In 

recent years, SHM has emerged to aid structural management by providing more reliable and 

quantitative information. SHM is becoming increasingly attractive due to its potential to detect 

damage at varying stages and near real-time, with consequent life-safety and economic benefits 

(Worden et al. 2007). The process involves the observation of a structural system over time using 

periodically sampled response measurements from an array of sensors, the extraction of damage-

sensitive features from these measurements, and the statistical analysis of these features to 

determine the actual structural condition for short or long time periods. Once the normal 

condition has been learned successfully, the model can be utilised for rapid condition assessment 

to provide prompt reliable information regarding the integrity of the structure. 

As stated in Chapter 2, the SHM process can be envisaged as a four-step pattern recognition 

paradigm involving operational evaluation, data acquisition, feature extraction, and modelling 

for feature classification. In the feature extraction phase, damage-sensitive features, such as 

natural frequencies or AR model parameters, are derived from the raw data and are correlated 

with the severity of damage present in the monitored structure. Data compression is also an 

inherent part of most feature-extraction procedures. Unfortunately, operational and 

environmental variations (e.g. temperature, operational loading, humidity, and wind speed) often 

appear as undesired effects in the damage-sensitive features and usually mask changes caused 

by damage, which might negatively influence the proper identification of damage (Sohn 2007). 

Thus, in order to improve the damage assessment outcome, data normalisation procedures are 

required to address the effects of operational and environmental variability (Catbas et al. 2012). 

These procedures are fully connected to the data acquisition, feature extraction, and statistical 

modelling phases of the SHM process, including a wide range of steps for mitigating (or even 

removing) the effects of normal variations on the extracted features and for separating perceived 

changes caused by damage and those caused by varying operational and environmental 

conditions (Kullaa 2011). Without such data normalisation procedures, the varying operational 

and environmental conditions will produce false-positive indications of damage and quickly 

erode confidence in the SHM system. In general, the treatment of such influences begins during 

data collection (by choosing physical parameters that are less sensitive to changes in the normal 



 7.1  Damage Detection using Machine Learning Algorithms 

 

- 175 - 

condition), continues during feature extraction (by selection of features with high sensitivity to 

damage and insensitive to normal variations), and is completed as part of the statistical modelling 

(any remaining effects are accounted for by the automated machine learning process) (Farrar et 

al. 2001b). Several machine learning algorithms with different working principles have been 

utilised for statistical modelling (Figueiredo et al. 2010). These machine learning algorithms are 

trained with damage-sensitive features only, without any measurements directly related to 

operational and environmental parameters.  

One of the most traditional damage detection approaches used in the SHM field is that based on 

the MSD. It is a linear algorithm adapted to act as data normalisation and damage detection 

technique used to model, mainly, the effects of linear variations. However, the focus on linear 

behaviour imposed for this technique has limited its applicability in SHM. If nonlinearities are 

present in the monitoring data, the MSD might fail to model the normal condition of a structure 

because it is assumed that the baseline data follow a multivariate Gaussian distribution. To 

extend the capabilities of traditional methods, improved approaches based on the AANN and 

KPCA have been proposed for real-world structures and more-complex SHM applications, as 

nonlinear influences on the damage-sensitive features can also be taken into 

consideration(Santos et al. 2016). The applications of these methods are discussed in Chapter 2. 

However, difficulties in choosing the length of data used for damage detection and the number 

of sensors to be used render these approaches difficult to employ in real-world monitoring 

situations. If the required length of the input data is too long, the damage detection procedure 

will proceed much slower than real-time. However, if the length is too short, the detection 

accuracy will drop dramatically. Regarding the number of sensors required for damage detection, 

dense sensor distributions greatly increase the cost of sensor deployment. This chapter will, 

therefore, concentrate on the selection of input data length and the number of sensors when 

implementing machine learning algorithms for damage detection.  
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7.2  CLOUD-BASED MACHINE LEARNING 
ALGORITHM FOR DAMAGE DETECTION 

This section outlines the use of a powerful yet simple to deploy machine learning tool developed 

by Microsoft, Microsoft Azure Machine Learning Studio (MLS). The machine learning 

algorithm in MLS is applied to the recorded responses from the CentrePort BNZ building to 

demonstrate the damage detection potential using MLS. 

7.2.1 Microsoft Azure Machine Learning Studio 

MLS is a collaborative drag-and-drop tool that provides an interactive visual workspace for 

easily building, testing, and deploying predictive analytical solutions for data (Barga et al. 2015). 

Data scientists and developers can use MLS to quickly build, test, and develop predictive models 

using state-of-the-art machine learning algorithms. MLS contains many different modules for 

building and deploying machine learning models in production. The key steps in building and 

deploying a model are: (1) importing raw data, (2) data pre-processing, (3) feature engineering 

and data labelling (for supervised learning such as classification), (4) training, scoring, and 

evaluating the model, (5) model comparison and selection, (6) saving the trained model, (7) 

creating a predictive experiment, and (8) publishing as a web service. 

