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Abstract – In complex and large-scale industries, properly designed fault detection and identification 
(FDI) systems considerably improve safety, reliability and availability of target processes. In thermal 
power plants (TPPs), generating units operate under very dangerous conditions; system failures can 
cause severe loss of life and property. In this paper, we propose a bagged auto-associative kernel 
regression (AAKR)-based FDI approach for steam boilers in TPPs. AAKR estimates new query 
vectors by online local modeling, and is suitable for TPPs operating under various load levels. By 
combining the bagging method, more stable and reliable estimations can be achieved, since the effects 
of random fluctuations decrease because of ensemble averaging. To validate performance, the 
proposed method and comparison methods (i.e., a clustering-based method and principal component 
analysis) are applied to failure data due to water wall tube leakage gathered from a 250 MW coal-fired 
TPP. Experimental results show that the proposed method fulfills reasonable false alarm rates and, at 
the same time, achieves better fault detection performance than the comparison methods. After 
performing fault detection, contribution analysis is carried out to identify fault variables; this helps 
operators to confirm the types of faults and efficiently take preventive actions. 
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1. Introduction 
 
Online monitoring based on fault diagnosis techniques is 

indispensable for effective operation and performance 
management in complex and large-scale industrial processes; 
it can potentially improve safety, availability, and reliability 
of target processes. In the case of thermal power plants 
(TPPs), system failures can cause serious loss of life and 
property, because generating units, such as steam boilers and 
turbines, operate at very high pressures and temperatures. 
Properly designed fault detection and identification (FDI) 
systems detect and identify abnormal operating conditions 
in the units in advance and prevent unplanned shutdowns 
caused by failures. 

A fault is defined as an unpermitted deviation of at least 
one characteristic property or variable of the target system [1]. 
In the initial stages of faults, their effects on performance 
may be minor. However, if corrective actions are not carried 
out in a timely manner, faults lead to system malfunctions 
and/or failures and, ultimately, they result in severe 

operational degradation and accidents. FDI systems can 
monitor the operating conditions of the plants and identify 
faults in the earliest stages of development by analyzing 
complex patterns of target variables; thus, they can help 
operators take proper actions in advance. 

Fault diagnosis methods may be roughly categorized as 
either model-based or data-driven [1-3]. The former require 
explicit mathematical models derived from prior physical 
information (e.g., mass or energy balances) of the target 
systems; parameter estimation, diagnostic observer, parity 
equation, and Kalman filtering-based methods have been 
widely used. In the model-based methods, if the physical 
information is insufficient or incorrect, the accuracy of the 
models degrades, and the performance of the diagnosis 
methods also deteriorates. In addition, it is almost impossible 
to implement the models in highly complex processes. In 
the data-driven methods, fault diagnosis is performed by 
applying data mining techniques to collected data from 
sensors installed on each process component. The main 
advantage of these methods is that they do not require any 
prior information about the target systems; they have been 
applied to various industrial processes [4-8]. 

Distributed control systems (DCSs) are built into TPPs 
to control the less complex subsystems into which whole 
systems are divided. Massive amounts of operation data are 
collected in real time and stored in the DCS databases. In 
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the last few years, several articles have been devoted to the 
study of fault diagnosis for TPPs by applying data-driven 
methods, such as principal component analysis (PCA) [9, 
10], independent component analysis [10, 11], artificial 
neural network [12], support vector machine [13], nearest 
prototype classifier [14], group method of data handling 
[15], and k-means clustering [16], on massive plant 
operation data. 

This paper proposes bagged auto-associative kernel 
regression (AAKR) [17-19], in which a bagging method 
and AAKR are combined, for FDI of steam boilers in TPPs. 
AAKR corresponding to lazy learning (also known as 
memory-based or instance-based learning) is a non-
parametric multivariate technique to estimate new query 
vectors by online local modeling. Memory-based learning 
involves storing the training data in memory and finding 
the relevant data in the database to answer a current query 
[20]; all training data points must be conserved in memory 
until the query points are processed entirely [21]. Compared 
with eager learning, where general global models are 
constructed from all the training data, AAKR dynamically 
builds local models different from each other. The global 
models implemented offline have trouble in real-time 
updates when operating modes of target processes have 
changed. In TPPs, generating units operate under various 
load levels, as well as rated full loads [12]. AAKR is more 
suitable for TPPs with various operating modes because of 
its online updating of local models. 

