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Application of artificial neural network (ANN) for predicting industrial
process behavior has been increasingly popular in the power sector in-
dustry. In this paper, a multi-layer perceptron (MLP) based ANN model
has been developed to predict the deposition rate of oxide scale on
waterwall tubes of a coal fired boiler. The input parameters in the ANN
model are boiler water chemistry and relevant operating parameters,
namely, pH, alkalinity, total dissolved solids, specific conductivity, iron
and dissolved oxygen concentration of the feed water and heat flux of a
typical 250 MW coal fired boiler. The neural network architecture has
been optimized using an efficient gradient based network optimization
algorithm to minimize the training and testing errors rapidly during simu-
lation runs. The parametric sensitivity of heat flux, iron content, pH and
the concentrations of total dissolved solids in feed water and other oper-
ating variables on the scale deposition behavior has also been investi-
gated. It has been observed that heat flux, iron content and pH of the feed
water have a relatively predominant influence on the oxide scale deposi-
tion phenomenon. There has been very good agreement between ANN
model predictions and the measured values of oxide scale deposition rate
substantiated by the regression fit between these values.
 2014 Trade Science Inc. - INDIA

INTRODUCTION

Corrosion and Scaling are the major waterside
problems in industrial boilers. Various compounds
of calcium, magnesium, iron, copper and silica are
predominant elements found in most of the boiler
scales. These scales usually form a dense layer that
impedes heat transfer and cause boiler tube failures lead-

ing to outages. Most corrosion products that deposit
as oxide scales in the boiler originate in the pre-boiler
(up-stream) systems. The majority of the boiler scales
consist of colloidal and particulate metals and their ox-
ides. The compounds are swept into the boiler and de-
posit on boiler tube surfaces primarily as oxide scales.
Corrosion not only contributes to scale deposition, but
also eventually leads to materials damage.
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Reliability of operation of heat transfer surfaces of
coal fired boilers is determined mostly by deposition
rate on these surfaces such as boiler water walls, su-
perheater and reheater. Figure 1 shows a simplified sche-
matic of a coal fired sub critical boiler. Numerous labo-
ratory and field test results have shown that oxide scales
are deposited non-uniformly along the height of boiler
waterwalls and others associated components[1,2]. The
predominant amount of scales gets deposited in high

Figure 2 (b) : Heat transfer in the convection section

Figure 2 (a) : Heat transfer in the radiant section

Figure 1 : Schematic of water-tube boiler assembly

heat flux zones in the boiler assembly. In spite of more
rigid requirements towards feed water purity, the depo-
sition rate on heat exchanging surfaces in boilers has
been increased due to higher operational requirements.
Once there is a scale builds-up on a heat transfer sur-
face, at least two associated problems do occur. The
first problem is the degradation in the performance of
heat transfer equipment. The second less critical prob-
lem is that a small change in tube diameter substantially
decreases the flow rate or increases the pressure drop
in the heat transfer equipment. This results in decrease
in operational period between cleanings and increases
the risk of equipment failures. Figure 2[a] and [b] show
the schematics of heat transfer modes in the radiant
and convective section of coal fired boiler. Corrosion
and scale deposition are time-dependent phenomenon.
Nevertheless, the widely used method for designing
industrial boilers and heat exchangers exposed to a
corrosive environment is to use empirical methods for
corrosion resistance associated with scale formation.
In general, empirical methods based on classical sta-
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tistical technique are not capable of estimating quanti-
tatively the quantum of scale deposition and corrosion
loss with reasonable degree of accuracy. Thus, it may
be probable that the equipment will have to be taken
out of service for cleaning at an inconvenient and eco-
nomically undesirable time. In order to provide an esti-
mate of operational longevity of boiler tubes for a de-
sirable period of operation, it is necessary to be able to
predict the scale deposition and corrosion behavior as
function of both time and operational parameters[3-5].