In MLS, a predictive model is constructed simply by dragging and dropping data sets and 

analysis modules onto the design surface. Predictive analytical models can also be iteratively 

built using experiments. Each experiment is a complete workflow with all the components 

required to build, test, and evaluate a predictive model. In an experiment, machine learning 

modules are connected with lines that show the flow of data and parameters through the 

workflow. Once an experiment has been designed, MLS can be used to execute it. It allows rapid 

iteration by building and testing several models within minutes. When building an experiment, 

it is common to iterate on the design of the predictive model, edit the parameters or modules, 

and run the experiment several times.  

There are seven core elements in MLS: Projects, Experiments, Notebooks, Web services, 

Datasets, Trained models, and Settings, as shown in Figure 7.1. The Projects section lists all the 

projects, along with their corresponding project descriptions, that a user has worked out. 

Experiments section contains the experiments that been created, run, and saved as drafts. These 
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include a set of sample experiments that ship with the service as examples and templates for new 

and experienced users. Notebooks section collates documentation to assist with using MLS. Web 

service section provides a list of experiments that have been published as web services; this list 

will be empty until the first experiment is published. Datasets section contains a list of sample 

datasets that ship with the product and new datasets imported by the user. Trained models section 

comprises a list of any trained models that have been saved following experiments. Settings 

section contains the account and resources configurations.  

To develop a predictive model, the data needs to be transformed and analysed before they can 

be used as input for training the predictive model. Various data manipulation and statistical 

functions are available for pre-processing the data and identifying those parts of the data that are 

useful. As for developing a model, an iterative process is generally adopted to understand the 

data, the key features in the data, and to refine the machine learning algorithms parameters and 

form until a trained and effective model is obtained.  

 

Figure 7.1 – Microsoft Azure Machine Learning Studio interface, showing the sample 

experiments in MLS 

Core element 

of MLS 

Interface for the selected element 
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7.2.2 Application of machine learning algorithm for damage detection in 
the CentrePort BNZ building 

In this section, the recorded responses from the CentrePort BNZ building are applied within 

Microsoft Azure Machine Learning Studio to produce damage detection predictions. Information 

about the building and data can be found in Chapter 4.  

The two-class boosted decision tree machine learning algorithm in MLS is used to conduct the 

damage detection process. A boosted decision tree is an ensemble learning method in which the 

second tree corrects for errors in the first tree, the third tree corrects for errors in the first and 

second trees, and so forth. Predictions are based on the entire ensemble of trees. A schematic of 

a simple decision tree is shown in Figure 7.2; S  denotes signal, B  denotes background, and 

terminal nodes, called leaves, are shown in boxes. The key issue is to define a criterion that 

describes the goodness of separation between signal and background in the tree split. Assuming 

that the events are weighted, with each event having weight iW , the purity of the sample in a 

node is defined by Eq. 7.1: 

s s

s s b b

W
P

W W


=
 +

                                                          (7.1) 

where s  is the sum of signal events and b  is the sum of background events. Note that (1 )P P−  

is 0 if the sample is a pure signal or pure background. For a given node, the criterion chosen is 

to minimise _ _left child right childGini Gini+ , where Gini is calculated using Eq. 7.2: 

1
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n

i

i

Gini W P P
=
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in which n  is the number of events on that node. To determine the increase in quality when a 

node is split into two nodes, the criterion shown in Eq. 7.3 is maximised. 

   _ _father left child right childCriterion Gini Gini Gini= − −                              (7.3) 

If a leaf has a purity of greater than 1/2 (or whatever is set), then it is called a signal leaf; 

otherwise, a background leaf. Events are classified as signal (a score of 1) if they land on a signal 

leaf and as background (a score of –1) if they land on a background leaf. The resulting tree is a 

decision tree. 
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Figure 7.2 – Schematic of a simple decision tree (Yang et al. 2005) 

In MLS, seven input parameters are required for deploying this algorithm: ‘Create trainer mode’, 

‘Maximum number of leaves per tree’, ‘Minimum number of samples per leaf node’, ‘Learning 

rate’, ‘Number of trees constructed’, ‘Random number seed’, and ‘Allow unknown categorical 

levels’, as shown in Figure 7.3. The detailed requirements for these parameters are displayed in 

Figure 7.4.  
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Figure 7.3 –Input parameters for the two-class boosted decision tree 

 

Figure 7.4 – Detailed input parameters required for the two-class boosted decision tree 
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MLS provides three steps for creating an experiment to train a data set and predict whether any 

damage has occurred. For the CentrePort BNZ building, a flowchart of the procedures is shown 

in Figure 7.5 and the corresponding steps are summarised as follows: 

1. First, the two-class boosted decision tree algorithm is the feature classification technique 

used in damage detection procedures. This is the same as that used for damage detection 

using traditional MSD, i.e. AR model parameters. The normal condition of the CentrePort 

BNZ building, defined by using the AR model parameters acquired from undamaged state 

response data (the training data set), is imported as an experiment. For example, if the 

training data are divided on an hourly basis, each hour of acceleration data recorded at 50 

Hz will be modelled using one AR (38) model, and 38 AR parameters will be obtained from 

each hour of acceleration data, shown in Figure 7.6. The AR order of 38 is chosen according 

to the results in Chapter 5, which demonstrate that 38 is the optimal AR order for the 

CentrePort BNZ building. The number in each row of the last column records the 

classification of the acceleration data, e.g. 0 denotes undamaged state data, and 1 denotes 

damaged state data. Because the two-class boosted decision tree algorithm is a supervised 

machine learning algorithm, which means that input training data sets should contain both 

undamaged and damaged data, AR model parameters of one-week acceleration data 

following the 2013 Seddon earthquake are also input as training data sets; the status of these 

is 1. 