In the bagging method [22-24], after obtaining B 
bootstrap samples by applying bootstrap resampling to 
entire training dataset, B models are separately constructed 
from the B samples; averaged output of the B models are 
used as final output. When global modeling techniques 
cooperate with a bagging method, B models should be 
implemented via global learning algorithms. In bagged 
AAKR, such B global modeling procedures are not 
required; only averaging B estimated vectors from the B 
samples is needed. By combining the bagging method, 
more stable and reliable estimations can be achieved, since 
the effects of random fluctuations decrease because of the 
ensemble averaging. 

After estimating query vectors using bagged AAKR, 
residual vectors (i.e., error vectors), squared prediction 
errors (SPEs), and detection indices are calculated. If the 
indices are larger than or equal to predefined threshold 
values, alarm signals are generated and faults are declared. 
Exponential moving average (EMA) values of SPEs are 
used as the detection indices, and kernel density estimation 
(KDE) [8] is applied to decide the threshold values. 
Contribution analysis is performed to identify fault variables 
when the alarm signals last for a period of time. To validate 
performance, the proposed method and comparison 
methods (i.e., a clustering-based method and PCA) are 
applied to failure data on water wall tube leakage, which 
were collected from a 250 MW coal-fired TPP. Experimental 
results show that the proposed method fulfills reasonable 

false alarm rates and, at the same time, achieves better fault 
detection performance than the comparison methods. After 
performing fault detection, contribution analysis is also 
carried out to identify fault variables. Contribution analysis 
helps operators recognize fault types and then efficiently 
take corrective actions. 

The remainder of this paper is organized as follows. 
Section 2 explains standard AAKR, k-fold cross validation 
for bandwidth parameter selection in AAKR, and bagged 
AAKR. Section 3 describes SPE and EMA, KDE for 
threshold value setting, and contribution analysis for fault 
variable identification. Section 4 briefly outlines the bagged 
AAKR-based FDI procedure. Section 5 summarizes the 
target system (a drum-type steam boiler), and Section 6 
presents the experimental results. Finally, we give our 
conclusions in Section 7. 

 
 
2. Bagged Auto-associative Kernel Regression 
 

2.1 Standard AAKR 
 
Let D = {x1,..., xn} be a training dataset collected from a 

target system, where each data vector consists of m process 
variables, i.e., xi m∈ℜ . The dataset D should be composed 
of data vectors that encompass the whole operating range 
of the normal target systems. In standard AAKR, the 
following procedures are conducted to obtain an estimated 
vector newx̂ of a query vector xnew. First, similarities 
between xnew and the data vectors xi, i = 1,..., n, are 
measured by distance functions. Subsequently, weighting 
functions give weights to data vectors according to the 
measured similarities. Finally, the query vector is estimated 
by weighted average of the data vectors. 

In this paper, among the widely used distance functions, 
we employ Euclidean distance function defined as 

 

 new new new( , ) ( ) ( )i i i T id = − −x x x x x x  i = 1,..., n (1) 
 
The higher the similarity between xi and xnew, the smaller 

the value of id . In this paper, Gaussian weighting function 
is used to assign weights as follows: 
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where h is a bandwidth parameter of the weighting 
function. As the value of di becomes smaller, Kh assigns 
more weight to xi. In standard AAKR, estimated vector 
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2.2 Determining the bandwidth parameter using k-
fold cross validation 

 
In AAKR, multivariate regression performance depends 

highly on the selection of the bandwidth parameter [17]. If 
the value of h is too small, we obtain rough estimation 
results, because few data vectors participate in estimating 
query vectors (i.e., high variance and low bias). On the 
other hand, if the value is too high, we get smooth results, 
since too many data vectors take part in the weighted 
average (i.e., low variance and high bias). 

In this paper, as presented in Table 1, k-fold cross 
validation technique [22] is employed to determine the 
proper bandwidth parameter. 