Due to increased feed water (Recycled conden-
sate and makeup water) purity in coal fired both sub-
critical and supercritical boilers, the scales form on steam
generating surfaces mostly consist of corrosion prod-
ucts of construction materials, i.e. iron and copper ox-
ides. Since forms of existence of iron and copper cor-
rosion products (scales) depend on water chemistry,
the deposition rate of the above mentioned impurities
would depend on the nature of chemical water treat-
ment. The major constituent of the oxide scale is iron
oxide. Therefore, optimization of water chemistry is an
important operational issue, in particular for the power
plants with mixed metallurgy. The most popular water
treatment scheme for sub-critical boilers is ammonia/
hydrazine feed water treatment, also known as all vola-
tile treatment (AVT). When the tube metal is in contact
with the steam over period of time, the oxidation pro-
cess may begin to form a layer of magnetite (Fe

3
O

4
)

scale. In the prolonged exposure this phenomenon will
worsen situation that leads to potential creep rupture
problems. Scales inside the superheater and reheater

steam tubes have also been found to be one of the ma-
jor contributors to the tube failure. Heat transfer rate
across the tube also decreases due to the accumulated
scales inside the tube. A further effect of growing scales
is that the tube will operate at relatively higher tempera-
tures than those as originally specified. Such exposure
may cause degradation of the tube alloy, and this even-
tually will lead to tube rupture. It is estimated that 10%
of all power-plant breakdowns are caused by creep
fractures of boiler tubes due to the scales formation[2].

Chemistry of deposition of oxidation-corrosion
products

Concentration of iron corrosion products in boiler
water, in general, exceeds iron solubility. These prod-
ucts may have different sizes and carry electrical charges.
In this case, deposition mechanism may be explained
by particle charge due to both ion adsorption ability
from water and transport of hydroxyl-ions from par-
ticle surface layer to water[2]. Polarity and magnitude of
iron corrosion particle charge is given by both molecu-
lar and fluid properties with predominant influence of
potential forming ions, among other factors. Water
chemistry with no additions of conditioning chemicals,
these potential-forming ions for iron oxides are either
OH- or H+. Therefore, iron corrosion products depo-
sition rate kinetics depends critically on fluid pH. The
scales, in general, comprise of Hematite (Fe

2
O

3
), Mag-

netite (Fe
3
O

4
), Quartz (SiO

2
), Wallastonite (CaSiO

3
),

Calcite (CaCO
3
) and Brucite (MgOH

2
) etc.

Boiler water is normally maintained in an alkaline
range (pH of 9 - 11 depending upon the boiler type and

(a) (b)

Figure 3(a) & (b) : Typical view of the signal wave forms during oxide scale measurement



158

Full Paper

A neural network model for quantitative prediction of oxide scale in water walls RREC, 5(6) 2014

An Indian Journal

Research & Reviews In
ElectrochemistryElectrochemistry

pressure) to prevent acidic attack. This pH range is
moderately basic and small amounts of caustic alkalin-
ity (OH-) may be present in the bulk of boiler water.
The boiler water side tube walls develop a tightly bound
layer of magnetite film when the unit is placed in opera-
tion after proper and complete cleaning. Over the pas-
sage of time, the protective film becomes overlaid with
more porous magnetite scales, which consist of iron
oxide corrosion products transported from the feed
water system[6, 7]. Because of porosity, these scales have
much lower heat transfer coefficient than the tube metal
and can eventually reduce boiler efficiency and which
may lead to localized overheating of tubes. These scales
can also act as concentration sites for the potentially
corrosive chemicals, which normally are at low con-
centrations in the bulk of boiler feed water. Most of the
of iron oxide scales are usually generated during the
boiler startups. Iron oxide usually constitutes the bulk
of boiler tube scales and which necessitates periodic
cleaning of the boiler components. One of the major
operational issues with oxide deposition is that the par-
ticles precipitate predominately on the hot side of the
tubes[8, 9]. At elevated temperatures, the potential for
the under deposit corrosion mechanisms will proceed
more rapidly on the hot side of the tubes[10, 11].

