
ABSTRACT: Identification of outliers in samples from univariate and multivariate populations has received considerable 

attention over the past few decades. Presence of outliers has undeniable effects on the results of statistical methods such as 

Principal Component Analysis (PCA). Outliers, anomalous observations, can affect the variance and covariance as vita l parts of 

PCA method. In statistical sense outliers are samples from a different population than the data majority. An effective way to  

deal with this problem is to apply a robust, i.e. not sensitive to outliers, variant of PCA. In this work a robust PCA method is 

used instead of classical PCA in order to construct a model using data with outliers to detect and distinguish damages in 

structures. The comparisons of the results shows that, the use some indexes based on the robust model,can distinguish the 

damages much better than using classical one, and even in many cases allows the detection where classic PCA is not able to 

discern between damaged and non-damaged structure. This work involves experiments with an aircraft turbine blade using 

piezoelectric transducers as sensors and actuators and simulated damages. 
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1 INTRODUCTION 

The increasing age of our existing infrastructure makes the 

cost of maintenance and repairs a growing concern. Structural 

health monitoring (SHM) may alleviate this by replacing 

scheduled maintenance with as -needed maintenance, thus 

saving the cost of unnecessary maintenance, on one hand, and 

preventing unscheduled maintenance, on the other hand. For 

new structures, the inclusion of SHM sensors and systems 

from the design stage is likely to greatly reduce the life-cycle 

cost [13,14,15,16,17,18,19,20,21,22,23]. 

Structural health monitoring is an emerging research area with 

multiple applications. Structural health monitoring assesses 

the state of structural health and, through appropriate data 

processing and interpretation, may predict the remaining life 

of the structure.  

To this aim there are several potentially useful techniques, and 

their applicability to a particular situation depends on the size 

of critical damage admissible in the structure. All of these 

techniques follow the same general procedure: the structure is 

excited using actuators and the dynamical response is sensed 

at different locations throughout the structure. Any damage 

will change this vibrational response, as well as the transient 

by a wave that is spreading through the structure. Many 

methods have been used such as vibration based techniques, 

methods using fiber-optic or piezoelectric as sensors and 

electrical resistance.  

In the next step, necessary data is collected and then the state 

of the structure is diagnosed by means of the processing of 

these data. Correlating the signals  to detect, locate and 

quantify these changes is a very complex problem, but very 

significant progresses have been reported in conferences . 

Among these methods, developing a model using Principal 

Component Analysis for feature discrimination has been 

considered recently [2]. 

Principal component is the most useful tool in dimensional 

reduction. The main idea of PCA is  to project the data from a 

high dimensional space onto a lower dimensional space. If the 

data compression is sufficient, the large number of variables  is 

substituted by a small number of uncorrelated latent  factors 

which can explain sufficiently the data structure. The new 

latent factors, also called principal components (PCs) are 

obtained by maximizing the variance of projected data. 

In the classical approach, the first component corresponds to 

the direction in which the projected observations have the 

largest variance. The second component is then orthogonal to 

the first one and again maximizes the variance of the data 

points projected on it. Continuing in this way produces all the 

principal components, which correspond to the eigenvectors  

of the empirical covariance matrix. 

However, despite of these features, PCA is known to possess 

some shortcomings. One of them is that both the classical 

variance (which is  being maximized) and the classical 

covariance matrix (which is being decomposed) are very  

sensitive to anomalous observations. Consequently, the first 

components are often attracted towards outlying points, and 

may not capture the variation of the regular observations. 

Therefore, data reduction and modelling based on classical 

PCA (CPCA) becomes unreliable if outliers are present in the 

data. 

A way to deal with this problem is to remove the outlying 

objects observed on the score plots and to repeat the PCA 

analysis again. Another, more efficient way is to apply a 

robust, i.e. not sensitive to outliers, variant of PCA. In this 

paper, an important robust PCA method [8] is implemented 

instead of classic PCA to detect damage on a structure. 

Experimental results have been compared and priority of 

robust PCA to detect damage has been shown in the presence 

of contaminated data.  
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Presented paper is structured in the following way. In  section 

2, PCA and its usage in damage detection is described briefly; 

Moreover, T
2
 & Q index are reviewed. Outliers and their 

influence on model accuracy have been explained in section 3. 