 
2.3 Bagged AAKR 

 
In bootstrap resampling, applying n sampling with 

replacement to the training dataset D, n resampled data 
vectors are obtained, where each data vector has the 
same probability of being sampled. A bootstrap sample is 
composed of only unique data vectors among the n 
resampled vectors. After B repetitions of the same 
processes, we can obtain B bootstrap samples. In bagged 
AAKR, as presented in Table 2, an estimate of a query 
vector is calculated. Ensemble averaging of the B estimates 
reduces the variance of individual estimates; thus, bagged 
AAKR is more robust to the effects of noise and over-
fitting. 

 
 
3. Bagged Auto-associative Kernel Regression 
 
In the proposed method, query vectors are estimated by 

bagged AAKR, and residual vectors between the actual and 
estimated query vectors are calculated. Then, SPEs of the 

residual vectors and their EMA values are computed. If 
an EMA value is greater than or equal to a predefined 
threshold value at time k, the corresponding sample is 
determined to be a fault sample. When fault samples are 
consistently detected, contribution analysis should be 
performed to identify original variables that are the 
underlying causes of the faults. 

 
3.1 Detection index: SPE and its EMA 

 
To measure the magnitude of residual vector enew(k) (= 

xnew(k)− newˆ ( )kx ) between actual query vector xnew(k) and 
its estimated vector newˆ ( )kx at time k, SPE is defined as 
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When a target system is under normal operating 

conditions, the magnitude of SPE(k) is small; however, 
the magnitude starts to increase markedly if a fault has 
occurred. To carry out fault detection, a threshold value 
(also called as confidence limit) of SPE, SPEα (where α is 
significance level), should be determined in advance. 

In fault detections using SPE defined by Eq. (4), it is 
assumed that present and past residual vectors are 
independent of each other; therefore, false alarm rate may 
increase because the detections are performed without 
considering the historical trends of target systems. In this 
paper, EMA is used to capture the trends of SPE(k), and the 
EMA value at time k, ( )SPE k , is recursively calculated by 
[16] 

 
 ( ) ( ) (1 ) ( 1)SPE k SPE k SPE kλ λ= + − −  for k > 1 (5) 

 
where (1) (1)SPE SPE= , λ is a smoothing factor that is 
commonly calculated as λ = 2/(w+1), and w is window size. 
If the condition ( )SPE k SPEα≥ is satisfied, a fault is 
declared and an alarm signal is generated. 

Table 1. Determining the proper bandwidth parameter h

Input: training dataset D = {x1,..., xn} 
Divide D into k mutually exclusive subsets D1,..., Dk, 
where 1 kD D D= ∪ ∪  
hmin, hmax, Δh ← minimum, maximum and increment values of h 
for p from 1 to 1+(hmax−hmin)/Δh 

h ← hmin + Δh(p−1) 
for q from 1 to k 

D' ← D\Dq 
Estimate query vectors xi∈ Dq, i = 1,..., |Dq| using data vectors in 
D' by AAKR 

MSPE(p, q) ← ( ) ( )
1

1 ˆ ˆ
qD

Ti i i i

iqD =

− −∑ x x x x  

end 

MSPE(p) ←
1

1 ( , )
k

q
MSPE p q

k =
∑  

end 
p* ← arg min ( )

p
MSPE p  

return h* = hmin + Δh(p*−1) 
 

Table 2. Bagged AAKR 
Input: Training dataset D and test dataset Dnew 
B ← the number of bootstrap samples 
h ← bandwidth parameter determined by k-fold cross validation 
Generate B bootstrap samples Db, b = 1,..., B, using bootstrap 
resampling 
for l from 1 to |Dnew| 

for b from 1 to B 
Calculate the distance function values between data vectors 
xi

bD∈ , i = 1,..., |Db|, and lth query vector new new
l D∈x  

Generate weights according to the distance function values 
Obtain lth estimated vector newˆ ( )l bx  

end 

newˆ lx ← new1

1 ˆ ( )B l
b

b
B =∑ x new

lx   

end 
return Estimated query vectors { new

lx , l = 1,..., |Dnew|} 
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Table 3. Calculating residual vectors for training dataset D 

Input: Training dataset D = {x1,..., xn} 
h ← bandwidth parameter determined by k-fold cross validation 
for i from 1 to n 

