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AbstractThis study focuses on estimation of NOx emission and selection of input parameters for a coal-fired boiler
in a 500 MW power generation plant. Careful selection of input parameters is required not only to improve accuracy of
the estimation, but also to reduce the model dimensionality. The initial operating input parameters are determined
based on operation heuristics and accumulated operation knowledge; the essential input parameters are selected by
sensitivity analysis where the performance of the estimation model is assessed as one or some input parameters are
successively eliminated from the computation while all other input parameters are retained. From the sequential input
selection process, less than ten input parameters survived out of 36 initial input parameters. Auto-regressive moving
average (ARMA) model, artificial neural networks (ANN), partial least-squares (PLS) model, and least-squares sup-
port vector machine (LSSVM) algorithm were proposed to express the relationship between the operating input
parameters and the content of NOx emission. Historical real-time data obtained from a 500 MW power plant coal-fired
boiler were used to test the proposed models. It was found that principal components analysis (PCA) enhances the
estimation performance of each model. Among the four proposed estimation models, the LSSVM model coupled with
PCA scheme showed the minimum root-mean square error (RMSE) and the best R-square value.
Keywords: NOx Emission, Parameter Reduction, ARMA, ANN, PLS, LSSVM, PCA

INTRODUCTION

Coal-fired power plants are dominant in industries of electrical
power generation and will remain as important power sources to
meet the demand for electricity in the future. Coal-fired power
plants accounted for 48.3% of Korea’s electricity in 2016. However,
coal is not a clean energy resource because its combustion intro-
duces many pollutants into the ambient surroundings. Nitrogen
oxides (NOx) are significant pollutants that affect the global atmo-
sphere. NOx emission is responsible for damage to the environment,
formation of photochemical smog, the depletion of stratospheric
ozone, and greenhouse effects. Therefore, reduction of NOx emis-
sion has been a worldwide industrial concern, and various meth-
ods to minimize NOx emission have been proposed. Coal-fired
power plants are confronted by more rigorous challenges on NOx

emission due to strict environmental regulations. To reduce NOx

emission from coal-fired power plants, many approaches, includ-
ing low-NOx burner, selective catalytic reduction (SCR), selective
non-catalytic reduction (SNCR), and high temperature air com-
bustion technique, have been proposed. Most of these methods are
effective in the reduction of NOx emission, but there exist some
constraints in the construction of relative facilities, and initial capi-
tal costs are very high.

As an alternative, the method of optimization of plant operating
parameters has been proposed. In this approach, the operating

parameters are carefully adjusted by modeling NOx emission and
employing a suitable optimization scheme. This method is attrac-
tive because it is more cost efficient and implemented more easily
compared to aforementioned methods. This method requires an
accurate NOx emission model that represents the relationship be-
tween the operating parameters and NOx emission. Many research-
ers have contributed to the development of the NOx emission model.
Choi [1] analyzed characteristics of flow pattern, combustion, tem-
perature, and NOx emission in the 500 MW tangentially fired pul-
verized coal boiler to develop a mathematical model for NOx

emission. Fiveland [2] used data obtained from the low NOx burner
of a utility boiler to develop a NOx emission model. During the
past few decades, the artificial neural network (ANN) has been
widely used to model NOx emission for coal-fired power plants
due to its excellent nonlinear mapping capacities. In addition to
ANN, computational fluid dynamics (CFD) has been widely used
to represent coal combustion and behavior of NOx emission. Zhou
et al. [3] used ANN to develop a NOx emission model for a pul-
verized coal-fired boiler and compared their results with the model
by CFD. They found that the ANN model was more intuitive and
easier to implement compared to CFD models. The support vector
machine (SVM) has been experiencing a booming development
as another computational intelligence method, and has been widely
used to model NOx emission. In particular, the support vector regres-
sion (SVR) was proposed to supplement ANN and to provide
alternative solutions for highly nonlinear problems. Zhou et al. [4]
employed the SVR to develop a NOx emission model and opti-
mized it by using the particle swarm optimization (PSO) method
to find out that the NOx emission reduced up to 32.67% when the
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load was 312.08MW. Zheng [5] used SVR to construct a NOx emis-
sion model and compared various optimization methods includ-
ing genetic algorithm (GA), PSO, ant colony optimization (ACO)
algorithm to find that the performance of the ACO algorithm is
the best among these three schemes. The least-squares support
vector machine (LSSVM), which is an improved variant of SVM
and inherits the advantages of SVM including substantial general-
ization and a unique solution, significantly reduces the training
time compared to CFD method. Ahmed et al. [6] employed the
LSSVM to develop a NOx emission model and compared it with
the model obtained by using partial least square (PLS) algorithm.
Lv et al. [7] combined the LSSVM-based model with fuzzy c-mean
and PLS scheme to enhance the tracking performance of the model.
The principal component analysis (PCA) method can be effec-
tively used to improve the performance of prediction models. The
PCA raises the training speed and improves the accuracy by
reducing the dimensionality of data. Ding et al. [8] simplified their
model by applying PCA to 23 sample indices and used a back propa-
gation neural network to construct the prediction model for river
water pollution. Nomikos [9] used multiway PCA to project past
data of a batch process onto the lower dimensional space and found
that large data reduction was achieved and the monitoring perfor-
mance was significantly improved.

