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Abstract
This paper describes the application of Principal Component 
Analysis (PCA) for fault detection and diagnosis (FDD) for a 
process in real time.  Principal Component Analysis (PCA) is 
one of the classical multivariate statistical procedures within the 
class of linear methods. Fault Detection and Diagnosis (FDD) 
scheme proposed in this paper is formed by one PCA model per 
behavior type, i.e., a PCA model for normal operation condition 
and one PCA model for each of the possible situations. The method 
of fault detection and diagnosis is based on the definition of a 
threshold minimum. The PCA model outputs are compared with 
their threshold Minimum, with and without the faults. One that 
does not exceed its threshold level gives us an indication of fault. 
The technique has been applied in real time on two interactive tank 
system and four types of faults could be detected very efficiently 
by this method.
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I. Introduction
Fault diagnosis is a technology, which relates to several subjects, 
such as modern control theory, reliability theory, mathematical 
statistics, fuzzy set theory, information handling, pattern recognition 
and artificial intelligence. Today nonlinear and complex systems 
are seen everywhere such as chemical reactors, nuclear power 
reactors and distillation columns, computer systems, aircrafts, 
ships and cars etc. We always desire that the systems work 
continuously without fail making our life more comfortable. Thus 
fault detection is a vital issue today.
Faults in dynamic systems refer to the unintended and unplanned 
deviations from the acceptable system behavior due to changes in 
system parameters or other reasons. With the advent of adaptive 
and fault-tolerant control systems, closed-loop systems can now 
be designed in a way that system performance is maintained 
despite the occurrence of faults. Fault detection and identification 
(FDI) has been an active field of research for a long time, and a 
vast literature is available on the topic [1-3]. Fault detection and 
diagnosis (FDD), in general, are based on measured variables 
by instrumentation or observed variables and states by human 
operators. The objective of FDD is not only to determine the 
presence of some fault in the system (fault detection), but also 
to establish the kind and location of the fault (fault isolation) 
and to estimate the behavior of the fault in terms of amplitude 
and instant of its occurrence as well as to find the cause of this 
unexpected system behavior. Fault Detection and Diagnosis (FDD) 
schemes consider problems during the plant operation caused by 
uncertainty, disturbances, faults and incomplete knowledge of the 
process model. Even though the idea of PCA appeared in 1889, 
PCA research and applications are still in study. MacGregor et. al. 
[4] referred to several industrial applications of PCA for process 
monitoring. Raich and Cinar [5] developed a diagnostic method 
based on angle discriminant when using PCA for fault detection. 

Kramer [6] has generalized the PCA to the nonlinear case by 
using an auto-associated neural network. Dong and McAvoy [7] 
have developed a nonlinear PCA approach based on principal 
curves and neural networks that produce independent principal 
component. PCA is one of the multivariate statistical techniques, 
which can reduce the dimensionality. It was first introduced by 
Karl Pearson in 1901 and developed by Hotelling [8].  
The PCA scheme, used in this paper, contains a PCA model for 
each system’s behavior, i.e., a PCA model is calculated for normal 
and different faulty conditions. This approach is applied to a two-
tank interactive liquid flow system, a nonlinear and closed loop 
system that works at different operating points.  Fault detection 
and diagnosis is made by evaluating the T2 statistic for each PCA 
model with the actual data collected from the plant. The paper is 
organized as follows. Section II describes principal component 
analysis theory; in Section III the formulation of PCA scheme for 
fault detection and diagnosis is presented; Section IV considers the 
application of the method on a real life process, its experimental 
design with various system conditions and summarizes the results 
and finally, the concluding remarks are given in Section V.

II. Principal Component Analysis
Principal Component Analysis (PCA) is a technique developed to 
reduce data dimensionality by extrapolating correlated variables 
in sets of new uncorrelated variables, maintaining variance of 
the original data. It determines a set of orthogonal vectors called 
loading vectors, ordered by the amount of variance explained in the 
loading vectors direction. Given a training set of n observations and 
m process variables, with zero mean and unit variance, stacked
into a matrix X € Rn×m, the loading vectors are calculated [5,8, 
13-15] by Singular Value Decomposition (SVD) of the covariance 
matrix S given by:      

                        (1)
where the diagonal matrix Λ € Rmxm contains the non-negative 
Eigen values of decreasing magnitude (λ1 ≥  λ2≥  …..  λm ≥ 0).