D' ← D\{xi} 
Calculate the distance function values ( , )j j id x x , j = {1,..., n}\{i} 
between data vectors in D' and xi 
Generate weights ( )j

hK d , j = {1,..., n}\{i} of each data vector 

Obtain ith estimated vector ˆ ix  
Calculate residual vectors ei = xi− ˆ ix = 1[ ,..., ]i i T

me e  
end 
return {e1,..., en} 

 
3.2 Threshold value setting using kernel density 

estimation 
 
To determine threshold value SPEα, residual vectors of 

training data vectors in D should be obtained. In this 
paper, as presented in Table 3, the residual vectors for D 
are calculated using leave-one-out method [22], a special 
case of k-fold cross validation. In Table 3, each training data 
vector xi participates in n−1 local modeling procedures 
and is regarded as a query vector once. Obtaining SPE 
values || e1 ||2, ..., || en ||2 from the residual vectors ei = 

1[ ,..., ]i i T
me e , one can determine confidence limits of SPE 

and each component of the residual vectors using KDE. 
Since the SPE values are exactly positive, only upper 
confidence limit SPEα is set up. The m components ej (j = 
1,..., m) have both positive and negative values; upper and 
lower limits of m components eα/2 = [e1,α/2, ..., em,α/2]T and 
e1−α/2 = [e1,1−α/2, ..., em,1−α/2]T should be decided. The upper 
and lower limits, eα/2 and e1−α/2, are used to identify original 
variables related to fault occurrences. 

As will be explained in Section 6, although the degrees 
vary, residual values ej do not precisely follow normal 
distribution; the right and left tails of residual values break 
normality substantially. In this case, threshold values 
derived from the assumption of approximate normality 
degrade the performance of fault detection systems. In this 
paper, non-parametric KDE [8] is used to define the 
confidence limits of the SPE and residual values. 

Probability density function (PDF) and cumulative 
distribution function (CDF) of univariate random variable 
X are estimated by KDE as 
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where K is a kernel function, h is a smoothing parameter, n 
is the number of realizations of X, and ( ) ( )tW t K u du−∞= ∫ . 
The estimator ĥf is a sum of ‘bumps’ located at the 
observations and their shape is determined by kernel 
functions [8]. In this paper, to estimate CDFs by KDE, 

we use the ‘ksdensity’ MATLAB function built into the 
Statistic and Machine Learning Toolbox. More details 
regarding kernel density estimation and determining its 
smoothing parameter are available elsewhere [25, 26]. 

Applying the KDE method to the residual and SPE 
values from the entire training data vectors, we can 
estimate their CDFs as described in Eq. (7). The SPE 
value where the estimated CDF value is equal to 1−α is 
set as confidence limit SPEα. Similarly, the residual values 
where estimated CDF values are equal to 1−α/2 and α/2 are 
decided as upper and lower limits, respectively. 

 
3.3 Contribution analysis 

 
In the fault detection steps, occasional alarms without 

consistency can be ignored and treated as false alarms. 
However, for the time intervals steadily satisfying the 
condition ( )SPE k SPEα≥ , contribution analysis should be 
carried out to investigate fault variables. Contribution 
vector ecnt(k) for SPE(k) at time k is equivalent to the 
residual vector explained in subsection 3.1: 

 
 cnt new new 1,cnt ,cntˆ( ) ( ) ( ) [ ( ),..., ( )]T

mk k k e k e k= − =e x x  (8) 
 
For the time intervals where alarm signals are generated 

intensively and continually, one can identify relevant fault 
variables by observing whether each component of ecnt(k) 
deviates from the lower and upper limits, i.e., ej,cnt(k) ≥ ej,α/2 
or ej,cnt(k) ≤ ej,1−α/2. Instead of individual vectors ecnt(k), one 
can also utilize mean vector cnt 1,cnt ,cnt[ ,..., ]T

me e=e for each 
time interval. 