Section 4 contains description of robust PCA methods. 

Experimental setup is declared in section 5. In section 6,the 

robust method is compared with classic one. Finally, section 7 

summarizes the obtained results.  

2 PCA , T
2 

AND Q DEFINITION 

Principal component analysis (PCA) is often used as a 

dimension-reducing technique within some other type of 

analysis [20]. Classical PCA is a linear transform that maps 

the data into a lower dimensional space by preserving as much 

data variance as possible. In the case of intrinsic feature 

extraction, PCA can be used to reduce the dimension of the 

projected signal. The proper number of components can be 

chosen to discriminate between different patterns. Principal 

Components Analysis and its specification are discussed in 

many articles and books [3]. PCA model is calculated using 

the collected data in a matrix form of X (   ) containing 

information from n sensors and m experimental trials. Once 

the variables are normalized the covariance matrix   is 

calculated as follows:  

  
 

   
                                    (1) 

The subspaces in PCA are defined by the eigenvectors and 

eigenvalues of the covariance matrix as follows: 

  ̂  ̂                                      (2) 

Where the eigenvectors of   are the columns of  ̂ and the 

eigenvalues are the diagonal terms of   (the off-diagonal 

terms are zero). The eigenvectors with the highest eigenvalue 

present the majority of data. This matrix could be imagined as 

a model for the structure. The score matrix T represents the 

projection of the data in the new subspace. This projection is 

defined by the equation (3), where the matrix E is the 

difference between   (original data) and  ̂ (projected data).  
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In addition to score matrix, other statistical measurements 

based on PCA model could be used as damage detector 

indexes. Two well-known are commonly used to this aim [8]: 

the Q-statistic (or SPE-statistic) and the Hotelling's T-square 

statistic (D-statistic). The first one is based on analysing the 

residual data matrix  ̂ to represent the variability of the data 

projection in the residual subspace. The second method is 

based in analysing the score matrix T to check the variability 

of the projected data in the new space of the principal 

components. Q-statistic and T
2
-statistic of the     sample (or 

experiment) are defined as follows:  

    ̃  ̃ 
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 Damage detection using PCA 2.1

The data from undamaged structure is used to generate a PCA 

model. This model is used to project data from current 

structure, probably damaged. Primary components, usually 

first three components, and T
2
-statistic and Q-statistic are used 

to compare status of structure. In this way probable damage 

could be identify and classify. 

 

 

Figure 1: Damage detection using PCA model [1] 

Mentioned methodology is depicted in Figure 1. In the further 

step, classical PCA is substituted with robust one to make the 

model less sensitive to outliers.  

3 OUTLIERS 

In statistical sense outliers are samples from different 

population than the data majority. The presence of outliers in 

the data can be due to two main reasons. One of them is an 

experimental error. The other reason is the unique character of 

a few objects. For instance, in environmental science outliers 

can represent a certain unusual environmental event that took 

place. Both types of outliers are important to be identified; 

however, the reason for their identification is twofold, either, 

to remove them from the data in order to obtain correct results 

of the analysis. For instance, existence of outliers could 

change the direction of PCA components and result in model 

inaccuracy (see Figure 4).  

Outliers can be classified in 3 types. The first group are data 

which lie close to the PCA space but far from the regular 

observations, this type called good leverage points. Next 

group called orthogonal outliers whose orthogonal distance to 

the PCA space is large but which we cannot see when we only 

look at their and finally bad leverage points are data that have 

a large orthogonal distance and whose projection on the PCA 

subspace is remote from the typical projections. To measure 

the outlingness of points, two measurements are defined. First 

robust score distance of each observation and then orthogonal 

distance.  Score distance and orthogonal distance are defined 

in equation 8 and 9 respectively.  

     √∑
   

 

  

 
                                (8) 

    ‖     ̂       ́ ‖                   (9) 

 

    presents the score and    is eigenvalue. Moreover,   ̂ and 

     are center and loading matrix for original data. Figure 2 

and Figure 3 show diagnostic plots. This plot can help to flag 



outliers and indicate which type they are. Points out side of 

left-down region are indicated as outliers and depending on 

their score/orthogonal distances, their type are clarified. The 

cut-off lines are selected using chi-square distribution [8]. 

