
 

 
 

  
Abstract—Present study addresses the monitoring of drum 

boiler process. Methodologies; based on clustering time series 
data and moving window based pattern matching have been 
proposed for the detection of fault in the chosen process. Design 
databases were created for the process by simulating the 
developed process model.  A modified k-means clustering 
algorithm using similarity measure as a convergence criterion 
has been adopted for discriminating among time series data 
pertaining to various operating conditions. The proposed 
distance and PCA based combined similarity  along with the 
moving window approach were used to discriminate among the 
normal operating conditions as well as detection of faults for the 
processes taken up. 
 

Index Terms—Drum boiler, k-means clustering, Moving 
window, PCA, Pattern matching. 
 

I. INTRODUCTION 
 Monitoring a chemical process is a challenging task 

because of their multivariate and highly correlated nature. 
The data based approaches; supervised learning; 
unsupervised learning and multivariate statistical techniques 
rather than the model based approaches are convenient for 
process monitoring. New methodologies; based on clustering 
time series data and moving window based pattern matching 
have been proposed for detection of normal as well as faulty 
conditions in the process. Data collection has become a 
mature technology over the years but the interpretation of 
process historical database has become an active area of 
research [1-3]. A modified k-means clustering algorithm 
using similarity measures as a convergence criterion has been 
used for clustering datasets pertaining to different operating 
conditions including faulty one. At a given time period of 
interest; for a multivariate time series data or template data, a 
similar pattern can be located in the historical database using 
the proposed pattern matching algorithm. Both the pattern 
matching and clustering time series data are useful for 
successful monitoring of the process including fault detection 
and its analysis. 

Drum boiler is crucial benchmark process in view of 
modeling and control system design. This process was 
addressed by Gordon Pellegrinetti & Joseph Bentsman 
(1996), K. J. Astrom & R. D. Bell (2000), Wen Tan et al 
(2002), and K. Jawahar & N. Pappa (2005) [1-4] regarding 
modeling and control aspects. In the present work 
drum-boiler process has been monitored using similarity 
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measures. The model has been derived using first principles 
and is characterized by few physical parameters. The 
parameters used in the model are those from a Swedish 
Power Plant. The values of all the parameters used were 
adapted from the work of K. J. Astrom & R. D. Bell. Sixteen 
(16) numbers of datasets belonging to four operating 
conditions including an abnormal operating condition were 
generated to evaluate the performance of the proposed 
techniques. 
 

II. SIMILARITY FACTORS 

A. PCA Similarity 
Principal component analysis is multivariable statistical 

technique to reduce the dimensionality of the large datasets 
by transforming set of original correlated variables into a new 
set of uncorrelated variables. These new uncorrelated 
variables capture the maximum variance in the dataset and 
are linear combinations of the original variables. PCA was 
successfully applied by Kourti & MacGregor (1996) and 
Martin & Morris (1996) to cluster multivariate time series 
data [5 & 6]. Krzanowski (1979) developed PCA similarity 
factor by choosing largest k principal components of each 
multivariate time series dataset that describe at least 95 % of 
variance in the each dataset [7]. These principal components 
are Eigen vectors of the covariance matrix. The PCA 
similarity factor between two datasets is defined by equation 
(1). 
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where k is the number of selected principal components in 
both datasets, ijθ  is the angle between the thi  principal 
component of 1X  and jth principal component of 2X . When 
first two principal components explain 95% of variance in the 
datasets, PCAS may not capture the degree of similarity 
between two datasets because it weights all PCs equally. 
Obviously PCAS  has to modify to weight each PC by its 

explained variance. The modified λ
PCAS  is defined as 
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where )2()1( , ii λλ are the eigen values of the first and second 
datasets respectively.  
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B. Distance Similarity 
In addition to above similarity measure, distance similarity 

factor can be used to cluster multivariate time series data. 
Distance similarity factor compares two datasets that may 
have similar spatial orientation. The process variables 
pertaining to different operating conditions may have similar 
principal components. 

The distance similarity factor is defined as 

dze
2
11[2dze

2
12S 2

z
2
z

dist

22

∫∫
φ

∞−

−
∞

φ

−

π
−×=

π
×=        (3) 

where T
12

1*
112 )XX()XX( −−=φ −∑ ,  &  are sample 

means row vectors. 

1∑ is the covariance matrix for dataset 1X  and 
1*

1
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pseudo inverse of 1X . Dataset 1X  is assumed to be a 
reference dataset. In equation (3), a one side Gaussian 
distribution is used because . The error function can be 
calculated by using any software or standard error function 

tables. The integration in equation (3) normalizes distS  
between zero and one. 

C. Combined Similarity Factor 

The combined similarity factor (SF) combines 
λ
PCAS and 

distS  using weighted average of the two quantities and used 
for clustering of multivariate time series data.. The combined 
similarity is defined as 

dist2PCA1 SSSF α+α= λ
                            (4) 

The selection of 1α and 2α  is up to the user but ensure that 
the sum of them is equal to one. In this work we selected the 

values of 1α  & 2α are 0.67 and 0.33. 

D. K-means Clustering Using Similarity Factors 
The time series data pertaining to various operating 

conditions were discriminated and classified using the 
following similarity based K-means algorithm. 