An efficient model based predictive methodology for
scale deposition rate on the inner surface of waterwall
tubes of coal fired boilers would be a valuable aid to the
power plant engineers and boiler chemist which may pro-
vide guidelines to estimate remaining life of boiler tubes.
In addition, it provides knowledgebase to envisage strat-
egies to combat corrosion. For prediction of formation
of scales and subsequent deposition on heat transfer sur-
faces of boiler assembly, it is imperative to have pertinent
experimental data which will be required by the model to
predict process behavior in a quantitative manner. The
first principle based kinetic model necessitates critical
information on kinetic rate parameters and transport pro-
cess variables such as local flow velocity, local tempera-
ture of the water, temperature of heat transport surfaces,
porosity and thermal conductivity of scales, uniformity of
surface heating and time of contact of water with the
surface. The deposition kinetics is also influenced by lo-
calized transport processes which are some times strongly
coupled. These parameters needs to be estimated from
controlled experiments which is fairly cumbersome. Quan-
titative determination of scale deposition rates in con-

junction with pertinent mechanisms(such as flow assisted
corrosion) as a function of water chemistry and operat-
ing parameters based on first principle kinetic modeling
has remained a difficult subject. This is because of com-
plex and probably non-linear relationship between the
dependent and independent variables such as composi-
tion and quantity of scales, operating parameters and ki-
netic rate coefficients of scale deposition process. There-
fore, first principle based kinetic model predictions are
not always amenable to a realistic plant operating condi-
tions. Therefore, often simplified assumptions are made
to overcome phenomenological complexities. Of late, the
Data driven Artificial Intelligence (AI) or Computational
Intelligence (CI) based techniques are increasingly used
successfully to functionally map the input-output relation-
ship of complex chemical processes accurately. AI tech-
niques (such as ANN, Fuzzy logy and Genetic algorithms),
in principle, are intelligent information-treatment system
with the characteristics of adaptive learning.

Application of an artificial neural network (ANN)
model has been reported for data driven modelling and
prediction of ash deposition in boiler heat transport sys-
tem[12]. ANN has also been developed to successfully
characterize thermal behavior of boiler tubes in the pres-
ence of fouling on the basis of plant data[13] and it has
also been reported that such models have been applied
to control and minimize the effect of fouling in biomass
boilers[14]. Afghan et al.[15] provided a basic concept of
an expert system for boiler fouling assessment theoreti-
cally. A comparative study of Fuzzy logic and ANN has
been reported[16] for the prediction of remaining life of
boiler tubes subjected to various damage mechanisms.
Zhen et al.[17] attempted an adaptive Neuro-Fuzzy tech-
nique for forecasting coal slagging in a power plant.
However, application of ANN modeling to predict the
oxidation scale deposition rate in boiler operations is
relatively scanty in the published literature.

The objective of the present work is to develop a
multi-layer feed forward ANN model to predict ex-
plicitly the deposition rate of oxide scale as a function
of measured plant data (input/output parameters),
namely heat flux, pH, total dissolved solids, specific
conductivity, iron concentration, silica concentration,
phosphate content, sodium content and dissolved oxy-
gen concentration of the feed water system of a typical
coal fired Indian operating boiler. The proposed ANN
model also attempts to characterize effects of some of
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the operational parameters on the behavior of rate of
scale deposition. In this proposed ANN model,
Broyden-Fletcher-Goldfarb-Shanno (BFGS) network
optimization algorithms with optimized neural network
architecture have been incorporated to improve the
network learning algorithm and to minimize the training
error during the network learning process.

Measurement of plant data

Plants measurements have been carried out to gen-
erate the requisite data for neural network modeling.
The salient features of the measurement are described
below. Several samples have been collected at various
interval and sampling points from the Indian operating
plant and tested in the laboratory. The parametric mea-
surements are enumerated below.

(i) Heat flux measurement

Measurements of heat flux have been carried out
using portable heat flux meters which are inserted in
different inspection zones. The heat flux instrument has
been inserted closely to the surfaces such that compos-
ite contribution from both convective and radiative ther-
mal transport from the flame front could be captured
within tolerable error limit. The tubular type instruments
known as flux-tubes have been used to minimize the
variation in the thermal conductivity of scale because of
ash and slag accumulation over the instrument. Mea-
sured boiler tube wall temperatures were used for the

evaluation of the heat flux. The measuring tube is fitted
with two thermocouples in holes of known radial spac-
ings. The thermocouples are led away to the junction
box where they are connected differentially to give a
flux related electromotive force which is recorded by a
digital instrument.