2. Next, the two-class boosted decision tree machine learning algorithm is used to train the 

input training data sets. The input parameters are shown in Figure 7.3, which is determined 

based on the input matrix sizes, i.e., 40 damage-sensitive features in this study. The ‘Train 

Model’ module, shown in the centre of Figure 7.5, includes the input training data sets.  

3. The ‘Score Model’ module is then executed using the training model gained from the ‘Train 

Model’ module and the testing data sets, which are imported into the experiment in the same 

manner as for the training data sets. This module inputs the testing data sets into the training 

model to conduct comparisons and make predictions. The output of this procedure includes 

the prediction results for each testing data set, displayed in the column ‘Scored Labels’ in 

Figure 7.7.   
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4. Finally, the evaluation of prediction results is obtained in the ‘Evaluate Model’ module, 

shown in Figure 7.8. This figure highlights that the performance of the prediction is shown 

as a ROC curve. The number of true-positive indicators, false-positive indicators, true-

negative indicators, and false-negative indicators at a specific threshold (e.g. 0.5 in this 

figure) is also shown. A true-positive indicator means that the testing data set is from the 

damaged state building data (i.e. status equals 1) and the prediction results give the same 

indication (i.e. the scored label obtained from the ‘Score Model’ module also equals 1). 

Table 7.1 gives a summary of the four damage indicators. The ROC curve is plotted using 

the numbers of the four damage indicators under the thresholds from 0 to 1. 

It can be seen from the first of the procedures outlined above that the AR model parameters are 

used for data input rather than recorded acceleration data. This is because MLS has a limit of 10 

GB for the total of all inputs. If recorded acceleration data from the CentrePort BNZ building 

are used as both training data input and test data input, the 10 GB limit will be exceeded, and 

therefore the AR model parameters are used instead. However, in real-world structural damage 

detection cases, only the latest 10 minutes of testing data would be used as the data input rather 

than the three months in this case for back validation. Thus the size limit should not be applicable. 

Figure 7.9 shows an example diagram for the real-world structural damage detection procedure, 

which some differences compared with Figure 7.5. First, the acceleration data are used as the 

data input with only one set of testing data used for each process. Second, a feature selection 

module is added into the procedure to extract the features from the acceleration data before 

applying the machine learning algorithm. These changes make it possible to achieve near real-

time on-the-fly damage detection directly from sensor time history data using Microsoft Azure 

Machine Learning Studio.  
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Figure 7.5 – Flowchart of damage detection algorithm procedures in MLS 

 

Figure 7.6 – Input training data sets for the ‘Train Model’ module, each column 

comprises one training data set including 38 AR parameters and the damage status (0 is 

for undamaged and 1 is for damaged) of this data set. Input training data sets start from 

01/07/2016 to 30/09/2016 plus one-week data following the 2013 Seddon earthquake 

Step One 

Step Two 

Step Three 

Step Four 
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Figure 7.7 – Output of the ‘Score Model’ module; the ‘Status’ column shows the actual 

condition, the ‘Scored Labels’ column gives the prediction results, and the ‘Scored 

Probabilities’ column gives the probabilities of the prediction results. 

Table 7.1 –Determination of four damage indicators appearing in the results of the 

‘Evaluate Model’ module 

 
Status of testing 

data set 
Scored label 

True-positive 1 1 

True-negative 0 0 

False-positive 0 1 

False-negative 1 0 
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Figure 7.8 – Output of the ‘Evaluate Model’ module 

 

Figure 7.9 – Diagram of real-time structural damage detection process  

ROC curves 

Numbers of damage indicators 

determined using Table 7.1 
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7.3 PARAMETRIC STUDY OF THE MACHINE 
LEARNING ALGORITHM 

In this section, a parametric study of a cloud-based machine learning damage detection algorithm 

using a two-class boosted decision tree is conducted. The parameters including input data length 

and number of sensors will be considered. This damage detection technique will be applied to 

the continuously recorded acceleration data acquired from the instrumented CentrePort BNZ 

building, which was described in the previous section. This study aims to provide guidance on 

selecting optimum input data length and number of sensors to achieve accurate damage detection. 

A traditional MSD-based damage detection algorithm is applied to the same data sets to facilitate 

comparison. 