Given: Q datasets,
{ }Qq xxxx ....,..., 21  to be clustered into k 

clusters : 
1. Let thj dataset in the thi  cluster be defined as j

ix . 
Computation of the aggregate dataset ),....2,1( kiX i = , for 
each of the k clusters as, 
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where iQ  is the number of datasets in the database. Note that
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2. Calculation of the dissimilarity between dataset qx  and 

each of the k aggregate datasets k.....2,1i,X i =  as, 

qiqi SFd ,, 1−=                            (6) 

where qiSF ,  is similarity between thq  dataset and thi  cluster 

described by equation 4. Let the aggregate dataset iX  in 
equation 6 be the reference dataset. Dataset qx  is assigned to 

the cluster to which it is least dissimilar. Repetition of the 
aforesaid steps for Q numbers of datasets. 

E. Clustering Performance Evaluation 
Some key definitions were introduced by Singhal &. 

Seborg (2005) to evaluate the performance of the clusters 
obtained using similarity factors [8]. Assuming the number of 

operating conditions is opN  and the number of datasets for 

operating condition j  in the database is DBjN . Cluster purity 
is defined to characterize each cluster in terms of how many 
numbers of datasets for a particular operating condition 

present in the 
thi  cluster. 

Cluster purity is defined as, 
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where ijN  is the number of datasets of operating condition j  

in the thi  cluster and piN  is the number of datasets in the thi  
cluster. 

Cluster efficiency measures the extent to which an 
operating condition is distributed in different clusters. This 
method is to penalize the large values of K  when operating 
condition j  distributed into different clusters. Clustering 
efficiency is defined as, 
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where DBjN  is the number of datasets for operating condition 
j  in the database. Large number of datasets of operating 

condition present in a cluster can be considered as dominant 
operating condition.  
 

III. MOVING WINDOW BASED PATTERN MATCHING 
In this approach, the snapshot or template data with 

unknown start and end time of operating condition moves 
through historical data in a sample wise or dataset wise 
manner and the similarity between them is characterized by 
distance and PCA based combined similarity factor [9-11]. 
The historical data windows with the largest values of 
similarity factors are collected in a candidate pool and are 
called records to be analyzed by the process Engineer. For the 
present work, the historical data window moved one 
observation at a time, with each old observation is getting 
replaced by new one (sample wise manner). Pool accuracy, 
Pattern matching efficiency and overall effectiveness of 
pattern matching are important metrics that quantify the 
performance of the proposed pattern matching algorithm. 
The proposed pattern matching technique is consisting three 
steps which are follow as: 

1. Specification of the snapshot (variables and time 
period) 

2. Comparison between snapshot and periods of 
historical windows using moving window 

3. Collection of historical windows with the largest 
values of similarity factors 

2x 1x
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PN : The size of the candidate pool.  PN  is the number of 
historical data windows that have been labeled ‘‘similar’’ to 
the snapshot data by a pattern matching technique. The data 
windows collected in the candidate pool are called records. 

1N = number of records in the candidate pool that are exactly 
similar to the current snapshot data, i.e. having a similarity of 
1.0/or number of correctly identified record. 

2N = number of records in the candidate pool that are not 
correctly identified. 

21P NNN +=  

DBN : The total number of historical data windows that are 
actually similar to the current snapshot. In general, 

PDB NN ≠  

Pool accuracy= %100)N
N(

P
1 ×   

Pattern matching efficiency= %100)]N
)NN((1[

DB
1P ×−−  

Pattern matching algorithm efficiency = %100)N
N(

DB
P ×  

A large value of Pool accuracy is important in case of 
detection of small number of specific previous situations 
from a small pool of records without evaluating incorrectly 
identified records. A large value of Pattern matching 
efficiency is required in case of detection of all of the specific 
previous situations from a large pool of records. The 
proposed method is completely data driven and unsupervised; 
no process models or training data are required.  The user 
should specify only the relevant measured variables. 

 

IV. DRUM BOILER 

A. The Brief Introduction of Boiler System 
The utility boilers in the thermal/nuclear power plants are 

water tube drum boilers. This type of boiler usually 
comprises two separate systems. One of them is the 
steam–water system, which is also called the water side of the 
boiler.  In this system preheated water from the economizer is 
fed into the steam drum, and then flows through the 
down-comers into the mud drum. 

The diagram depicted in Fig. 1 shows the drum that holds 
water at saturation or near saturation condition and denser 
water flows through the down-comer into lower header by 
force of gravity. After being heated up further, it returns to 
the drum through the riser. Between lower and upper header, 
are stretch of tubes that constitute water walls and receive 
radiant heat from furnace. Water walls permit use of high 
temperature of furnaces and combustion rates. A part of 
water in these tubes and risers evaporates, with the result that 
the fluid in the riser is composed of a mixer of water and 
steam. The difference in density of water in the riser and 
down-comer provides the necessary motive force to set up 
circulation of water in the boiler system. 

Boiler is a reservoir of energy. Amount of energy stored in 
each part is a complicated function of temperature and 
pressure. The model can now be developed in detail, 
expressing stored energy, input power and output power as 
function of control variables and sate variables. Global mass 
and energy balances capture much of the behavior of the 
system.  