 

 

Figure 2: outlier map , Classical PCA 

  

Figure 3: outlier map , Robust PCA 

Given that certain observations are outliers or influential, it 

may be desirable to adapt the analysis to remove or diminish 

the effects of such observations; that is, the analysis is made 

robust [3].  The  term  “robust” indicates that  the learning  

from  the contaminated  training  data  will  still  lead  to  

acceptable  estimates of the normal behaviour.  

 

 
 

Figure 4: Influence of outliers on PCA modeling, a) without 

outliers b) with outlier  

4 ROBUST PCA 

The goal of robust PCA analysis is finding principal 

components which are not influenced much by outliers. 

Several robust PCA methods have been proposed and their 

robust properties have been tested. The main approaches are 

either based on projection pursuits, robust covariance matrix 

or on a combination of both.  

Minimum covariance determinant (MCD) [5] and fast version 

[6], S-estimators [7,8] and minimum volume ellipsoid (MVE) 

are some methods in which belong to first approaches. The 

result of these methods are more robust rather than classical 

approach but unfortunately limited to small to moderate 

dimensions where the number of variables , , are larger than 

half the number of observations , .  

In [9,10,11] a method has proposed belong to second 

approach. In this method, robust components are getting by 

calculating the candidate directions for the first component via 

all directions from each data point through the center of the 

data cloud using L1-median estimate. Subsequent components 

are then estimated in a similar way, but the search process is 

done in the orthogonal complement of the previously 

identified components. 

Hubert et al [2] has proposed a method belong to third 

approach in which uses both robust estimation and projection 

pursuit. Projection pursuit part is used for the initial 

dimension reduction and then MCD estimator is applied to 

this lower-dimensional data. It yields more accurate estimates 

at non-contaminated data and more robust at contaminated 

data. In addition, this method can handle high dimensional 

data.   

In this work, because of huge dimension of data     , last 

methods have been used to estimate the robust PCA model. 

Then the new robust model is used to calculate T and Q 

damage indicators. In next part, robust ROBPCA is described 

briefly. 

 ROBPCA [8] 4.1

The ROBPCA method is based on ideas of both projection 

pursuit and robust covariance estimation. The dimension is 

reduced initially using Projection Pursuit (P.P.) part and then 

MCD estimator is applied to this lower dimensional data 

space.  

If original data are stored in an     data matrix,       , 

where n is the number of objects and p number of variables , 

the ROBPCA method procedure is started with performing a 

singular value decomposition of the data in order to project 

the observations on the space spanned by them. Huge 

dimension reduction with not losing information is yield If 

   . Every sample is measured by means of 

outlyingness.To do this all points are projected on many 

invariant directions through two data points. On this line, the 

standardized distance of each point to the center of the data is 

determined. Outlyingness  of any observation is its largest 

distance over all directions. An h-subset    is created using 

  
 

 
 of observation with smallest outlyingness and also its 

covariance matrix ,  , is calculated. The k dominant 

eigenvector of    span a subspace   . To increase the 

efficiency a first reweighting is then carried out. All data 

points which are close to V0 receive weight 1, whereas the 

observations far away from it receive zero weight. The 

orthogonal distance of each observation is calculated as  

 

     
  ‖    ̂   ‖                         (10) 



With  ̂     the projection of    in subspace   . Observations 

with smaller OD are retained and their covariance matrix    is 

computed and consequently k dominant eigenvectors of     

span   . In the next step all the   data points are projected on 

  . Within this subspace a slightly adapted version of the 

FAST-MCD algorithm (see Rousseeuw and Van Driessen, 

1999) is performed in order to find a robust center and a 

robust covariance estimate of the projected samples. The last 

stage ofROBPCAconsists of representing  ̂ and  ̂ in the 

original p-dimensional dataspace. It is recommended to refer 

[8,29] to read more details about the algorithm.   