7.3.1 Application of the damage detection algorithms 

A flowchart for the cloud-based machine learning damage detection algorithm is shown 

schematically in Fig. 7.10. AR model parameters of the building responses from 01/07/2016 to 

30/09/2016 are used to determine the features of the CentrePort BNZ building in the undamaged 

condition, which can be regarded as the training data sets to facilitate training of the model. 

Because the two-class boosted decision tree algorithm is a supervised machine learning 

algorithm, AR model parameters of one-week acceleration data after the 2013 Seddon 

earthquake are also inputted as training data sets. For the traditional MSD-based damage 

detection algorithm, only the AR model parameters of the building responses from 01/07/2016 

to 30/09/2016 are input as training data sets. Both damage detection algorithms are applied using 

the building responses from 01/10/2016 to 31/12/2016, including both the undamaged and 

damaged conditions, to identify whether there are consistent results between the real-world 

building status and the output of the damage detection algorithms. This reason for choosing this 

period for the testing data is that the 2016 Mw 7.8 Kaikoura earthquake struck on 13 November 

2016 and the CentrePort BNZ building suffered severe damage to its structural members. 

The procedure for implementing the cloud-based machine learning damage detection algorithm 

using MLS is described in Section 7.2.2. The application procedure for the traditional MSD-

based damage detection algorithm can be found in Section 5.2.2. 
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Figure 7.10 – Flowchart for the cloud-based machine learning damage detection 

algorithm 

7.3.2 Effects of input data length 

In order to directly explore input data length effects on the cloud-based machine learning damage 

detection algorithm in terms of damage detection performance, input data lengths ranging from 

1 second to 3600 seconds were considered. If the input data length is 10 seconds, for example, 

this means that all of the testing data will be divided on a 10-second basis, and each set of data 

will be used as one set of testing data that will be input into the ‘Score Model’ module to predict 

whether or not it relates to a damaged condition. In other words, the input data length represents 

the length of data used for damage detection, not for training purposes. For example, if the testing 

data length is 1000 seconds in total and the input data length is 10 seconds, there will be 100 sets 

of testing data. Further, this also means that a prediction will be made every 10 seconds. Each of 

these will be input into the ‘Score Model’ module to ascertain whether or not damage is predicted, 

such that a total of 100 tests of damage detection will be conducted.  
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For each input data length (from 1 to 3600), the detection accuracy is calculated using the ratio 

of the total true damage indicators (the sum of true-negative indicators and true-positive 

indicators) to the total damage indicators (the total number of testing data sets), as shown in Eq. 

5.7. In total, 3600 sets of detection accuracy values are obtained. Furthermore, an exceedance 

probability of 12% is used to classify the damage indicators and then calculate the detection 

accuracy of the algorithms. According to the results in Chapter 5, an exceedance probability of 

12% gives peak detection accuracy in the case of the CentrePort BNZ building. Taking a 160-

second input data length as an example, all of the testing data are divided on a 160-second basis 

giving a total of 46814 sets of testing data. Figure 7.11 displays the output from the ‘Evaluate 

Model’ module using the cloud-based machine learning damage detection algorithm. It can be 

seen from this figure that the total true damage indicators are the sum of 15887 true-positive 

indicators and 21564 true-negative indicators, which is equal to 37451. The detection accuracy 

of the cloud-based machine learning algorithm is therefore 80% at the 88% threshold.  

 

Figure 7.11 – Damage detection accuracy of testing data sets for an input data length of 

160 seconds using the cloud-based machine learning damage detection algorithm 
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Figure 7.12 (a) gives the damage prediction results output from ‘Scored Labels’ in the ‘Score 

Model’ module for all testing data sets using the cloud-based machine learning algorithm. A 12-

hour moving average of the prediction results is also calculated and shown in the figure. It is 

clear that the average prediction results following the earthquake are much larger than before the 

earthquake. This is a good indication of the occurrence of building damage. In order to facilitate 

comparison, the damage prediction results output from a 755-second input data length are shown 

in Figure 7.12 (b). It is still obvious that the average prediction results are closer to 1 after the 

earthquake. Besides, Figure 7.12 (b) shows that it has less false indicators than that in Figure 

7.12(a) and the moving average line is closer to 1 as well, which indicates that smaller input data 

length gives larger errors in damage prediction. 

Figure 7.13 gives the damage prediction results using traditional MSD, which has some 

differences compared with Figure 5.4.  Firstly, a 0-1 classification rather than damage indicators 

(DIs) is used, and secondly, the analysis is completed based on a 30-minute moving average. As 

the detection accuracy of MSD is only 53%, as calculated using Eq. 5.7, it is difficult to see 

changes in the average prediction results before and after the earthquake.  