 
Fig. 1 Drum-boiler process 

B. Modeling 
Assumptions: 
• The fundamental modeling simplification is that the two 
phases of the water inside the system are everywhere in 
saturated thermodynamic state. 
• There is an instantaneous and uniform thermal equilibrium 
between water and metal everywhere. 
• The energy stored in the steam and water is released or 
absorbed very rapidly when pressure changes. This is the key 
for understanding boiler dynamics. The rapid release of 
energy ensures that different parts of the boiler change their 
temperature in the same way. 
• Steady state metal temperature is close to saturation 
temperature and the temperature differences are small 
dynamically. 

Global mass and energy balance equations: 
The inputs to the system are chosen to be 

• Heat flow rate to the risers, ܳ 
• Feedwater mass flow rate, ݍ௙ 
• Steam flow rate, ݍ௦ 
      The outputs from the system are chosen to be: 
• Drum level, ܮ 
• Drum pressure, ܲ 

A key feature of drum boiler is that there is an efficient 
energy and mass transfer between all parts that are in contact 
with steam. The mechanism responsible for heat transfer is 
boiling and condensation.  
Global mass balance: ௗሾఘೞ௏ೞ೟ାఘೢ௏ೢ ೟ሿௗ௧ ൌ ௙ݍ െ  ௦                  (9)ݍ
Global Energy balance: ௗൣఘೞ௏ೞ೟௛ೞାఘೢ௏ೢ ೟௛ೢି௉௏೟ା௠೟௖೛௧೘൧ௗ௧ ൌ ܳ ൅ ௙݄௙ݍ െ  ௦݄௦ݍ

                                            
(10) 

Total Volume of Drum, Down-comer and Risers: ௧ܸ ൌ ௦ܸ௧ ൅ ௪ܸ௧                               (11) 
where  ߩ௦  and ߩ௪  represent the densities of steam and water 
respectively, ݄௦ and ݄௪ represent the enthalpies of steam and water per 
unit mass, ௦ܸ௧ and ௪ܸ௧  represent the total steam and water volume in 
the system, ௧ܸ, is the total volume of the drum, ݉௧, is the total metal mass, ݐ௠, is the metal temperature 
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A simple drum boiler model is obtained by combining 
equations (9), (10) and (11) with saturated steam tables. 
Mathematically the model is a differential algebraic system. 

C. Proposed Second Order Boiler Model 
To have a better insight into the key physical mechanism 

that affect the dynamic behavior of the system the state 
variable approach is considered. Drum pressure, P is chosen 
as a key state variable, since it is the most globally uniform 
variable in the system and is also easily measurable. The 
variables ρୱ, ρ୵, hୱ, h୵ are expressed as function of steam 
pressure using the steam table. The second state variable is 
chosen to be the total volume of water in the system i.e. V୵୲. 

Using equation (11), Vୱ୲ is eliminated from equations (9) 
and (10). 

The state equations then take the following form: ݁ଵଵ ௗ௏ೢ ೟ௗ௧ ൅ ݁ଵଶ ௗ௉ௗ௧ ൌ ௙ݍ െ ௦ ݁ଶଵݍ ௗ௏ೢ ೟ௗ௧ ൅ ݁ଶଶ ௗ௉ௗ௧ ൌ ܳ ൅ ௙݄௙ݍ െ  ௦݄௦              (12)ݍ

where  ݁ଵଵ ൌ ௪ߩ െ ௦ ݁ଵଶߩ ൌ ௦ܸ௧ ௦߲ܲߩ߲  ൅ ௪ܸ௧ ௪߲ܲߩ߲  ݁ଶଵ ൌ ௪݄௪ߩ െ ௦݄௦ ݁ଶଶߩ ൌ ௦ܸ௧ ቀ݄௦ డఘೞడ௉ ൅ ௦ߩ డ௛ೞడ௉ ቁ ൅ ௪ܸ௧ ቀ݄௪ డఘೢడ௉ ൅ ௪ߩ డ௛ೢడ௉ ቁ െ ௧ܸ ൅݉௧ܿ௣ డ௧ೞడ௉                             (13) 
Equations (12) and (13) constitute a state model of the 

second order boiler system. This simplistic model captures 
the gross behavior of the boiler quite well. In particular, it 
describes the response of drum pressure to changes in input 
power, feed-water and steam flow rates reasonably well. But 
the model has a serious deficiency. It doesn’t capture the 
behavior of the drum water level, as the distribution of steam 
and water are not taken into account. The drum level control 
is difficult due to shrink and swells effects. The drum level 
may be defined as the level at which water stands in the boiler. 
The steam level is the space above the water level. 

D. Distribution of Steam in Risers and Drum 
The behavior of drum-level can best described by taking 

into account the distribution of water and steam in the system. 
The distribution of water and steam is considered separately 
for the riser section and the drum. 
Distribution of steam and water in risers 

The steam-water distribution varies along the risers. In the 
riser section water exists in two phases namely the 
liquid-phase i.e. water and the vapor-phase i.e. steam. The 
mass fraction or dryness fraction of a liquid-vapor mixture 
must be defined prior to further discussion. In a liquid-vapor 
mixture, x is known as the quality.  ݔ ൌ ݉௩݉௩ ൅ ݉௟  

where , ݉௩  and ݉௟  are the masses of vapor and liquid 
respectively in the mixture. The value of ݔ varies between 0 
and 1. In order to determine the average density of 
steam-water mixture in the riser, it is necessary to define the 
void fraction. The void fraction ߙ of a two phase mixture is a 
volumetric quantity and is given as: ߙ  =(volume of 
vapor)/(volume of vapor + volume of liquid). 