 
 

4. Overview of the Proposed Fault Detection and 
Identification Approach 

 
Fig. 1 summarizes the proposed bagged AAKR-based 

FDI procedure. The procedures described in Fig. 1 are 
classified into training and test phases. As explained in 
subsection 2.2, the first step of the training phase is to 

Training dataset
D = {x1,..., xn}

Determine bandwidth parameter
using k-fold cross validation

Calculate residual vectors {e1,..., en}
of D by leave-one-out

Calculate SPEs ||e1||2,..., ||en||2

Determine confidence limits
SPEα, eα/2 and e1−α/2

Estimate a new query vector
using bagged AAKR

Calculate residual vector enew(k)

Calculate SPE(k) = ||enew(k)||2 and
its EMA

Perform contribution analysis
using eα/2 and e1−α/2

Yes

No
( )SPE k SPEα≥

Fig. 1. Proposed bagged AAKR-based fault detection and 
identification procedure 



Bagged Auto-Associative Kernel Regression-Based Fault Detection and Identification Approach for Steam Boilers in Thermal Power Plants 

 1410 │ J Electr Eng Technol.2017; 12(4): 1406-1416 

determine the bandwidth parameter for AAKR. Sub-
sequently, residual vectors and their SPE values for 
training dataset D are calculated with the leave-one-out 
method. Finally, as described in subsection 3.2, confidence 
limits for SPE and residual values are predefined using the 
KDE method. 

In the test phase, a new query vector at time k is 
estimated by bagged AAKR, and SPE is calculated. If the 
EMA value at time k is greater than or equal to confidence 
limit SPEα, a fault is declared and alarm signal is generated. 
To confirm fault variables, as described in subsection 3.3, 
contribution analysis is applied to the time interval with 
successive alarms. 

 
 

5. Description of the Target System: A Coal-fired 
Thermal Power Plant 

 
In coal-fired TPPs, the steam transformed from feedwater 

by thermal energy from combustion of bituminous coal 
drives steam turbines to generate electricity. Fig. 2 shows a 
simplified schematic of a drum-type steam boiler in the 
target plant. The boiler raises steam by boiling feedwater 
using thermal energy converted from fossil fuel; the boiler 
follows the Rankine cycle, a practical implementation of 
the ideal Carnot cycle [27]. As an important working 
fluid for rotating the turbines and generators, steam can 
be obtained from inexpensive and abundant water, does not 
react strongly with materials in TPPs, and is stable at the 
operating range of temperatures in TPPs [28]. 

After being preheated by extraction steam from the 
turbines at feedwater heaters, the feedwater is supplied to 
the economizer. The feedwater, heated again by flue gas 
at the economizer, flows into the drum. The feedwater 
and saturated water in the drum are fed into the evaporator 
through a downcomer. The evaporator raises saturated 
steam by absorbing radiant heat of the furnace. The 
saturated water and steam are separated at the drum. The 
superheater converts the main steam from the drum into 
high-purity superheated steam supplied to the high pressure 
turbine. Working in the high-pressure turbine, the main 

steam is reheated by reheater and provided to the 
intermediate pressure turbine. The main steam that exits 
from the low-pressure turbine is condensed into condensate 
water. After being boosted by pumps and preheated by 
feedwater heaters, the water is fed into the boiler again. For 
more details regarding TPPs, refer to the books of Sarkar 
[29] and Basu and Debnath [30]. 

 
 

6. Experimental Results 
 
In this section, we present the experimental results from 

applying the proposed and comparison methods to failure 
data due to water wall tube leakage. The aim of the 
proposed method is to detect failure symptoms in time, and 
prevent unplanned shutdowns caused by system failure. 

 
6.1 Data preparation 

 
The failure data are composed of 4273 training and 1054 

test samples; each sample was recorded in five-minute 
intervals. Table 4 lists 12 monitored variables selected by 
domain experts to detect water wall tube leakage. The 
training dataset consists of historical data collected from 
target systems under normal conditions; outliers that 
deviate from normal operational ranges should be removed. 
Before the training phase, each monitored variable should 
be standardized to have zero mean and unit variance. The 
standardization prevents less important variables with large 
ranges from obscuring those of more important variables 
with small ranges. Test samples are also standardized; 
mean and variance values for the standardization should be 
obtained from training samples. 