The performance of NOx emission models is greatly affected by
the type of input data from the coal-fired boiler. Therefore, much
attention has to be given to the proper selection of input parame-
ters. The input parameters that have only a slight effect on the model
performance not only increase the model complexity, but also
reduce the model accuracy. In this work, for the purpose of com-
parison, auto regressive moving average (ARMA), ANN, PLS, and
LSSVM were used to estimate the NOx emission based on the key
operating variables for a 500 MW coal-fired power plant boiler.
The set of input parameters in each method was determined by

iterative elimination of the parameters that have a negative, or only a
slight effect, on the model outcome. PCA was then applied to reduce
the dimensionality of data and to improve the modeling outcome.

PROCESS DESCRIPTION

The coal-fired boiler in the present study uses pulverized coal
combustion process, which burns coal pulverized up to 200 mesh
by injecting the coal particles with air into the combustion cham-
ber. The pulverized coal in the pulverizer is transported to the
boiler burner via preheated primary air. The combustion cham-
ber is divided into six layers and the pulverized coal is fed to each
layer. The secondary air compressed by fans and preheated by the
air preheater is fed into the combustion chamber and is burned
with pulverized coal particles. The amount of oxygen supply required
in combustion is adjusted by each damper, and additional second-
ary air (over-fire air) is introduced to the upper part of the burner
to prevent incomplete combustion. The over-fire air flow is fed to
the front wall and the rear wall of burner. This flow is controlled
by four over-fire air dampers. The after-combustion heavy ash from
the boiler is collected in the hopper, and the fly ash and combus-
tion gas are transported to the SCR through ID fan. Fig. 1 rep-
resents the flow diagram for the underlying coal-fired boiler.

MODELING OF NOx EMISSION

1. Auto-regressive Moving Average (ARMA) Model
ARMA model can be used effectively to analyze historical time-

series data and to predict future values. In an auto-regression model,
a linear combination of past data is used in the estimation process.
An auto-regressive process model of order p can be expressed as

Xt=1Xt1+2Xt2+…+pXtp+et (1)

Fig. 1. Simplified process flow diagram of a coal-fired boiler.
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where Xt, output of process model at time t, consists of past X val-
ues,  is coefficient matrix, and et denotes modeling error. This
model can be expressed as AR(p). Auto-regressive models are well
known to be effective in treating a wide range of various time series
patterns.

Rather than using past forecast variables, a moving average model
employs past forecast errors.

et=wt+1wt1+2wt2+…+qwtq (2)

where wt is white noise and  is coefficient matrix. This model can
be expressed as MA(q). Xt may be considered as a weighted mov-
ing average of errors of the past few forecasts. These two equations
can be combined to give the model for Xt that can be expressed as
ARMA (p, q) where p denotes the order of the autoregressive part
and q denotes that of the moving average part. The ARMA model
can be expressed as

Xt1Xt1…pXtp=wt+1wt1+…+qwtq (3)
wt~WN(0,  2)

Eq. (3) can be represented using the backshift operator defined
as zkXt=Xtk. Using the z operator, Eq. (3) can be rewritten as
(z)Xt=(z)wt (4)

where
(z)=11z…pzp

(z)=1+1z+…+qzq

This method is used to make linear equation applied to time series
data.
2. Artificial Neural Network (ANN) Model