ߙ :are related by ݔ and ߙ ൌ ଵଵାቀభషೣೣ ቁఝ or ݔ ൌ ଵଵାሺభషೣೣ ሻభക                   (14) 

where, ߮ ൌ ణ೑ణ೒ ݏ ௙ݒ .  and ݒ௚  are the specific volumes of 

saturated liquid and vapor respectively. ݏ is the slip ratio of 
two-phase mixture. The two phases of the mixture do not 
travel at the same speed. Instead there is a slip between them, 
which causes the vapor to move faster than liquid. ݏ is a 
dimensionless number, greater than 1. It is defined as the 
ratio of average vapor velocity to the average liquid velocity, 
at any cross-section of the riser. The slip ratio is neglected in 
the present work, as it doesn’t have a major influence on the 
fit to experiment data. 

The behavior of two-phase flow is complicated and is 
typically modeled by partial differential equations. Keeping a 
finite dimensional model it is assumed that that shape of the 
distribution is known. The assumed shape is based on solving 
the partial differential equations in the steady state. There 
exists a linear distribution of steam-water mass ratio along 
the risers. The ratio varies in the following form: ߙ௠ሺߦሻ ൌ ,ߦ௥ߙ 0 ൑ ߦ ൑ 1                         (15) 
where ߦ is a normalized length coordinate along the risers 
and ߙ௥  is the mass ratio at the riser outlet. The volume and 
mass fractions of steam are related through   ߙ௩ ൌ ݂ሺߙ௠ሻ                                    (16) 
where,                      ݂ሺߙ௠ሻ ൌ ఘೢఈ೘ఘೞାሺఘೢିఘೞሻఈ೘                    (17) 

For modeling the drum-level the total amount of steam in 
the drum is to be obtained. The governing equation is the 
average steam volume fraction in the risers, which is obtained 
by integrating the equation (17) over the limits 0 to 1 can be 
given as: ߙത௩ ൌ ׬ ሻଵ଴ߦ௩ሺߙ ߦ݀ ൌ ଵఈೝ ׬ ݂ሺߙ௥ߦሻଵ଴ ݀ሺߙ௥ߦሻ ൌଵఈೝ ׬ ݂ሺߦሻఈೝ଴ ߦ݀ ൌ ఘೢሺఘೢିఘೞሻ ቀ1 െ ఘೞሺఘೢିఘೞሻఈೝ ln ቀ1 ൅ ఘೢିఘೞఘೞ  ௥ቁቁߙ

                             
(18) 

The partial derivatives of αഥ୴ with respect to drum pressure 
and steam mass fraction are obtained as: డఈഥೡడ௉ ൌ ଵሺఘೢିఘೞሻమ ቀߩ௪ డఘೞడ௉ െ ௦ߩ డఘೢడ௉ ቁ ቀ1 ൅ ఘఘೢೞ ଵଵାఎ െఘೞାఘೢఎఘೞ lnሺ1 ൅ ሻቁ డఈഥೡడఈೝߟ ൌ ఘೢఘೞఎ ቀଵఎ lnሺ1 ൅ ሻߟ െ ଵଵାఎቁ                       (19) 

where ߟ ൌ ఈೝሺఘೢିఘೞሻఘೞ  
The transfer of mass and energy between steam and water 

by condensation and evaporation is a key element in the 
modeling. When modeling the phases separately the transfer 
must be accounted for explicitly, hence the joint balance 
equations for water and steam are written for the riser section. 

Lumped parameter model: 
The global mass balance for the riser section is: ௗሾఘೞఈഥೡ௏ೝାఘೢሺଵିఈഥೡሻ௏ೝሿௗ௧ ൌ ௗ௖ݍ െ ௥ݍ                 (20) 

where, ݍ௥ , is the total mass flow rate out of the risers., ݍௗ௖, is the total mass flow rate into the risers. 
The global energy balance for the riser section is: 
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ௗൣఘೞ௛ೞఈഥೡ௏ೝାఘೢ௛ೢሺଵିఈഥೡሻ௏ೝି௉௏ೝା௠ೝ௖೛௧ೞ൧ௗ௧ ൌ ܳ ൅ݍௗ௖݄௪ െ ሺߙ௥݄௖ ൅ ݄௪ሻݍ௥                 (21) 
Circulation flow: 
In the natural circulation boiler the flow rate is driven by 

density gradients in the risers and down-comers. The flow 
through the down-comer ( qୢୡ ) can be obtained from a 
momentum balance. 

The equation consists of three terms namely the internal 
term, driving force that in this case is the density difference 
and frictional force in the flow through pipes. 