5 EXPERIMENTAL SETUP 

The specimen that is used in this research is a turbine blade of 

a commercial aircraft. The blade is manufactured by a 

homogenous material with a similar density than titanium 

(3.57 g/ml). Seven PZT sensors are distributed over the 

surface to detect time varying strain response data. Three of 

the sensors are on one face and four on the other face as can 

be seen in Figure 5-a.   

 

 
 

Figure 5: Experimental setup a) PZT’s location b) damage 

location c) simulated damages [1] 

As PZT’s can be used alternately as sensor and actuators in 

any step one PZT is acting as actuators and others as sensors. 

The actuator is  excited by a burst signal of three peaks and 

350 KHz of frequency (see Figure 6-a). A measured signal in 

one of sensors is shown in Figure 6-b. 

 

 
 

Figure 6 : a) Signal excitation, and b) Dynamical response      

Damages were simulated adding masses at several locations 

as shown in Figure 5-b and Figure 5-c. 

Data are arranged in two parts. First training data in which 

contains signals from non-damaged structure and second, test 

data that contains signals from non-damaged and damaged 

structure. 

6 CLASSIC PCA VS. ROBUST PCA 

 

In the first step, the baseline should be built. The baseline is a 

situation when system working in desired condition. To do 

this PCA is applied to the data matrix that contains dynamical 

responses to a known excitation at different locations. The 

projection matrix  , which offers a better and dimensionally 

reduced representation of the original data X, is calculated. 

This matrix is used as a model to apply test data in which 

contain data from both damaged and non-damaged structure. 

Using T and Q index based on PCA model, 10 patterns 
are presented; One for non-damaged and 9 for different 
damages. The rest of paper is dedicated to compare how 
these indices can distinguish between patterns from 
damaged and non-damaged structure when they are 
based on classic PCA or robust PCA.  
Using Hausdorff distance [12], the distance between members 

of two different patterns and also distances between all 

members of one pattern could be shown.  

Figure 7 shows that robust methods propose patterns in which 

are more united. 

 
 

Figure 7: Hausdroff distance between members of a pattern, 

Classic PCA and Robust PCA 

 Adding simulated outliers 6.1

Pure data, directly from the experiments, may have natural 

outlier but to compare the methods better, some artificial 

outliers are added to training data. Training data are 

contaminated using data from different damages. Philosophy 

behind this procedure is that the gathered data from damaged 

structure does not belong to the baseline so they could behave 

as outliers. Percentage of outliers is changing to pursue the 

ability of robust methods to ignore outliers in presence of 

different percentages. 

 Comparing ROBPCA and Classical PCA 6.2

Figure 8 shows that when training data are contaminated, 

classical PCA is not able to distinguish between undamaged 

and damaged structure. In other words, pattern of non-

damaged structure in classical PCA is conflicted with pattern 

of damaged structure but in ROBPCA (Figure 8-b) 

undamaged pattern is completely separated. As it is declared 

in Figure 8-a and b, the nearest pattern to pattern of non-

damaged structure is 3 times farther in ROBPCA rather than 

classic PCA. 

Number written beside each pattern in Figure 8 is Housdroff 

distance of different patterns to pattern of non-damaged 

structure.  

Figure 9 shows the comparison of distances from patterns of 

different damages to non-damaged one. As could be seen 

ROBPCA have farther distance in majority of patterns. This 

means that robust method can separate undamaged from 

patterns of damages much better.  

 

 



 

 

 

 

 

 

Figure 8: T-Q scatter graph, a) Classic PCA b) ROBPCA  

 

 

 

Figure 9 : Distance comparison of different pattern to 

undamaged pattern 

 

On the other side, from speed point of view, classical PCA is 

2 times faster than robust one; therefore, using robust PCA 

instead of classical one can be a trade of between accuracy of 

result and speed of calculations. All methods are executed on 

a computer with 3.6 GHz CPU and 4 GB memory.  

Table 1: Speed comparison of classical PCA and robust PCA 

 second 

Classic PCA 22 ms 

ROBPCA 41 ms 

 

7 CONCLUSION 

The results show that using T
2 

and Q indexes based on robust 

PCA can distinguish damaged structure much better than 

classic PCA. Without presence of outliers, robust PCA 

separates non damaged pattern clearer than classical PCA; 

although, the robust method has much better results, the time 

consumption of robust method should be considered.  
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