ANN represents the neural behavior of the human brain [10].
Compared to theoretical models, ANN establishes the relationships
between inputs and outputs by training. A typical ANN is com-
posed of neurons and transfer functions, and can be used to esti-
mate the input-output relationship of a system. In general, ANN
has single input layer, some hidden layers and single output layer.
During the training process, the inputs are fed into the networks,
multiplied by weight parameters, and summed to yield a node out-
put which is transferred to the processing elements to produce an
output. The input data are transported through the network and
outputs are obtained from the output layers. Training process should
be optimized to avoid over-training. Data used in the training and
validation are divided into different sets: data set for training, data
set for model validation, and data set to be used in the test. When
input data is xi=(x1, x2 … xM) and output is yk=(y1, y2 … yN), yk

can be computed by Eq. (5).

 where k=1, …, N. (5)

where H is the number of neurons in the single hidden layer and
w is weight parameter of the each layer, and FO and Fh are the out-
put vectors from the output layer and the hidden layer, respectively.
The model is trained with available data from a coal-fired boiler.
When the training process is finished, the remaining data sets that
were not used in the training are used to validate the model [11].
3. Partial Least-squares (PLS) Model

PLS methods involve an approximation of the input block, X,

and output block, Y, and optimization of the correlation among
data blocks [12,13]. The PLS model may be regarded as consist-
ing of outer relations (individual X and Y blocks) and inner rela-
tions (linking both blocks). In the PLS model, the input and output
blocks obtained from a coal-fired power plant are presented into
the feature spaces with lower dimension. Projection of high dimen-
sional blocks X and Y onto key factors (T, U) yields the most sig-
nificant relationship among the feature vectors. The outer relations
for the X and Y blocks can be represented as follows:

(6)

(7)

where P and Q are orthogonal matrices and E and F represent the
errors. Each pair of latent variables (T and U) represents some of
the variability contained in the input and output blocks. The first
latent variables represent the variance in the data blocks, while the
remaining latent variables represent noise contained in measure-
ment and process. In the model building procedure, a threshold
value for F is used [14]. The commonly used model to express the
inner relation is a simple linear model given by

(8)

where bh= th/th
Tth represents the coefficient in the linear regres-

sion. The quality variables are predicted by applying the PLS algo-
rithm in the form of linear regression as follows [15]:

(9)

4. Least-squares Support Vector Machine (LSSVM) Model
LSSVM has been widely applied in the modeling of nonlinear

systems due to its ability of good generalization and low computa-
tional load [16]. If an individual learning subset Lk (k=1, …, T)
consisting of data samples {xi, yi}n

i=1 is given, the LSSVM model
can be formulated as a typical optimization problem:

(10)

where  denotes a nonlinear function that maps the input data into
a space with higher dimension, b is the bias,  is the weight vec-
tor, =[1, …, n]T is the error variable vector, and  is the penalty
factor. If data are noisy, smaller value of  is preferred to avoid
overfitting. Lagrange function and Karush-Kuhn-Tucker condi-
tions are employed to solve the optimization problem. The final form
of the LSSVM model to be used in the function estimation can be
expressed as follows:

(11)

where =[1, …, n]T denotes the Lagrange multiplier, K is the
kernel function used to represent the mapping procedure and to
avoid computation of the function . In this study, the Gaussian
radial basis function is used as K that is defined as follows:

K(x, xi)=exp( ||xxi||2/ 2) (12)

where  is a tuning kernel parameter [7,17].
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5. Principal Component Analysis (PCA)
PCA converts a data set containing p correlated variables to a

new data set consisting of p uncorrelated orthogonal variables.
These variables, referred to as principal components (PCs), are lin-
ear functions of the original variables. The sums of variances of prin-
cipal components and original variables are identical with each
other. Algebraically, for p original variables, x1, x2, …, xp, these can
be represented as

(13)

(14)



and so on for all p PCs. The variances in the PCs are represented
by the eigenvalues, and the weights (aij) are represented by the eigen-
vectors obtained from the covariance matrix. The goal is that the
first k principal components (k<<p) should retain most of the
information contained in p original variables to reduce the dimen-
sionality of the data. This means that if the correlations among the
original variables are high, the first k PCs will represent most of
the total variance and may be used to express multivariate patterns
[18-21]. In this study, PCA is combined with other model type to
enhance the tracking performance.