(a) Inertia force:    ሺܮ௥ ൅ ௗ௖ሻܮ ௗ௤೏೎ௗ௧  

(b) Driving force:     ሺߩ௪ െ ത௩ߙ௦ሻߩ ௥ܸ݃ 

(c) Friction force:     
௞௤೏೎మଶఘೢ஺೏೎ 

Combining above three terms momentum balance 
equation is written as following: ሺܮ௥ ൅ ௗ௖ሻܮ ௗ௤೏೎ௗ௧ ൌ ሺߩ௪ െ ത௩ߙ௦ሻߩ ௥ܸ݃ െ ௞௤೏೎మଶఘೢ஺೏೎     (22) 

Equation (29) is a first order system that has a time 
constant as given below: ߬ ൌ ሺ௅ೝା௅೏೎ሻ஺೏೎ఘೢ௞௤೏೎                              (23) 

The steady state relation for the system is given as: ଵଶ ௗ௖ଶݍ݇  ൌ ௪ߩௗ௖ሺܣ௪ߩ െ ത௩ߙ௦ሻߩ ௥ܸ݃            (24) 
Distribution of steam in the drum 
The physical phenomenon in the drum is complicated. 

Steam enters from many riser tubes: feed water enters 
through a complex arrangement, water leaves through the 
down-comer tubes and steam through the steam valve. The 
geometry and flow patterns are complex. Basic mechanisms 
that occur in the drum are separation of water and steam and 
condensation. 

The mass balance for the steam under the liquid level is 
given as: ௗሺఘೞ௏ೞ೏ሻௗ௧ ൌ ௥ݍ௥ߙ െ ௦ௗݍ െ  ௖ௗ                                               (25)ݍ
where, ݍ௖ௗ is the condensation flow, which is given by ݍ௖ௗ ൌ ௛ೢି௛೑௛೎ ௙ݍ ൅ ଵ௛೎ ቀߩ௦ ௦ܸௗ ௗ௛ೞௗ௧ ൅ ௪ߩ ௪ܸௗ ௗ௛ೢௗ௧ െሺ ௦ܸௗ ൅ ௪ܸௗሻ ௗ௉ௗ௧ ൅ ݉ௗܿ௣ ௗ௧ೞௗ௧ ቁ                                                     (26) 

The flow ݍ௦ௗ is driven by density difference of water and 
steam, and the momentum of the flow entering the drum. The 
expression for ݍ௦ௗ is an empirical model and is a good fit to 
the experimental data and is given as: ݍ௦ௗ ൌ ఘೞ்೏ ሺ ௦ܸௗ െ ௦ܸௗ଴ ሻ ൅ ௗ௖ݍ௥ߙ ൅ ௗ௖ݍሺߚ௥ߙ െ  ௥ሻ       (27)ݍ

where, ௦ܸௗ଴ , is the volume of steam in the drum in 
hypothetical situation when there is no condensation of steam 
in the drum and ௗܶ is the residence time of steam in the drum. 
Drum level: 

Having accounted for distribution of steam below 
drum-level, now the drum-level is modeled. The drum level 
is composed of two terms, 
• The total amount of water in the drum, 
• The displacement due to changes of the steam-water ratio 
in the risers. 

Derivation of the drum-level ݈ measured from its normal 

operating level is given by: ݈ ൌ ௏ೞ೏ା௏ೢ೏஺೏ ൌ ݈௪ ൅ ݈௦                          (28) 

where ݈௪ ൌ ௏ೢ೏஺೏  and ݈௦ ൌ ௏ೞ೏஺೏  ௪ܸௗ ൌ ௪ܸ௧ െ ௗܸ௖ െ ሺ1 െ ത௩ሻߙ ௥ܸ                  (29) 
where, ௪ܸௗ , is the volume of water in the drum,  ݈௪, is the 
level variation caused by changes of amount of water in the 
drum,   ݈௦, is the level variation caused by the steam in the 
drum,   ܣௗ, is the wet surface of the drum at the operating 
level. 

E. The Model 
Model is given by the following equations: ௗሾఘೞ௏ೞ೟ାఘೢ௏ೢ ೟ሿௗ௧ ൌ ௙ݍ െ ௦ߩൣ݀ ௦ݍ ௦ܸ௧݄௦ ൅ ௪ߩ ௪ܸ௧݄௪ െ ܲ ௧ܸ ൅ ݉௧ܿ௣ݐ௠൧݀ݐൌ ܳ ൅ ௙݄௙ݍ െ ത௩ߙ௦ߩ௦݄௦ ݀ሾݍ ௥ܸ ൅ ௪ሺ1ߩ െ ത௩ሻߙ ௥ܸሿ݀ݐ ൌ ௗ௖ݍ െ  ௥ݍ

ത௩ߙ௦݄௦ߩൣ݀  ௥ܸ ൅ ௪݄௪ሺ1ߩ െ ത௩ሻߙ ௥ܸ െ ܲ ௥ܸ ൅ ݉௥ܿ௣ݐ௦൧݀ݐൌ ܳ ൅ ௗ௖݄௪ݍ െ ሺߙ௥݄௖ ൅ ݄௪ሻݍ௥ ݀ሺߩ௦ ௦ܸௗሻ݀ݐ ൌ ௥ݍ௥ߙ െ ௦ௗݍ െ ௖ௗݍ ௖ௗݍ ൌ ݄௪ െ ݄௙݄௖ ௙ݍ         ൅ 1݄௖ ൬ߩ௦ ௦ܸௗ ݄݀௦݀ݐ ൅ ௪ߩ ௪ܸௗ ݄݀௪݀ݐ         െ ሺ ௦ܸௗ ൅ ௪ܸௗሻ ݐ݀ܲ݀ ൅ ݉ௗܿ௣ ݐ௦݀ݐ݀ ൰ ݈ ൌ ௦ܸௗ ൅ ௪ܸௗܣௗ  

௧ܸ ൌ ௦ܸ௧ ൅ ௪ܸ௧                                       (30) 

The model as can be seen is a differential algebraic system. 
Since most available simulation software requires state 
equations, the state model is also derived. 