Figure 7.14 shows the detection accuracy as a function of input data length from 1 second to 

3600 seconds for the cloud-based machine learning algorithm and the traditional MSD-based 

algorithm. It can be seen that the detection accuracy of both algorithms increases with increasing 

input data length. However, the detection accuracy of the cloud-based machine learning 

algorithm increases much more quickly than the traditional MSD algorithm. In detail, the 

detection accuracy of the cloud-based machine learning algorithm reaches 80% when the input 

data length is only 160 seconds, while traditional MSD requires a 932-second input data length 

to achieve 80% accuracy. Furthermore, the detection accuracy of the cloud-based machine 

learning algorithm can reach 91% with a 755-second input data length, while traditional MSD 

requires an input data length of over 3300 seconds to achieve the same accuracy. The damage 

detection performance of the cloud-based machine learning algorithm is therefore better than 

that of the traditional MSD-based algorithm in terms of detection accuracy. 
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Figure 7.12 – Comparison of damage prediction results output from ‘Scored Labels’ in 

the ‘Score Model’ module for all testing data sets using the cloud-based machine learning 

algorithm: (a) 160-second data input (b) 755-second data input  

 

(a) 
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Figure 7.13 – Damage predictions of the testing data sets for an input data length of 160 

seconds using traditional MSD  

 

Figure 7.14 – Damage detection accuracy of the testing data sets as a function of input 

data length 
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In addition, the cloud-based machine learning algorithm can achieve damage detection with an 

accuracy of 90% using less than 10-minute length input data. This indicates that the damage 

detection procedure could be completed with 90% accuracy within 12 minutes for a very 

complex building: an input data length of 10 minutes plus a 2-minute computation time. The 

cloud-based machine learning algorithm therefore has great potential for achieving real-time 

damage detection. 

7.3.3 Effects of the number of sensor numbers 

This section focuses on the effect of sensor density. The distribution of sensors throughout a 

structure requires careful consideration of the building properties, zones of expected damage, 

and the location of critical or sensitive equipment in and around the building. The 

instrumentation plan for the structure is ideally established in consultation with a structural 

engineer who is familiar with the building and is knowledgeable about building instrumentation 

technologies. Allocation of sensors requires a balancing act between the information desired and 

the available budget for instrumentation. In general, the more densely the sensors are deployed 

in the building, the better and more comprehensive the information that can be obtained, but the 

higher the cost. The goal of this section is to investigate whether the cloud-based machine 

learning algorithm can detect damage with a reasonable detection accuracy for a sparse sensor 

distribution.  

As described in Section 4.13, the seismic monitoring system of the CentrePort BNZ building 

comprises of 15 sensors, as shown in Figure 4.2(b). In this section, data from one to six sensors 

are used in the damage detection algorithms; details of the sensor combinations used can be 

found in Table 7.2.  

Figure 7.16 plots the ROC curves for the cloud-based machine learning algorithm for the six 

sensor combinations. It can be seen that the area under the curves increases with increasing 

numbers of sensors. This indicates that the use of more sensors for damage detection will result 

in better damage detection performance. In addition, there is a large improvement in damage 

detection performance between using two and three sensors. The difference relates to the fact 

that sensor 9 (the roof sensor) is included in the three-sensor combination but not in the two-

sensor combination, indicating that the roof sensor is particularly significant for structural 

damage detection.  
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Table  7.2 – Sensors used in the six sensor-density combinations for the study 

Number of sensors Sensors used 

1 3 

2 3, 6  

3 3, 6, 9 

4 3, 5, 6, 9 

5 3, 5, 6, 8, 9 

6 3, 4, 5, 6, 8, 9 

Note: sensor #9, #3 and #6 are located at the roof, mid-height and ground respectively 

Figure 7.16 compares the detection accuracy for different numbers of sensors using the cloud-

based machine learning algorithm and the traditional MSD-based algorithm. The figure shows 

that the detection accuracy of both algorithms increases when more sensors are used, except for 

a slight decrease in the cloud-based machine learning algorithm with five sensors. When using 

data from six sensors, the cloud-based machine learning algorithm reaches a detection accuracy 

of over 98%. In addition, the detection accuracy of the cloud-based machine learning algorithm 

is typically higher than that of the traditional MSD-based algorithm for the same number of 

sensors. Furthermore, it can be observed that using three sensors with the cloud-based machine 

learning algorithm can achieve an accuracy of over 80%. This indicates that three sensors located 

at the top, middle, and bottom of the building can give reliable information for the whole building. 

In contrast, four sensors are required to obtain an accuracy of over 80% with traditional MSD. 

Three is therefore a good number of sensors to use for damage detection using the cloud-based 

machine learning algorithm; these should be located at the top, middle, and bottom of the 

building. 
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Figure 7.15 – ROC curves for the machine learning algorithm for six different sensor 

combinations 

 

Figure 7.16 – Damage detection accuracy of the testing data sets as a function of the 

number of sensors 
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7.4 CONCLUSIONS 

In this chapter, the background relating to the cloud-based machine learning damage detection 

algorithm is first described. The study demonstrated the use of a simple yet powerful machine 

learning tool called Microsoft Azure Machine Learning Studio (MLS) which is available online. 

MLS is a collaborative, drag-and-drop tool that provides an interactive visual workspace for 

easily building, testing, and deploying predictive analytical solutions for data. Data scientists and 

developers can use MLS to quickly build, test, and develop predictive models using state-of-the-

art machine learning algorithms.  