RESULTS AND DISCUSSION

Data points used in the simulations were obtained from the oper-
ation of 500  coal-fired boiler with the sampling time of 1 min.
The outliers exhibiting severe fluctuation or erroneous behavior
caused by either faulty sensors or human error were eliminated from
the data set used in the simulations. As a result, 3300 data points
were acquired over three consecutive days of operation. Among
these operational data points, a total of 3000 data points were selected
for model training, and the remaining 300 data points were used in
the model validation process. As a basic case we selected 41 input
parameters and chose the concentration of NOx emission as the
output variable (see Table 1).

The input parameters that did not change at all during the sam-
pling period could be excluded from the simulations. From care-

ful check, effects of five input parameters (fgO2, odA, B, C, D) on NOx

emission were found to be negative, and the remaining 36 input
parameters were considered in the estimation of NOx emission
hereafter. After elimination of outliers, the Kalman filter was em-
ployed to pretreat data points followed by normalization process to
constrict the scale of data points within the range of [0, 1]. In this
study, the root-mean square error (RMSE), defined as follows, was
used to assess the model performance:

(15)

where yk are the estimated NOx emission, yref are the measured NOx

emission, and N is the number of data samples. Fig. 2 shows the
results of NOx emission for each model. The order of the ARMA
model is 2, and the number of layers and nodes of the ANN model
is 1 and 5, respectively. The number of principal components in
the PLS model is determined by cumulative percentage. Only the
principal components that make the cumulative percentage over
90% were selected. The number of principal components used to
generate Fig. 2 was 26. In the LSSVM model, the penalty factor, ,
was set to 2 and the tuning kernel parameter, , was set to 2.7.
Values of RMSE were 0.2979 for ARMA model, 0.4446 for ANN
model, 0.1378 for PLS model, and 0.1360 for LSSVM model. Even
though the LSSVM model displays the smallest RMSE, we can see
that the tracking performance of this model is not satisfactory.

Input parameters with little or negative contribution to the out-
put parameter (concentration of NOx emission) can be excluded
to avoid model complexity. The variation in the model accuracy
for a specific set of operational data was analyzed as one or several
input parameters are omitted from the simulations while retaining all
other input parameters. For accurate analysis, only the input parame-
ters are varied, and the data set related to model training and vali-
dation should remain unchanged for each set of input parameters.
In this study, the value of RMSE obtained when all initial input
parameters were employed was regarded as the base case. One input
parameter was omitted and RMSE was calculated using the remain-
ing input parameters. If the resultant RMSE was smaller than the
base case, the omitted input parameter was excluded from further
computations because the contribution of this parameter to the
output parameter can be neglected. This process was repeated for

PC1 a11x1 a12x2     a1pxp  a1jxj
j1

p


PC2  a21x1 a22x2    a2pxp  a2jxj
j1

p


RMSE  
 yk  yref 2

N
--------------------------

Table 1. List of input and output parameters used in the present study
Input parameters

P: Power (MW) fgO2: Flue gas O2 bias (%)
FrA-F: Coal feeding rate (A-F) (ton/hr) TF: Total air flowrate (Nm3/sec)
FDA, B: FD Fan blade control bias (A, B) (%) phA-F: Primary air hot damper position (A-F) (%)
Fz1A, B: FD Fan blade z-1 (A, B) (%) pcA-F: Primary air cold damper position (A-F) (%)
Fz2A, B: FD Fan blade z-2 (A, B) (%) TA-F: Pulverizer outlet temp (A-F) (oC)
Iz1A, B: ID Fan blade z-1 (A, B) (%) odA, D: Over-fire air damper (front wall A, D) (%)
Iz2A, B: ID Fan blade z-2 (A, B) (%) odB, C: Over-fire air damper (rear wall B, C) (%)

Output parameters
NOx emission (ppm)
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all the input parameters using each model type until the RMSE no
longer decreased.

For the ARMA model, RMSE for the estimation using 36 input
parameters (base case) was 0.2979. One input parameter was omit-
ted sequentially from 36 input parameters and RMSE was calcu-
lated for the estimation based on the remaining input parameters.
Fig. 3(a) shows the value of RMSE for the base case (0.2979) and
those for the 36 estimations with one input parameter omitted
sequentially. We can see that the calculated RMSEs for 18 cases are
less than the base case RMSE. This indicates that these 18 input
parameters have negative effects on the content of NOx emission.
Next, the ARMA model was constructed again using the remain-
ing 18 parameters except for the 18 parameters that reduced the
RMSE. RMSE for the estimation using 18 input parameters (new
base case) was 0.1293. Again, one input parameter was omitted
sequentially from 18 input parameters and RMSE was calculated
for the estimation based on the remaining 18 input parameters.
Fig. 3(b) shows the RMSE for the new base case and 22 RMSEs
for sequential estimations. Three parameters reduced the RMSE,
which indicated that these input parameters could be excluded.