F. State Variable Model 
Prior to generation of database, linear model is required to 

design controllers. This was accomplished by the use of state 
space methodology. The selection of state variables is done in 
many different ways. A convenient way is to choose those 
variables as states, which have a good physical interpretation 
that describe storage of mass, energy and momentum. The 
variables used in this procedure are as follows: 

1) State variables: 
a. Drum pressure ܲ 
b. Total water volume of the system ௪ܸ௧ 
c. Steam mass fraction ߙ௥ 
d. Volume of steam in the drum ௦ܸௗ 

2) Manipulated inputs: 
a.   Heat flow rate to the risers ܳ 
b.   Feed water flow rate to the drum ݍ௙ 
c.   Steam flow rate from the drum ݍ௦ 
3) Measured outputs: 
a.   Total water volume of the system ௪ܸ௧ 
b.   Drum pressure ܲ 
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Direct synthesis controller design procedure has used for 
closed loop control system. Both the open loop and closed 
loop simulations were performed in order to generate the 
database. The drum-boiler process has been simulated for 
1000 seconds with a sampling time of 2 seconds. Four 
distinct operating conditions were created by giving impulse, 
step and sinusoidal changes in the manipulated inputs in open 
loop as well as closed loop. 
G. Derivation of state equations 

The pressure and water dynamics are obtained from the 
global mass and energy balances equations (9) and (10). 
Combining these equations the state variable form is obtained 
as given by the set of equations (11). The riser dynamics is 
given by the mass and energy balance equations (20) and (21) 
are further simplified by eliminating ‘q୰’ and multiplying 
equation (20) by ‘ሺh୵ ൅ α୰hୡሻ’ and adding it to equation (21). 

The resulting expression is given as: ݄௖ሺ1 െ ௥ሻߙ ௗሺఘೞఈഥೡ௏ೝሻௗ௧ ൅ ௪ሺ1ߩ െ ത௩ሻߙ ௥ܸ ௗ௛ೢௗ௧ െߙ௥݄௖ ௗሾఘೢሺଵିఈഥೡሻ௏ೝሿௗ௧ ൅ ത௩ߙ௦ߩ ௥ܸ ௗ௛ೞௗ௧ െ ௥ܸ ௗ௉ௗ௧ ൅ ݉௥ܿ௣ ௗ௧ೞௗ௧ ൌ ܳ െߙ௥ݍௗ௖݄௖                                                      (31) 

If the state variables ‘P’ and ‘ߙ௥’ are known, the riser flow 
rate ‘ݍ௥’ can be computed from equation (27). This can be 
given as: ݍ௥ ൌ ௗ௖ݍ െ ௥ܸ డሾሺଵିఈഥೡሻఘೢାఘೞఈഥೡሿడ௉ ௗ௉ௗ௧ ൅ ௥ܸሺߩ௪ െ ௦ሻߩ డఈഥೡడఈೝ ௗఈೝௗ௧    (32) 
 

The drum dynamics can be captured by the mass balance 
equation (25). The expression for ‘q୰’, ‘qୱୢ’ and ‘qୡୢ’ are 
substituted in equation (25). The resulting simplified 
expression is given as: ߩ௦ ௗ௏ೞ೏ௗ௧ ൅ ௦ܸௗ ௗఘೞௗ௧ ൅ ଵ௛೎ ቂߩ௦ ௦ܸௗ ௗ௛ೞௗ௧ ൅ ௪ߩ ௪ܸௗ ௗ௛ೢௗ௧ െሺ ௦ܸௗ ൅ ௪ܸௗሻ ௗ௉ௗ௧ ൅ ݉ௗܿ௣ ௗ௧ೞௗ௧ ቃ ൅ߙ௥ሺ1 ൅ ሻߚ ௥ܸ ௗሾሺଵିఈഥೡሻఘೢାఘೞఈഥೡሿௗ௧ ൌ ఘೞ்೏ ൫ ௦ܸௗ଴ െ ௦ܸௗ൯ ൅ ௛೑ష೓ೢ௛೎   ௙ݍ

                                                                                       (33) 
 