(ii) pH, specific conductivity and total dissolve sol-
ids (TDS) measurement

Feed water samples at appropriate interval have
been collected and tested in the water analysis labora-
tory. These parameters have been measured by using a
portable pH meter and specific conductivity-cum - TDS
meter. This apparatus functions like a typical voltmeter
which consists of a pair of electrodes connected to a
system capable of measuring small voltages of the or-
der of millivolts. It measures the voltage (electrical po-
tential) generated by the boiler feed water sample un-
der investigation and compares the same with the volt-
age of a known standard solution as the reference volt-
age. Subsequently, it uses the difference in voltage (po-
tential difference) to calculate the difference in pH. For
the conductivity measurement, the same two electrodes
with an applied AC voltage are placed in the water
sample. This creates a current dependent upon the con-
ductive behavior of the sample. The measuring device
registers this current and displays the value either as
electrical conductivity or TDS (ppm). The electrical
conductivity is measured and the TDS is calculated by

Figure 4 : Typical neural network architecture with input, hidden and output layers.
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a built-in empirical formula from the conductivity in-
puts.

(iii) Iron content measurement

Iron content in the feed water has been estimated
by the colorimetric analysis procedures using the 1, 10-
Phenanthroline Method. The procedure uses ferrous
iron reagent powder containing 1, 10-Phenanthroline
as an indicator combined with a reducing agent to con-
vert all but the most resistant forms of iron present in
the sample to Fe+2.

(iv) Phosphate and silica content measurement

Phosphate and silica contents in feed water have
been determined by the colorimetric analysis using UV
spectrophotometer. The method used for the measure-
ments are, namely, ascorbic acid rapid liquid method
and heteropoly blue rapid liquid method respectively.

(v) Sodium content measurement

Sodium in boiler feed water was estimated using a
portable sodium analyzer (waltron 9033 sodium ana-
lyzer R - low range). This analyzer is based on advanced
multipoint control unit (MCU) technology. Common
measuring points in a boiler system for online sodium

measurement includes make-up water, condensate,
boiler feed water, saturated steam and main steam.

(vi) Dissolved oxygen measurement

Dissolved oxygen content in the feed water has been
determined by portable dissolved oxygen analyzer (Por-
table Oxi-Meter Multi 3410 R). In order to conduct the
dissolved oxygen test, it is imperative to use grab
samples because analysis needs to be carried out im-
mediately. This is essentially a field test which has been
undertaken as a onsite measurement.

(vii) Oxide scale thickness measurement

The oxide scales have been measured using ultra-
sonic high frequency (20 MHz broadband) instrument
in the laboratory. This instrument has built in software
framework that is capable of detecting appropriate ech-
oes and measuring the short time interval between the
two echo-peaks that represent the steel/oxide and ox-
ide/air boundaries reflections. A pre -calibrated value
of ultrasonic velocity has been utilized to compute the
thickness of the oxide scale using appropriate time,
velocity and thickness relationships. Since the quan-
tum of data measured is large enough for tabulation in

Heat flux 
(KW/m2) 

pH 
 

Specific 
conductivity 
(µsem/cm) 

TDS 
(ppm) 

Silica 
content 
(ppm) 

Fe content 
(ppbx10) 

Dissolved 
Oxygen 
(ppb) 

Na content 
(ppm) 

Phosphate 
content (ppm) 

Iron oxide 
deposition rate 
(kg/m2.secx10- 8) 