The recorded responses from the CentrePort BNZ building are inputted in MLS to investigate 

how cloud-based machine learning damage detection algorithm can be implemented effectively. 

A parametric study using a two-class boosted decision tree is conducted, considering the effect 

of input data length and number of sensors. An analysis adopting traditional Mahalanobis 

squared distance (MSD)-based damage detection algorithm is also conducted with the same data 

sets for the purpose of comparison. 

Regarding the effects of input data length, the detection accuracy of both algorithms increases 

with increasing input data length. However, the detection accuracy of the cloud-based machine 

learning algorithm increases much more quickly than that of traditional MSD. Furthermore, the 

detection accuracy of the cloud-based machine learning algorithm reaches 80% with an input 

data length of only 160 seconds whereas traditional MSD requires an input data length of over 

900 seconds to achieve the same accuracy. In addition, the cloud-based machine learning 

algorithm can achieve damage detection with an accuracy of 90% within 10 minutes. This 

indicates that the damage detection procedure could be completed with 90% accuracy within 12 

minutes for a very complex building (an input data length of 10 minutes plus a 2-minute 

computation time). The cloud-based machine learning algorithm therefore has great potential for 

achieving real-time damage detection.  

The number of sensors to be used for damage detection is another important parameter in damage 

detection performance. Using the cloud-based machine learning algorithm, more sensors give 

better damage detection performance. There is also a large improvement in damage detection 

performance between using two and three sensors. The difference relates to the fact that sensor 

9 (the roof sensor) is included in the three-sensor combination but not in the two-sensor 



Chapter 7    Cloud-based Machine Learning Algorithm for Damage Detection  

 

- 196 - 

combination, indicating that the roof sensor is particularly significant for structural damage 

detection.  

Comparing the two algorithms, they both give better detection accuracy when more sensors are 

used, except for a slight decrease in the cloud-based machine learning algorithm with five sensors. 

The detection accuracy of the cloud-based machine learning algorithm is typically higher than 

that of the traditional MSD-based algorithm for the same number of sensors. The results 

demonstrate that three is an adequate number of sensors to use for damage detection when using 

the cloud-based machine learning algorithm, and when these three sensors are located in the top, 

middle, and bottom of the building. 
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Chapter 8 

Conclusions 

In Chapter 1 it was stated that the overall goal of this study is to evaluate and improve current 

damage detection algorithms implemented in civil engineering structures. It aims to improve the 

occupant safety and accelerate the rate of recovery for individual buildings and by extension 

improving community resilience to extreme events. One of the key issues influencing the 

performance of these algorithms is the varying operational and environmental conditions.  

A comprehensive literature review related to the SHM of structures under varying operational 

and environmental conditions was presented in Chapter 2 to establish the research gaps. It was 

found that machine learning algorithms were capable of modelling the normal condition of 

structures by posing the SHM as a statistical pattern recognition paradigm. At the same time, lots 

of machine learning algorithms were proposed by different researchers in order to achieve SHM 

under varying operational and environmental conditions. However, understanding the 

advantages and disadvantages of current algorithms is key to providing reliable guidelines for 

improving the accuracy of damage detection methodologies. Furthermore, how to implement a 

robust real-time algorithm in buildings is still a challenge for researchers.  
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To address these research gaps, the long-term operational and environmental effects in an NZ 

building was examined in Chapter 3. GNS Science building was selected to evaluate the effects 

of operational and environmental conditions on the building response. The building response 

data was obtained from GeoNet website and the environmental data was acquired from the 

NIWA database. After understanding the environmental and operational effects on building 

response, a current damage detection algorithm (AR models in conjunction with Mahalanobis 

squared distance) was applied in another instrumented building (Centerport BNZ building) to 

investigate and compare the dynamic responses of the building under 2013 Seddon earthquake 

and 2016 Kaikoura earthquake in Chapter 4. The performance of the damage detection algorithm 

was further evaluated using the building responses before and after earthquakes.  

In order to understand the advantages and disadvantages of that damage detection algorithm, a 

parametric study was conducted in Chapter 5 to find what key parameters significantly influence 

the performance of the damage detection algorithm.  

Afterwards, an improved damage detection algorithm (Mahalanobis squared distance-based 

auto-associative neural network) was proposed for real-time SHM in Chapter 6. This proposed 

algorithm, MSD-AANN, builds on existing algorithms and aims to improve the damage 

detection accuracy without increasing time-consuming. In such way, the proposed algorithm 

could achieve real-time damage detection with high accuracy. This study compared the proposed 

algorithm to existing damage detection algorithms including MSD, AANN and Frequency 

domain decomposition-based (FDD) damage detection algorithm in Chapter 6. The performance 

of these four algorithms was further evaluated and compared using receiver operating curves 

(ROCs).  