 
6.2 Results of the training phase 

 
After the standardization, as explained in Table 1, the 

proper bandwidth parameter in AAKR should be selected 
by k-fold cross validation. The number of folds k is set at 
10 (i.e., 10-fold cross validation) and the minimum, 
maximum, and increment values of h (hmin, hmax and Δh) 
are set as 0.01, 2 and 0.001, respectively. Fig. 3 shows the  
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Fig. 2. Simplified schematic of a drum-type steam boiler in 

the target plant 

Table 4. Summary of monitored variables 

Notation Description Unit 
x1 Generator output MW 
x2 Steam flow t/h 
x3 Main steam pressure kg/cm2 
x4 Main steam temperature oC 
x5 Reheater pressure kg/cm2 
x6 Reheater temperature oC 
x7 Furnace pressure kg/cm2 
x8 Drum level m 
x9 Condenser make-up flow t/h 
x10 Feedwater flow t/h 
x11 Conductivity of condenser A μmho 
x12 Conductivity of condenser B μmho 
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results of selecting the proper bandwidth parameter h. As 
shown in Fig. 3, MSPE values drop sharply in the section 
with very small values of h; the MSPE decreases slowly 
when 0.07 ≤ h ≤ 0.539. The value of h with minimum 
MSPE is 0.539, and the MSPE values start to increase 
again when h ≥ 0.539. 

Selecting the bandwidth parameter h, as presented in 
Table 3, residual vectors for the training dataset are 
obtained, and their SPE values are also calculated. CDFs of 
residual and SPE values are estimated by the KDE method. 
Fig. 4 shows histogram, normal probability plot, and 
empirical and estimated CDFs corresponding to the first 
components of the residual vectors (i.e., 1

ie , i = 1,..., 4273). 
The results for other residual values (i.e., e2,..., e12) are 
omitted due to space constraints. As shown in Fig. 4 (a), 
the residual values are symmetrically distributed and 
centered around zero. The normal probability plot is a way 
to visually check the normality of the target samples. If the 
residuals follow normal distribution, data points indicated 
by ‘+’ are close to the dash-dot red line. As illustrated in 
Fig. 4(b), the residual deviates from normal distribution 
significantly when e1 ≥ 0.7 or e1 ≤ −0.6. In Fig. 4(c), 
empirical and estimated CDFs are indicated by blue and 
dashed red lines, respectively; the empirical and estimated 
CDFs are fairly similar. Fig. 5 shows histogram and 

Table 5. Confidence limits of residuals ej (j = 1,..., 12) and 
SPE, and the ratio of training samples that exceed 
the limits 

Statistics Upper limit Lower limit Ratio (%) 
SPE 2.6957 - 4.91 
e1 0.5341 −0.6059 4.84 
e2 0.5078 −0.5022 4.66 
e3 0.7102 −0.6298 4.84 
e4 0.4135 −0.4465 4.75 
e5 0.6037 −0.6163 4.61 
e6 0.4135 −0.4465 4.75 
e7 0.7166 −0.7134 4.84 
e8 0.7174 −0.7226 4.63 
e9 0.6759 −0.5141 4.59 
e10 0.6123 −0.5677 4.59 
e11 0.4416 −0.4884 4.52 
e12 0.4746 −0.4954 4.66 

 
(a)                      (b) 

Fig. 5. For SPE values calculated from the training dataset: 
(a) histogram, (b) empirical CDF vs. estimated CDF

0.539

 
Fig. 3. Results of bandwidth parameter selection 

 
(a) 

 
(b) 

 
(c) 

Fig. 4. For the first components of residual vectors (i.e., 1
ie , 

i = 1,..., 4273): (a) histogram, (b) normal probability
plot, (c) empirical CDF vs. estimated CDF 
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empirical and estimated CDFs of SPE values obtained 
from the training dataset. The SPE has only positive values, 
and the estimated CDF is extremely close to the empirical 
CDF. 

After estimating CDFs of the residuals (i.e., e1,..., e12) 
and SPE, we can define confidence limits corresponding to 
significance level α; α is set at 0.05. Table 5 lists the 
confidence limits of the residuals and SPE, and the ratio of 
training samples that exceed the limits. The proportion of 
training samples where SPEs are greater than or equal to 
SPEα is 4.91%, almost the same as α = 0.05. In addition, in 
the case of residuals, the percentages of training samples 
that deviate from upper or lower limits are similar to the 
significance level. 