54.2 9.37 4 4 0.02 0.4 4 0.5 2 4.44 

54.2 9.37 4.09 4.14 0.021 0.41 4.09 0.21 2.07 4.62 

57.2 9.36 4.1 4.14 0.021 0.41 4.1 0.29 2.07 4.65 

64.6 9.34 4.14 4.21 0.021 0.41 4.14 0.21 2.11 4.71 

70.6 9.33 4.15 4.23 0.022 0.42 4.15 0.54 2.12 4.76 

73.6 9.33 4.16 4.24 0.022 0.42 4.16 0.12 2.12 4.78 

78.0 9.32 4.19 4.28 0.022 0.42 4.19 0.19 2.14 4.82 

82.4 9.32 4.22 4.32 0.022 0.42 4.22 0.32 2.16 4.99 

89.8 9.32 4.36 4.53 0.024 0.44 4.36 0.12 2.27 5.05 

92.8 9.32 4.42 4.62 0.024 0.44 4.42 0.39 2.31 5.07 

97.1 9.29 4.46 4.69 0.025 0.45 4.46 0.58 2.35 5.24 

98.5 9.28 4.52 4.77 0.025 0.45 4.52 0.41 2.39 5.39 

104.3 9.27 4.53 4.79 0.025 0.45 4.53 0.42 2.4 5.48 

110.4 9.23 4.72 5.08 0.027 0.47 4.72 0.44 2.54 5.52 

114.9 9.21 4.8 5.21 0.028 0.48 4.8 0.2 2.6 5.57 

116.3 9.18 4.9 5.35 0.029 0.49 4.9 0.54 2.68 5.67 

119.2 9.18 4.9 5.35 0.029 0.49 4.9 0.27 2.68 5.69 

139.7 9.17 4.94 5.41 0.029 0.49 4.94 0.35 2.71 6.26 

TABLE 1 : A typical segment of measured plant data
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manuscript therefore, a typical segment of the measured
data is shown in the TABLE 1. The total amount of
data was collected during plant operating period rang-
ing from 40,000 to 100,000 hours of boiler operation.

MULTI-LAYER PERCEPTION BASED ANN
MODEL

The fundamental elements of the ANN methodol-
ogy comprises of: (i) the functionality between input-
output of neurons; (ii) the topological structure of the
network; and (iii) the values of the connected weights
and thresholds of neurons. The MLP based ANN ar-
chitecture is shown in Figure 1. MLP is an intercon-
nection of perceptrons in which data and calculations
flow in a single direction, from the input data to the
outputs. The number of layers in a ANN is the num-
ber of layers of perceptrons. The output from a given
neuron is calculated by applying a transfer function to
a weighted summation of its input to give an output,
which can serve as input to other neurons.. Mathemati-
cally this can be given as:

)w(f jk)1k(iijk

1kN

1i
kjk 







 (1)

where á
jk 

is neuron j�s output from k�s layer â
jk 

is the
bias weight for neuron j in layer k. The model fitting

parameters w
ijk 

are the connection weights and kf �ss

are activation functions.
For predictions, the most popular error function

is the sum-of-squared errors, or one of its scaled
versions. This is analogous to using the minimum least
squares optimization criterion in linear regression. Like
least squares, the sum-of-squared errors is calculated
by looking at the squared difference between what the
network predicts for each training pattern and the tar-
get value, or observed value, for that pattern. This is
given as:

2
ij

N

1i

C

1j
ij )t�t(

2
1

E 
 

 (2)

Where, N is the total number of training cases, C is
equal to the number of network outputs, t

ij
 is the ob-

served output for the ith training case and the jth net-
work output, and ijt�  is the network�s prediction
for that case. As the number of training patterns in-
creases, the sum-of-squared error increases. As a re-

sult, it is often useful to use the root-mean-square (RMS)
error instead of the un-scaled sum-of-squared errors.
The RMS expression is given as:

2
N

1i

C

1j
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2
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N
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C
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where t  is the average output, given as :

C.N

t
t

N

1i

C

1j
ij

 
 (4)

Similar to ERMS, a scaled version of the Laplacian
error(LRMS) can be calculated using the following
formula:

|tt|
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(5)

Gradient based network learning algorithm

Optimization of ANN�s are concerned with the
minimization of a particular objective function with
respect to certain constraints. ANN�s are proven
highly efficient optimization tools. The objective of
the network training is to find the optimal weights to
minimize the errors between the prediction and the
actual response. A popular criterion is the minimum-
squares error between the prediction and the actual
response. There are many different types of ANNs,
differing by their network topology and/or learning al-
gorithm. Back-propagation (BP) learning and network
optimization algorithm, which is one of the most com-
monly used algorithms is designed to predict the output
parameters.

Network training uses one of several possible opti-
mization methods to minimize this error term. There are
various BP algorithms such as Scaled Conjugate Gra-
dient (SCG), Levenberg-Marquardt (LM), Gradient
Descent with Momentum (GDM), variable learning rate
Back propagation (GDA) and Resilient back Propa-
gation (RP).[18]. There is variety of network optimiza-
tion techniques that uses gradient of a function to be
optimized. The general idea behind the so-called quasi-
Newton optimization techniques is to build up an ap-
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proximate expression for the Hessian matrix or the in-
verse Hessian, and use it to take an approximate New-
ton step. The most recently developed highly efficient
version of the quasi-Newton optimization methods is
the BFGS algorithm[19-21], which has largely replaced
the classical Davidon-Fletcher- Powell (DFP) algorithm.