In Chapter 7, a machine learning-based damage detection algorithm is applied to the real 

seismically instrumented building through the software ‘Microsoft Azure Machine Learning 

Studio’. A parametric study is further conducted to investigate the effects of input length and 

sensor numbers to the detection accuracy of the machine learning-based algorithm. Finally, a 

traditional MSD-based damage detection algorithm is utilised to facilitate a comparison with the 

machine learning-based algorithm. 
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8.1 OPERATIONAL AND ENVIRONMENTAL EFFECTS 

In Chapter 3, the one-year length of instrumented building response data obtained from the GNS 

Science building was utilised to investigate the influence of different operational and 

environmental conditions to building acceleration amplitudes and building modal frequencies. 

The operational and environmental conditions were made up of temperature, wind speed, relative 

humidity and human activity. The analysis results have demonstrated that environmental 

conditions have perceptible effects on the building dynamic properties estimates, which could 

be shown in many aspects. Firstly, the results from the study of the relationship between building 

acceleration amplitude and environmental conditions indicated that no general correlation could 

be found between changes in the acceleration amplitude, changes in temperature, and humidity. 

For the wind speed, response amplitudes are highly variable at low wind speeds, and the 

variability and the mean response decrease steadily as wind speed increases. In the context of 

the operational effects, human activity significantly altered the nature of the recorded 

acceleration, which could be observed from changes between the ‘Day’ and ‘Night’ acceleration 

amplitudes of the GNS building.  

In terms of the effects of operational and environmental conditions on the modal frequencies of 

the building, no correlation could be identified between the first modal frequency and 

environmental conditions. For the second modal frequency, the ranges tended to be large during 

low temperature and wind speed periods, but this only existed when the relative humidity was 

high. Nevertheless, the t-test confirmed that temperature, wind speed, relative humidity were the 

dominant environmental and operational factors affecting the second modal frequency of the 

GNS building. 

Finally, the time-frequency analysis was conducted, and the results showed that no permanent 

changes in natural frequencies could not be observed during earthquakes both in two directions 

in the GNS Science building. The phenomenon was reasonable since the GNS Science building 

did not suffer any damage during the 2013 Seddon earthquake. 
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8.2 ASSESSMENT OF THE EXISTING DAMAGE 
DETECTION ALGORITHM 

In Chapter 4, an existing damage detection algorithm, called AR models in conjunction with 

MSD, was implemented into the recorded responses of the CentrePort BNZ building during 2016 

Mw 7.8 Kaikoura earthquake and 2013 Mw 6.6 Seddon earthquake sequence, as the building 

suffered severe damage during these two earthquakes. The results showed that the damage 

detection algorithm was able to detect the actual damage state of the building during and after 

two earthquakes. 

Further, in Chapter 5, the parametric study of that damage detection algorithm was conducted 

and aimed to find a better way to select AR orders and threshold values to overall improve the 

performance of this damage detection algorithm. The damage detection technique was applied 

to the recorded continuous acceleration data acquired from the same building during the 2016 

Mw 7.8 Kaikoura earthquake, which has been described in Chapter 4.  It was found that even if 

there were several existing algorithms used for determining the AR model order, these 

algorithms could not give a consistent recommendation for the optimal AR model order. AR 

model order was a critical parameter for the damage detection algorithm, which significantly 

affects the detection accuracy. In the case of CenterPort BNZ Building, when the AR order 

increased, the detection accuracy and computation time were both increased. With the balance 

of both factors, the AR model order of 38 can be chosen as the optimal AR order in this case. 

Regarding the threshold values, the results also demonstrated the significance of exceedance 

probability on the detection accuracy. It was found that the detection accuracy reached a 

maximum. At an exceedance probability of 12 percent in the case of CenterPort BNZ Building. 

Nevertheless, if we choose AR (42) model as calculated from the average of PAF, AIC, BIC and 

RMSE methods, the accuracy is within 1% less than that using AR (38) model. Therefore, the 

current model selection methods, including PAF, AIC, BIC and RMSE methods, are satisfactory 

in estimating optimal AR order.  

The parameter selection procedure for damage detection algorithm can be summarised as the 

following two steps: 1. Choose the average AR order values calculated from PAF, AIC, BIC and 

RMSE methods. 2. Adopt 12% exceedance probability to select the threshold value.  
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8.3 PROPOSED MSD-BASED AANN ALGORITHM 

In Chapter 6, a novel damage detection method named MSD-based AANN was proposed. This 

approach intended to improve the performance of traditional methods based on MSD and AANN. 

The proposed algorithm was applied to the ASCE benchmark structure to verify its effectiveness. 

At the same time, other three established algorithms, including FDD, MSD and AANN, were 

compared with the proposed damage detection algorithm. The results indicated that both 

proposed algorithm and frequency-based system identification method (FDD-AANN) had 

reliable performance in extracting structural stiffness, with high accuracy and low sensitivity in 

detecting the changes of structural stiffness. However, in general, the comparative study did not 

show obvious differences in the performance of these four damage detection algorithms. 