The state equations are written as: ݁ଵଵ ௗ௏ೢ ೟ௗ௧ ൅ ݁ଵଶ ௗ௉ௗ௧ ൌ ௙ݍ െ ௦ ݁ଶଵݍ ݀ ௪ܸ௧݀ݐ ൅ ݁ଶଶ ݐ݀ܲ݀ ൌ ܳ ൅ ௙݄௙ݍ െ ௦݄௦ ݁ଷଶݍ ݐ݀ܲ݀ ൅ ݁ଷଷ ݐ௥݀ߙ݀ ൌ ܳ െ ௗ௖ ݁ସଶݍ௥݄௖ߙ ݐ݀ܲ݀ ൅ ݁ସଷ ݐ௥݀ߙ݀ ൅ ݁ସସ ݀ ௦ܸௗ݀ݐ ൌ ఘೞ்೏ ൫ ௦ܸௗ଴ െ ௦ܸௗ൯ ൅ ൫௛೑ି௛ೢ൯௛೎  ௙ (34)ݍ

 
where ݁ଵଵ ൌ ሺߩ௪ െ ௦ሻ ݁ଵଶߩ ൌ ௦ܸ௧ ௦߲ܲߩ߲  ൅ ௪ܸ௧ ௪߲ܲߩ߲  ݁ଶଵ ൌ ௪݄௪ߩ െ ௦݄௦ ݁ଶଶߩ ൌ ௦ܸ௧ ൬݄௦ ௦߲ܲߩ߲ ൅ ௦ߩ ߲݄௦߲ܲ ൰ ൅ ௪ܸ௧ ൬݄௪ ௪߲ܲߩ߲ ൅ ௪ߩ ߲݄௪߲ܲ ൰െ ௧ܸ ൅ ݉௧ܿ௣ ௦߲ܲݐ߲  

݁ଷଶ ൌ ൬ߩ௪ ߲݄௪߲ܲ െ ௥݄௖ߙ ௪߲ܲߩ߲ ൰ ሺ1 െ ௥ሻߙ ௥ܸ൅ ൭ሺ1 െ ௥ሻ݄௖ߙ ௦߲ܲߩ߲ ൅ ௦ߩ ߲݄௦߲ܲ ൱ ത௩ߙ ௥ܸ൅ ሺߩ௦ ൅ ሺߩ௪ െ ௥ሻ݄௖ߙ௦ሻߩ ௥ܸ ത௩߲ܲߙ߲ െ ௥ܸ൅ ݉௥ܿ௣ ௦߲ܲݐ߲  ݁ଷଷ ൌ ሺሺ1 െ ௦ߩ௥ሻߙ ൅ ௪ሻ݄௖ߩ௥ߙ ௥ܸ ௥ ݁ସଶߙത௩߲ߙ߲ ൌ ௦ܸௗ ௦߲ܲߩ߲ ൅ 1݄௖ ൬ߩ௦ ௦ܸௗ ߲݄௦߲ܲ ൅ ௪ߩ ௪ܸௗ ߲݄௪߲ܲ െ ௦ܸௗ െ ௪ܸௗ൅ ݉ௗܿ௣ ௦߲ܲ൰൅ݐ߲ ௥ሺ1ߙ ൅ ሻߚ ௥ܸ ൬ߙത௩ ௦߲ܲߩ߲ ൅ ሺ1 െ ത௩ሻߙ ௪߲ܲ൅ߩ߲ ሺߩ௪ െ ௦ሻߩ ത௩߲ܲߙ߲ ൰ ݁ସଷ ൌ ௥ሺ1ߙ ൅ ௦ߩሻሺߚ െ ௪ሻߩ ௥ܸ ௥ ݁ସସߙത௩߲ߙ߲ ൌ  ௦ߩ
It is noted that the state space model obtained has an 

interesting lower triangular structure where state variables 
can be grouped as: ቀ൫ሺ ௪ܸ௧, ܲሻ, ,௥൯ߙ ௦ܸௗቁ. The variables inside 
each parenthesis can be computed independently. Model is 
thus a nest of second, third and fourth order model. The 
second order model describes drum pressure and total water 
volume in the system. The third order model captures the 
steam dynamics in the risers and the fourth order model also 
describes the accumulation of steam below the water surface 
in the drum dynamics. 

H. Equilibrium Values 
The steady state solution of the state model of equation (34) 

is given by: ݍ௙ ൌ ܳ ௦ݍ ൌ ௦݄௦ݍ െ ܳ ௙݄௙ݍ ൌ ௥݄௖ ௦ܸௗߙௗ௖ݍ ൌ ௦ܸௗ଴ െ ்೏ሺ௛ೢି௛೑ሻఘೞ௛ೞ  ௙                           (35)ݍ

where, ݍௗ௖ is given by equation (31) i.e.  

ௗ௖ݍ ൌ ඨ2ߩ௪ܣௗ௖ሺߩ௪ െ ത௩ߙ௦ሻ݃ߩ ௥ܸܭ  

A convenient way to find the initial values is to first 
specify steam flow rate qୱ and steam pressure P. the feed 
water flow rate q୤ and input power Q are given by first two 
equations of equation (35) and the steam volume in the drum 
is given by the last equation of (35). The steam quality α୰ is 
obtained by solving the nonlinear equations: ܳ ൌ ௥݄௖ටଶఘೢ஺೏೎ሺఘೢିఘೞሻ௚ఈഥೡ௏ೝ௄ߙ ത௩ߙ  ൌ ఘೢఘೢିఘೞ ቀ1 െ ఘೞሺఘೢିఘೞሻఈೝ ln ቀ1 ൅ ఘೢିఘೞఘೞ  ௥ቁቁ          (36)ߙ