The Hessian matrix describes the local curvature of
a function of many variables in an optimization prob-
lem. This Hessian matrix H[22-25] in general can be ap-
proximated as :

JJH T (6)

and the gradient can be computed as

eJg T
 (7)

Where, J is the Jacobian matrix which contains first
derivatives of the network errors with respect to the
weights. JT is the transpose of matrix J and e is a vector
of network errors. The J matrix can be computed
through a standard back propagation technique that is
less complex than computing the Hessian matrix.

In general, the quasi-Newton method was derived
from quadratic objective function. The inverse of the
Hessian matrix, H (shown in eqn. 6) is used to bias the
gradient direction.

1HB  (8)

In the quasi-Newton training method, the weights
are updated using the following iterative procedure,

iii1i gBWW 


(9)

The matrix B here need not be computed. It is suc-
cessively estimated employing rank 1 or rank 2 up-
dates, following each line search in a sequence of search
directions. This is algorithmically given as follows

iii BBB  (10)

In this iterative algorithm, B
i
-1 is the previous value

of B.
The two important algorithmic relationships to com-

pute B
i
 are as follows[24, 25]

gBg
BggB

gd
dd

B
1i

T
1i

T
1i

T

T

i












(11)

The above expression pertains to DFP algorithm.
Alternatively, BFGS algorithm can be invoked us-
ing eqn.11

gd
gd1B1Bgd

gd
dd

)
gd

g1Bg
1(B

T

T
ii

T

T

T

T

i
T

i








 (12)

Where,

1ii wwd


  and 1iig gg


 , 1ii BBB




The BFGS algorithm has the advantage over DFP
in that it does not require accurate line minimiza-
tions along the quasi-Newton directions to build up
the approximate Hessian matrix. Thus, BFGS po-
tentially reduces the number of function evaluations
required to achieve an optimization procedure.

IMPLEMENTATION OF THE ANN MODEL
FOR BOILER OXIDE SCALE PREDICTION

Several chemical mechanisms contribute to the
formation of oxide scale during operation of coal
fired boiler. The limitation in acquisition of real time
data during boiler operation and subsequent critical
analysis is probably one of the major obstacles in
building a database for data-driven modeling and
online applications of AI based expert system in a
plant.

Activation function for network training

The activation functions and its derivatives used in
the present ANN model are shown in TABLE 2. In
order to obtain the best network functionality, three
optimal networks architecture has been generated.
The nine numbers of input neurons representing the
water chemistry and operating parameters (pH, spe-
cific conductivity, total dissolved solid, total iron
concentration, silica concentration, phosphate concen-
tration, sodium concentration, dissolved oxygen level
of the feed water and heat flux) have been selected.
One output neurons represent the scale deposition rate.

The activation function in the hidden layer was se-
lected to be a sigmoid function:

)xexp(1
1

)x(f




(13)

An error back-propagation algorithm was
adopted to learn the weights in the ANN

Network architecture and input-output variables

The input, output variables and their data ranges
for a 250 MW typical Indian coal fired boiler sys-
tem used in the ANN models are shown in TABLE
3. The operating temperature range and pressure
ranges for feed water in the water walls for the desig-
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nated boiler are 300-350C and 150-170 Kg/cm2 re-
spectively. Input data set is segmented into three
subsets, namely, one for training (learning),one for
selection (validation), and one for testing (predic-
tion) using roughly 2:1:1 ratio. Out of 600 dataset
from plant measurements, 300 dataset are used as train-
ing samples, 150 as validation samples and the remain-
ing 150 samples have been utilized for prediction. The
basis of selection of these three dataset for training, se-
lection, and testing has been random. In order to obtain
the optimum network, 20 networks are first designed
with nine input neurons and one output neuron, four
hidden layer is considered for the network. In total,
twenty networks have been trained, out of which the
best three network configurations have been chosen
for prediction. The basic philosophy of MLP based
network is that, too few neurons in the hidden layer
may introduce higher error during network selection in
the model, where the relations between different vari-
ables are not well developed. On the other hand, too
many neurons in the hidden layer cause the model to
over-fit the training data, resulting in a less optimal so-

lution for selection data. The neural prediction based
on three network architectures (MLP 9-4-1, MLP 9-
6-1 and MLP 9-5-1) are compared with the regres-
sion fit between predicted and measured (test) oxide
scale deposition rate data. It may be observed from the
simulation results that all these three network architec-
tures have almost similar accuracy level. Typically, the
network architecture nomenclature, (say) MLP 9-4-1
specify a multi layer perceptron network and the sub-
sequent digits indicate the number of input neurons(9),
the number of hidden neurons(4) and number of output
neurons(1) respectively