A. T2 and Q statistics
Assume that a data matrix X has n number of observations and 
m number of variables as shown in Fig.3.1. The observations 
(columns) may be analytical samples or continuous data in time 
domain. The variables (rows) may be obtained from the sensors 
(say temperature, flow, pressure, etc.) and instruments in a process. 
PCA can handle high dimensional, noisy and correlated data by 
projecting the data onto a lower dimensional subspace which 
contains most of the variance of original data. Selecting the 
column of the loading matrix P € Rmxa to correspond to the loading 
vector associated with ‘a’ singular values, the projections of the 
observations in X into the lower-dimensional space are contained 
in the score matrix.

          (2)                                 
Where ti is a score vector (orthogonal) which contains information 
about relationship between samples and pi is a loading vector 
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(orthonormal) which contains information about relationship 
between variables. Projection into principal components space 
reduces the original set of variables to latent variables. Generally 
a, the principal components should explain the variability of a 
process through its data X, therefore the difference between X and 
X̂  is the residual matrix E that captures the variations associated 
with n−a singular values, then X is given by

X = TPT +E = 
1

a

i=
∑ ti pi

T + E = X̂ +E  (3)
 
It is very important to choose the number of principal components, 
a, because TPT represents the principal sources of variability in the 
process, and E represents the variability corresponding to process 
noise. There are different techniques to determine the principal 
components: percent variance test, screen test, parallel analysis 
and prediction residual sum of squares statistic
On-line monitoring of measurement variables can be carried out 
with the help of T2, also known as the Squared Prediction Error 
(SPE) These statistics can be used to detect faults for multivariate 
process data. The T2 statistic for the lower-dimensional space can 
be calculated for each new observation X by

         (4)                                  
where, ∑a contains the non-negative real Eigen values 
corresponding to the principal components ‘a’ and  P contains 
the loading vectors. The upper confidence limit for T2 is obtained 
using the F-distribution:

      (5)
Where n is the number of samples in the data, a is the number of 
principal components and α is the level of significance [1]. This 
statistic can be interpreted as measuring the systematic variations 
of the process, and a violation of the threshold would indicate that 
the systematic variations are out of control. As statistical properties 
of signals in a behavior remain the same and from a behavior to 
another, small variations are very significant. The PCA method 
is an optimal technique to capture signals variability. Therefore, 
model determination depends on signal behavior in the operating 
point and the variations around this point. A low amount of false 
alarms guarantee a robust PCA model. PCA models are based 
on historical data X collected during each behavior mode and 
T2 statistics are studied to determine a threshold for each one.  
Determining the correct model allows elaborating a new signals 
projection for principal components. Obtaining T2 statistic within 
threshold limits if new signals correspond to the behavior used 
for model calculation, and exceeding this threshold limit signifies 
a different behavior.                          

III. Formulation of PCA For Fault Detection
Fault Detection and Diagnosis (FDD) scheme proposed in this 
paper is formed by one PCA model per behavior type, i.e., one 
PCA model for the normal operation condition and one PCA 
model for each of the faulty conditions as shown in block diagram 
of fig. 1. The PCA method is an optimal technique to capture 
signals variability. Therefore, model determination depends on 
signal behavior in the operating point and the variations around 
this point. A low amount of false alarms guarantee a robust PCA 
model. PCA models are based on historical data X collected during 
each behavior mode. The actual signals x1(k), x2(k),. . . xm(k)  
collected from the plant, and normalized with zero mean and unit 
variance, define the X matrix, input for each PCA model, then each 
model outputs, the Q and T2 statistics, provides information of the 
processed signals to the diagnosis module, that determines system 

behavior, i.e., identify the normal condition or the corresponding 
faulty situation.

Fig. 1: Block Representation for Use of PCA for Fault 
Detection

IV. The Application
For testing of the present FDD method, an interactive coupled tank 
liquid level control system has been considered, which consists 
of two cylindrical tanks with the same transverse area and height 
as shown in fig. 2. The tanks are connected through a cylindrical 
pipe and have been equipped with level sensors and valves for 
flow control, specifically the levels of the tanks are measured using 
two level transmitters and both tanks have been equipped with a 
pump each for controlling input flow rates q1 and q2 respectively. 
The objective is to maintain the level of the two tanks at a desired 
reference, which is achieved using two digital PID controllers, one 
for each pump. The connecting pipes are equipped with manually 
adjustable valves to simulate clogs as illustrated in figure. 