The equilibrium values of the state variables: 
1.Drum pressure ܲ=8.5 MPa 
2.Total water volume of the system ௪ܸ௧=57.5 m3 
3.Steam mass fraction ߙ௥=0.051 
4.Volume of steam in the drum ௦ܸௗ=4.8 m3 
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The equilibrium values of the input variables are assumed 
as: 
1. Heat flow rate to the risers ܳ=80.40437506e6 MW 
2. Feed water flow rate to the drum ݍ௙=32.00147798 kg/sec 
3. Steam flow rate from the drum ݍ௦=32.00147798 kg/sec 

I. Parameter 
An interesting feature of the model is that it requires only a 

few parameters to characterize the system. The parameter 
values that are considered are those from a Swedish plant. 
The plant is an 80 MW unit. The model is characterized by 
the parameters given in Table 1. 

 

V. RESULTS & DISCUSSIONS 
Four numbers of different operating conditions for 

Drum-boiler process are listed in Table 2. Sixteen numbers of 
datasets were generated by perturbing the process with 
pseudo random binary signal (PRBS) generator. Signal to 
noise ratio were maintained as 10.0. Negative step change in 
feed water flow rate induced continuous decrease in total 
water volume and continuous increase in drum pressure that 
represents abnormal scenario. Fig.2 shows the response of 
abnormal process. The combined similarity measures are 
capable of detecting faulty operating condition as cluster 3   
and datasets pertaining to various other operating conditions 
were also identified correctly. The performance of clustering 
is presented in Table 3. The proposed moving window based 
sample wise pattern matching technique perfectly identified 
all the snapshot data including normal and faulty data which 
find their similarity with the same process data present in the 
historical database as shown in Table 4.  
 

VI. CONCLUSIONS 
Sample wise moving window based pattern matching 

algorithm emancipated encouraging fault detection for 
drum-boiler process. Clustering time series data was the 
approach used in the present work for discrimination among 
various operating conditions including the detection of faulty 
situations with 100 % accuracy. Efficient modeling and 
simulation of the drum-boiler process were the key factors 
behind the generation of design databases required for the 
successful implementation of the proposed monitoring 
techniques. In this regard the detail Drum-boiler process 
modeling including state space model for the process was 
developed and presented. 

 
Fig. 2 Response of faulty process 

TABLE 1 VALUES OF THE DRUM-BOILER MODEL PARAMETERS  
S. NO Parameter name Notation Value 

with 
units 

1 Riser volume ௥ܸ 37 m3 

2 Downcomer volume ௗܸ௖ 11 m3 

3 Total volume ௧ܸ 88 m3 

4 Drum area at normal 
operating level 

 ௗ 20 m2ܣ

5 Downcomer flow area ܣௗ௖ 0.355 m2

6 Riser metal mass ݉௥ 160e3 kg

7 Total metal mass ݉௧ 300e3 kg

8 Drum metal mass ݉ௗ 100e3 kg

9 Friction coefficient in 
downcomer-riser loop 

݇ 25 

10 Empirical ݍ௦ௗ 
coefficient 

 0.3 ߚ

11 Residence time of steam 
in drum 

ௗܶ 12 sec 

12 Bubble volume 
coefficient 

௦ܸௗ଴  10 m3 

13 Acceleration due to 
gravity 

݃ 9.81 
m/sec2 

14 Drum volume ௗܸ 40 m3 

TABLE 2:   VARIOUS OPERATING CONDITIONS FOR DRUM BOILER PROCESS 
Operating condition Parameter range No. of datasets

1. Impulse change in ݍ௙and ݍ௦ (open loop) 
6q4 f ≥≤  

3q2 s ≥≤  

2 

2. Simultaneous step 
changes in three 
manipulated inputs 

10q4 f ≥≤  

5q2 s ≥≤  

25Q15 ≥≤  

7 

3. Negative change in 
feed water flow (fault) 

6q4 f ≥≤  4 

4. Simultaneous 
sinusoidal change in three 

inputs 

High, medium and low 
frequencies 

3 

TABLE 3:    COMBINED SIMIL ARITY FACTOR BASED CLUSTERING OF 
DIFFERENT OPERATING CONDITIONS 

CLUSTER 
NO. 

NP P OP. 
COND. 1 

OP. 
COND. 2 

OP. 
COND. 3

OP. 
COND. 

4 
1 2 100 1 0 0 0 

2 5 100 0 2 0 0 

3 4 100 0 0 3 0 

4 3 100 0 0 0 4 
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TABLE 4:    MOVING WINDOW BASED PATTERN MATCHING PERFORMANCE 
Snapshot 

Op. 
Cond. 

 

Np N1 N2 P, 
Pattern 

matching 
accuracy 

  Pattern ,ߞ
matching  
efficiency 

Efficiency
Of 

Algorithm

Op. 
Cond. 1 

1 1 0 100 100 100 

Op. 
Cond. 2 

1 1 0 100 100 100 

Op. 
Cond. 3 

1 1 0 100 100 100 

Op. 
Cond. 4 

1 1 0 100 100 100 
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