RESULT AND DISCUSSION

The present ANN simulation is based on the data
measured from a typical Indian operating power plant.
Figure 5 depicts neural prediction of oxide scale depo-
sition rate on boiler water wall tubes made of carbon
steel in an operating heat flux regime of 50-300 KW/
m2. The neural predictions are found to be in excellent
agreement with the measured data. This establishes the

TABLE 2 : Activation functions and its derivatives used in neural model

Activation Function )a(f  )(' af  

Linear aaf )(  1)(' af  

Logistic 
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
1

1
)(  ))(1)(()(' afafaf   
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TABLE 3 : Operating data range of a typical Indian 250MW boiler for the ANN model

 Input Parameters Data Range 
1 Boiler feed water operating pH range 8.8-9.2 
2 Specific conductivity (micro-seimens/cm) 3.0-8.0 

3 Total dissolved solids (ppm) 5-10 

4 Total iron concentration (ppb) 5-10 

5 Silica concentration (ppm) 0.02-0.06 

6 Phosphate concentration (ppm) 1.5-5.0 

7 Sodium concentration (ppb) 5-10 

8 Dissolved oxygen concentration (ppb) 5-10 

9. Heat flux operating range (KW/m2) 50-300 

 Output Parameter  
1. Measured scale deposition rate (kg/m2.sec).10-8 4.10-8-12.10-8 
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efficient predictive capability of the ANN model in con-
junction with the proposed optimal network architec-
ture. Figure 6 shows predicted oxide scale deposition
rate as a function of heat flux across the boiler tubes. It
may be observed from the figure that the deposition
rate monotonically increases with elevated heat flux.
Further, these scale deposition rate varies from 4.6 x10-

8 kg/m2-sec to 11x10-8 kg/m2-sec (appox) with respect
to heat flux operating regime of 50 � 300 KW/m2. This
is attributed to the phenomenon that as the energy sup-
plied in the form of heat increases, the number of nuclei
formed also increases. All nuclei do not become scale
particles, and able to reach the surface. Only those par-
ticles that have adequate energy and mass are able to
reach the surface of the water walls and deposit on it.
With an increase in heat flux the more proportion of
particles making scale enhances. Figure 7 shows pre-
dicted oxide scale deposition rate as a function of pH
of boiler feed water. It may be observed from the figure
that the oxide scale deposition rate monotonically de-
creases with increased pH value (within the specified
range) of the boiler feed water. The oxide scale depo-
sition rate varies from 10.3 x10-8 kg/m2-sec to 4.5 x10-

8 kg/m2-sec (appox) with respect to pH range of feed
water, 8.8 -9.4. The predictions conform to the realis-
tic operational conditions[22]. Maintaining a pH of 9 or
greater reduces both the potential for ferrous alloy
equipment failure and the return of iron corrosion prod-
ucts to the boiler feed water. In accordance with plant

Figure 5 : ANN prediction and validation with the test data of oxide scale deposition rate on boiler tubes

observation[23-26], too high pH (> 10) may initiate caus-
tic gouging because gouging of boiler tubes has been
commonly attributed to the dissolution of a protective
magnetite film due to caustic attack, followed by pre-
cipitation of a non-protective magnetite scale. Figure 8
shows predicted oxide scale deposition rate as a func-
tion of total dissolved solids (TDS) in the boiler feed
water. It may be observed from the figure that the scale
deposition rate gets enhanced with increased value of
TDS in feed water. The scale deposition rate varies
from 4.8 x10-8 kg/m2-sec to 10.7 x10-8 kg/m2-sec
(appox) with respect to TDS range of feed water i.e 4-
10 ppm. High TDS water tends to foam which, when
carried over by steam, leads to corrosion and
depositition on heat transfer surfaces. Figure 9 shows
predicted oxide scale deposition rate as a function of
iron content present in the boiler feed water. It may be
observed from the figure that the iron scale deposition
rate enhances with increased value of iron content of
boiler feed water which is consistent with the realistic
observation[10, 22, 26, 27]. The oxide scale deposition rate
varies from 4.9 x10-8 kg/m2-sec to 10.6 x10-8 kg/m2-
sec (appox) with respect to total iron content of feed
water in the range 0.4 - 0.8 ppm. When the increased
concentration of iron corrosion products in boiler wa-
ter exceeds iron solubility limit consequently leading to
enhanced scale deposition. Figure 10 depicts variation
of predicted scale deposition as a function of silica con-
tent of feed water. It may be observed from the figure
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Figure 6 : Variation of predicted scale deposition as a function of heat flux on boiler tube