Fig. 2: Two Tank System

The plant model is expressed by the following equations:

    (6) 

                  (7)
According to the Torricelli’s law, the flows q2, q12 and q20 are 
defined by:
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         (8)

                    (9)

                                (10)                                       
where
A = Tank traversal area
h1, h2 = height of tank1 and tank2 respectively
q1, q2 = maximum flow
K0, K1, K2 = Flow correction coefficient.
The parameter values used are given in Table 1.

Table 1: Parameters of Two Tank System

Parameters Symbol Value

Maximum Transversal Area
Maximum level
Maximum flow
Flow correction coefficient
Flow correction coefficient
Flow correction coefficient

A
Hmax
q1=q2
K0
K1
K2

66.5 cm2

36.3 cm
100ml/sec
0.25
0.3
0.35

In the present system, five operating conditions have been 
considered as given in Table 2.

Table 2: Operating Conditions

Condition-1

Condition-2
Condition-3
Condition-4
Condition-5

Normal operation 
(valves are open and level sensors are 
correct)
Tank 1 outlet clogging ( f1)
Tank 2 outlet clogging ( f2)
Level sensor h1 at fault ( f3)
Level sensor h2 at fault ( f4)

Five PCA models have been determined for these five operating 
conditions. The inputs to the actual system are input flow rates 
(q1, q2) whereas the inputs for each PCA model are the numerical 
data set of four variables such as h1(t), h2(t), q1(t), q2(t) and two 
outputs, the T2 and Q statistics. The input and output of each 
PCA model is computed and the threshold value has been found 
to be 21.67.  After determining each one of the PCA models 
considered, a diagnostic module has been included in the simulator 
that compares the T2 statistics of each PCA model with its threshold 
and the system behavior is determined. The actual signals x1(k), 
x2(k),. . . xm(k) which are described in fig.1 as collected from the 
plant, and normalized with zero mean and unit variance to define 
the input X matrix to each PCA model.

A. Numerical Results
An adequate simulator has been constructed with MATLAB/ 
SIMULINK including the controllers and the noise effects with 
the physical parameters given in Table 1.  The system has been run 
in closed loop for each case (5 possible conditions) with 10,000 
samples, that include all variation spectrum of the four inputs 
considered, taking a sampling time of 1 sec to obtain the statistics 
threshold . The T2 statistics for normal performance is shown in 
fig. 3. It lies within the range of threshold value that means it 
indicates the normal behavior.  Fig. 4 gives the chi-square plots 
and corresponding responses for faulty conditions as indicated for 

each.  The amount of deviation from the threshold value gives us 
an idea about the type of the fault occurred.

Fig. 3: Chi-Square Statistic for Normal Behavior

Fig. 4: Chi-Square Statistics for Faulty Conditions

V. Conclusion
This present work reports an approach to detect various kinds 
of faults in a nonlinear process of coupled tank system using 
Principal Component Analysis (PCA). In order to diagnose the 
faults, different PCA models have been generated from each of 
the normal and faulty conditions from the real time data of the 
process. The four different fault conditions have been created in 
the system as mentioned in Table 2. The detection and diagnosis 
are based on the definition of a threshold minimum. The outputs 
of PCA models with and without faults are compared with the 
threshold minimum. The one that does not exceed its threshold 
level gives us an indication of fault. The technique has been applied 
in an interactive tank system that efficiently detects the faults in 
each case.  All the four types of faults could be clearly detected 
and identified by the present method by measuring the deviations 
from the threshold level. The method has been tested with different 
length of data points – viz. 500, 1000 and 10000 and a very small 
change in the threshold value has been observed.  But for all the 
cases the faulty conditions produces the level much above the 
computed threshold level. Though here the computation of PCA 
models and the statistical procedures has been made off-line, the 
same may as well be implemented in real time using embedded 
system based on microcontroller and/or FPGA and digital signals 
may be generated from the controller in real time to detect and 
indicate a fault in the system.
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