 

 
(a) 

 
(b) 

Fig. 6. Results of fault detection using bagged AAKR: (a) 
SPE and EMA; (b) alarm signals without EMA; (c) 
alarm signal with EMA 

6.3 Results of fault detection 
 
In this subsection, we present the fault detection results 

for the proposed and comparison methods. In the proposed 
method, after estimating query vectors sequentially, EMA 
values of SPEs are calculated. The EMA values are lower 
than (and greater than or equal to) confidence limit SPEα 
when the test samples are normal (and abnormal), 
respectively. Fig. 6 shows the calculated SPE and its EMA 
for test samples, and alarm signals without and with using 
EMA. The unplanned shutdown time due to water wall 
tube leakage is indicated by vertical solid-dashed red lines. 
In Fig. 6 (a), SPE and its confidence limit are denoted by a 
black line and a horizontal dashed red line, respectively, 
and the solid purple line represents the EMA of SPE with 
its window size set to 12 (i.e., the 12 most recent SPEs 
from the past to the present are considered for computing 
the present EMA value). As shown in Fig. 6, alarm signals 
are intensively generated approximately 12 hours before 
the unscheduled shutdown. Compared with Fig. 6(b), 
numerous implausible false alarms are removed in Fig. 6 
(c); the main reason is that the trend of the target system 
can be considered by EMA. 

Table 6 lists false alarm and miss detection rates of the 
proposed and comparison methods. In the clustering-based 
method [16], k-means algorithm is applied and fault score, 
assigned to test samples according to the distances between 
the samples and their closest cluster centroids, is used. In 
the PCA [9], the number of retained principal components 
is determined by cumulative percent variance, and T2 and 
Q statistics are employed. In the comparison methods, 
EMA values of the statistics are also calculated for fault 
detection; experiments are carried out with several 
different values for the window size. In Table 6, the results 
in which EMA is not used are presented in the column w = 
1. False alarm rate (i.e., type I error) is the ratio of the 
samples in the normal region detected as abnormal. Miss 
detection rate (i.e., type II error) is the proportion of the 
samples in the abnormal region that are determined as 
normal. In the fault detection systems, if the false alarm 
rate increases, it causes confusion for operators; on the 
other hand, if the miss detection rate rises, system failures 
may not be prevented because fault occurrences cannot be 
detected in a timely manner. 

Table 6. False alarm rate (type I error) and miss detection rate (type II error) of the proposed and comparison methods. 
(Lower is better.) 

PCA Clustering-based method 
T2 Q 

Bagged AAKR Window size, w 
Type I Type II Type I Type II Type I Type II Type I Type II 

1 0.0912 0.3472 0.1121 0.3194 0.0835 0.3681 0.0978 0.2153 
3 0.0582 0.3194 0.0912 0.3056 0.0473 0.3056 0.0934 0.1944 
6 0.0418 0.3403 0.0648 0.3056 0.0297 0.2778 0.0791 0.1597 
9 0.0264 0.3611 0.0571 0.2847 0.0231 0.2639 0.0681 0.1458 

12 0.0209 0.3681 0.0516 0.2639 0.0187 0.2708 0.0560 0.1458 
18 0.0066 0.3750 0.0308 0.2708 0.0121 0.2708 0.0484 0.1736 
24 0.0011 0.3819 0.0198 0.2847 0.0088 0.2778 0.0352 0.1736 
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In the proposed and comparison methods, as the window 
size increases, type I errors decrease; type II errors 
decrease, then increase again. In other words, if the 
window size is too large, faults cannot be detected properly. 
In safety-critical processes, such as TPPs, it is appropriate 
for fault detection systems to have a low miss detection 
rate to avoid unplanned shutdowns that lead to severe 
losses, with a slightly higher false alarm rate. In the 
clustering-based method, the lowest type II error is 
achieved when w = 3; the type I error is 0.0582, similar 
to α = 0.05. PCA with T2 statistic shows the best fault 
detection performance when w = 12; the type I error is 
0.0516 (very close to α). With the Q statistic, when w = 9, 
the type II error is the lowest, and the type I error is about 
half the significance level. The proposed method achieves 
the best fault detection performance at w = 12, and the type 
I error is close to α. 