Figure 7 : Variation of predicted scale deposition as a function of pH of feed water

Figure 8 : Variation of predicted scale deposition as a function of total dissolved solid of feed water



166

Full Paper

A neural network model for quantitative prediction of oxide scale in water walls RREC, 5(6) 2014

An Indian Journal

Research & Reviews In
ElectrochemistryElectrochemistry

that the total scale deposition rate enhances with in-
creased value of silica content of boiler feed water.
Higher concentration of silica generally precipitates di-
rectly on the boiler heat transfer surfaces and are much
harder to remove from the boiler components. Figure
11 depicts variation of predicted scale deposition as a
function of specific conductivity of feed water. It may
be observed from the figure that the oxide scale depo-
sition rate enhances with increased value of specific
conductivity of boiler feed water. High specific con-
ductivity of feed water is a consequence of high TDS in
the same which incidentally leads to deposition of scales.
Figure 12 depicts variation of predicted scale deposi-
tion as a function of dissolved oxygen content of feed

water. It may be observed from the figure that the ox-
ide scale deposition rate enhances with increased value
of dissolved oxygen content of boiler feed water. High
dissolved oxygen in the feed water results in the forma-
tion of increased iron corrosion product namely, hema-
tite which eventually leads to deposition. The training
and testing error evolution as a function of training cycles
during ANN simulation is shown in Figure 13 It may be
observed from this figure that the absolute error drops
sharply from 0.06 to 0.01 at the very early stage of
training (few cycles) and subsequently the training and
testing errors asymptotically reduces to almost zero with
further increase in the number of cycles. It may be fur-
ther noted that the deviations in the measured data and

Figure 9 : Variation of predicted scale deposition as a function of Iron content of feed water

Figure 10 : Variation of predicted scale deposition as a function of silica content of feed water
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Figure 13 : Training and testing error convergence as a function of training cycles

Figure 11 : Variation of predicted scale deposition as a function of specific conductivity of feed water

Figure 12 : Variation of predicted scale deposition as a function of dissolved oxygen in the feed water
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neural predictions are substantially small. The present
neural model with the selected architecture demon-
strated accurate predictive capability of the model.
There is scope of further improvement of the model by
incorporating more process and operational parameter
as inputs under realistic plant operating conditions.

CONCLUSION

This paper provides a brief ANN modeling frame-
work for prediction of the oxide deposition rate on the
water wall tubes of a coal fired boiler using plant gener-
ated data with good learning precision and generaliza-
tion. Results of the neural network predictions are vali-
dated with those obtained from both plant and litera-
ture data. The main conclusions are as follows:

The proposed neural network model provides a
reasonably accurate predictive framework and com-
pare extremely well with the plant and experimental data.
The ANN approach shows good potential for predic-
tions of the deposition rate of oxide scale as a function
of input variables, namely heat flux, pH, TDS, specific
conductivity, iron concentration, silica content, phos-
phate content, sodium content and dissolved oxygen
concentration of the feed water. This model has a rela-
tive advantage over other phenomenological and semi
empirical models treating polluted data or the data with
complex functional dependence. Effects of water chem-
istry and process parameters on the scale deposition
behavior have been investigated. In the numerical do-
main, it has been found that BFGS is an effective opti-
mization algorithm that does not require computation of
numerically cumbersome Hessian matrix, or calculation
of any matrix inverses. This algorithm potentially re-
duces the number of function evaluations required to
achieve a network optimization facilitating faster con-
vergence of training error within a few cycles.
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