In order to evaluate the proposed damage detection algorithm more effectively, these four 

damage detection algorithms were implemented into the recorded response of CentrePort BNZ 

Building to detect damage during 2016 Kaikoura earthquake. The performance of these four 

algorithms was further evaluated and compared using receiver operating curves (ROCs). The 

results from the real world application case showed that the proposed algorithm was a reliable 

approach to create a global damage indicator (DI) that can separate damaged from undamaged 

conditions, even when the structure is operating under varying operational and environmental 

conditions. In addition to that, the proposed algorithm demonstrated the best performance overall 

to detect damage and also output the least false prediction compared to the other three algorithms. 

Based on the analysis results of ROC curves, the proposed MSD-AANN algorithm displayed the 

highest true detection rate in terms of false alarm rate. The proposed MSD-AANN algorithm 

could be automatically applied to datasets and obtain the results very quickly and with high 

accuracy even when the structure was operating under varying operational and environmental 

conditions, which indicated the great potential to be applied in real-time SHM applications. In 

contrast, frequency-based damage detection algorithm FDD-AANN was not suitable for real-

time SHM applications, since it could not achieve detecting damage automatically and the 

computation time was too long when compared to the proposed damage detection algorithm. 
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8.4 MACHINE LEARNING ALGORITHM IN DAMAGE 
DETECTION PROCESS 

In Chapter 7, the background of the cloud-based damage detection algorithm was first described. 

A powerful machine learning tool called Microsoft Azure Machine Learning Studio was used to 

analyse the recorded responses from the CentrePort BNZ building to perform the damage 

detection process. Furthermore, a parametric study of a cloud-based damage detection algorithm 

using two-class boosted decision tree was conducted to study the effective way of applying 

cloud-based damage detection algorithm. The parameters, including input data length and sensor 

numbers, were considered. To facilitate a comparison, a traditional MSD-based damage 

detection algorithm was also applied to the same data sets. 

In the results of the parametric study, both input data length and sensor numbers posed significant 

influence on the detection accuracy. For the effects of input data length, the detection accuracies 

of both cloud-based algorithm and MSD-based algorithm increased when the length of input data 

was increasing. However, the detection accuracy of the cloud-based algorithm rose much faster 

than that of MSD. Furthermore, the detection accuracy of the cloud-based algorithm reached to 

80% of detection accuracy using only 160-second length data, but MSD needed over 900-second 

length data to achieve the same accuracy.  

Number of sensors used for damage detection was another important parameter for damage 

detection performance.  Using cloud-based algorithm, more sensors used for damage detection 

gave a better damage detection performance. Additionally, there was a large increase in damage 

detection accuracy when sensor numbers were increased from two to three. The difference 

between two and three sensors was that the sensor 9 (roof sensor) was utilised for three sensors 

but not used in two sensors, which showed that the roof sensor was significant for structural 

damage detection. In the results of comparing two algorithms, both algorithms became more 

accurate when more sensors were used, except for a slight decrease in the cloud-based algorithm 

with five sensors. The detection accuracy of the cloud-based algorithm is always higher than that 

of traditional MSD when using same number of sensors. The results also demonstrated that three 

is an adequate number for sensors to be used for damage detection using the cloud-based 

algorithm, when these three sensors were located in the top, middle and bottom of the building.  
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8.5 RECOMMENDATIONS FOR FUTURE RESEARCH 

In the future, it is desirable to explore the capabilities of MSD for feature extraction further, as 

a manner to diminish the level of expertise required to extract damage-sensitive features, which 

currently varies from the kind of structure and nature of damage to be detected. AANN needs to 

be further studied in terms of the selection of the number of nodes in the bottleneck layer, which 

is critical to the performance of the AANN as a data normalisation algorithm.  

The proposed MSD-AANN approach should be applied to more real-world or simulated data 

sets, to confirm its ability to overcome common operational and environmental influences for 

other structure types. 

Regarding the application of machine learning algorithm in SHM, a lot of improvements are 

expected in the future not only the algorithm itself but also the software platform. With the 

continuous update of ‘Microsoft Azure Machine Learning Studio’, more and more functions will 

be introduced, and the size limitation of input will be enlarged. This all will help with the real-

world applications using machine learning algorithm. Besides, other machine learning 

algorithms in the software can be tested to find the advantages and disadvantages among these 

algorithms and obtain the guideline to select the most appropriate algorithm for each real-world 

application.  

Furthermore, most current machine learning algorithms are supervised-learning algorithms, 

which require both undamaged and damaged data. This limits the applicability; therefore, further 

work in unsupervised machine learning algorithms using only undamaged condition data with 

operational and environmental noise should be explored.  

This study focused on validating a Level 1 damage detection algorithm, for which its purpose is 

only to detect the existence of the building damage. It would be useful for the engineering 

community if this method can be extended to a Level 2 and Level 3 damage detection scheme 

where damage location and severity predictions, respectively, are also produced. It is possible 

that a supervised learning scheme, which associates damage location and damage severity with 

input patterns or training features, can achieve this but it is not within the scope of the current 

study due to time limitations and the lack of readily available data. It is recommended future 
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researcher consider the use of input patterns or training features from detailed a priori models, 

possibly based on finite element methods.  
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