In each method, the entries corresponding to the window 
size that obtains the best type II error are indicated in 
boldface. When only the bold entries are taken into account, 
the proposed method improves the type I error slightly, and 
the type II error by 54.4%, compared with the clustering-
based method. Although the proposed method shows a 
slightly higher type I error, the improvement for type II 
error is 44.8%, compared with the PCA. Considering the 
significance level is set to 0.05, the type I error (i.e., 
0.0560) of the proposed method can be acceptable. In 
summary, Table 6 demonstrates that the proposed method 
exhibits superior fault detection performance with a 
reasonable type I error, compared with comparison methods. 
6.4 Results of contribution analysis 

 
In this subsection, the results of contribution analysis are 

closely examined. Let us look more carefully into the 
results for the normal region. Fig. 7 shows the results of 
contribution analysis for the interval k = 700 to 750 in Fig. 
6. Contribution values of monitored variables ej,cnt(k) (j = 
1,..., 12) are indicated by dots, and the upper and lower 
limits ej,α/2 and ej,1−α/2 (j = 1,..., m) estimated by KDE are 
represented by dash-dot red lines. As shown in Fig. 7, 
almost all contribution values in the normal region do not 

deviate from upper and lower limits. 
Next, we present the results of contribution analysis 

for the abnormal region. Fig. 8 shows individual and 
average contribution values for the time intervals k = 951 
to 1000 and k = 1001 to 1054. As shown in Fig. 8 (a), for 
the interval k=951 to 1000, most individual contributions 
of the 9th and 10th monitored variables exceed the upper 
limits, and all individual contributions of the 11th 
variable deviate from the lower limit. When the actual 

(a)

 
(b)

 
(c)

 
(d)

 
Fig. 8. In Fig. 6: (a) individual contributions (k = 951 to 

1000). (b) average contributions (k = 951 to 1000), 
(c) individual contributions (k = 1001 to 1054), (d) 
average contributions (k = 1001 to 1054) 

 
Fig. 7. Results of contribution analysis for the time interval 

k = 700 to 750 in Fig. 6. 
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values are unusually higher (or lower) than those estimated, 
individual contributions are higher (or lower) than upper 
(or lower) limits. In Fig. 8 (b), average contributions of 9th, 
10th, and 11th monitored variables exceed confidence 
limits. In Figs. 8 (c) and (d), contribution values of the 
12th as well as the 9th, 10th, and 11th monitored 
variables deviate from confidence limits. The results of 
contribution analysis presented in Fig. 8 enable to identify 
contributions of the monitored variables for fault regions, 
and help operators to confirm the types of faults and 
promptly take preventive actions. 

Fig. 9 shows residuals and their EMA values (where w 
=12) of the 9th and 10th monitored variables for the test 
samples. The upper and lower limits are indicated by 
horizontal dashed red lines. As described in Fig. 9, as 
failure symptoms, the enormous amount of condenser make-
up and feedwater flows start to increase approximately 12 
hours immediately before the unscheduled shutdown. 

 
 

7. Conclusion 
 
In this paper, we proposed a bagged AAKR-based FDI 

method for steam boilers in TPPs. Compared with global 
modeling techniques where global models are constructed 
from entire training dataset, AAKR estimates query vectors 
by implementing local models online; AAKR is suitable 
for target processes operating in multiple modes. In the 
bagging method combined with AAKR, ensemble averages 

of B output vectors from B bootstrap samples were used 
as final output vectors; more robust estimations can be 
achieved by reducing the variations of individuals. To 
validate performance, the proposed and comparison 
methods were applied to failure data due to water wall tube 
leakage, which were collected from a 250 MW coal-fired 
TPP. The proposed method provided an acceptable false 
alarm rate similar to significance level and, at the same 
time, exhibited fault detection performance superior to the 
comparison methods. Furthermore, it was also possible to 
efficiently identify fault variables via contribution analysis 
for the fault region. The results of contribution analysis can 
help operators to recognize fault types and take corrective 
measures. 
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