When the ARMA model was reconstructed using the remaining
15 parameters, the calculated RMSE value was 0.1089, indicating
improved estimation over previous cases. Further iteration showed
no improvement over previous estimation, which means reduction
of input parameters was no longer required. Thus the remaining
15 input parameters (FrC, F, FDA, B, Fz1A, B, Fz2A, B, Iz1B, phB, pcA, B, D, E,
TD) were chosen as the input parameters for the ARMA model.

The RMSE for the initial base case ARMA model was reduced
significantly when input parameters P, FrE, phC, phD and TF were
excluded sequentially. In the second iteration procedure, the input
parameters reduced RMSE by 0.0185 and 0.0082, respectively. When
the parameter pcB was excluded in both the first and second itera-
tion procedures, the increase in the RMSE was 0.0526 and 0.0542,
respectively, which indicates that the parameter pcB greatly influ-
ences NOx emission.

For the ANN model, RMSE for the estimation using 36 input
parameters (base case) was 0.4446. One input parameter was omit-
ted sequentially from 36 input parameters and RMSE was calcu-
lated for the estimation based on the remaining input parameters.
Fig. 4(a) shows the value of RMSE for the base case (0.4446) and

Fig. 2. Estimation of NOx emission: base case.
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those for the 36 estimations with one input parameter omitted
sequentially. We can see that the calculated RMSEs for 14 cases are
less than the base case RMSE. This indicates that these 14 input
parameters have negative effects on the content of NOx emission.
Next, the ANN model was constructed again using the remaining
22 parameters except for the 14 parameters that reduce the RMSE.
RMSE for the estimation using 22 input parameters (new base
case) is 0.3399. Again, one input parameter was omitted sequen-
tially from 22 input parameters and RMSE was calculated for the
estimation based on the remaining 21 input parameters. Fig. 4(b)
shows the RMSE for the new base case and 22 RMSEs for sequen-
tial estimations. It is observed that 14 parameters reduce the RMSE,
which indicates that these input parameters can be excluded. When
the ANN model was reconstructed using the remaining eight param-
eters, the calculated RMSE value was 0.1988, indicating improved
estimation over previous cases. The same procedure was repeated
on the new ANN model based on eight input parameters, and the
results are shown in Fig. 4(c). Four input parameters turned out to
be omissible from eight parameters. Further iteration showed no
improvement over previous estimation, which meant reduction of

input parameters was no longer required. Thus, the remaining four
input parameters (Iz2A, phC, pcA, TD) were chosen as the input
parameters for the ANN model. The RMSE for the initial base
case ANN model was the largest among the four models consid-
ered in this work, but the RMSE value was greatly reduced through
iterative reduction procedure of input parameters. The prediction
results based on the final four input parameters were the second
best among the four estimation models. It is confirmed that mini-
mal use of input parameters is one of the most significant advan-
tages of the ANN model.

For the PLS model, RMSE for the estimation using 36 input
parameters (base case) was 0.1906. One input parameter was omit-
ted sequentially from 36 input parameters and RMSE was calcu-
lated for the estimation based on the remaining input parameters.
Fig. 5(a) shows the value of RMSE for the base case (0.1906) and
those for the 36 estimations with one input parameter omitted
sequentially. We can see that the calculated RMSEs for 22 cases are
less than the base case RMSE. This indicates that these 22 input
parameters have negative effects on the content of NOx emission.
Next, the PLS model was constructed again using the remaining

Fig. 3. Effects of the omission of each input parameter on the RMSE for ARMA model: (a) The first and (b) the second iteration.
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14 parameters, except for the 22 parameters that reduce the RMSE.
RMSE for the estimation using 14 input parameters (new base
case) was 0.1293. Again, one input parameter was omitted sequen-
tially from 14 input parameters and RMSE was calculated for the

estimation based on the remaining input parameters. Fig. 5(b)
shows the RMSE for the new base case and 14 RMSEs for sequen-
tial estimations. It was observed that four parameters reduced the
RMSE, which indicated that these input parameters could be

Fig. 4. Effects of the omission of each input parameter on the RMSE for ANN model: (a) The first, (b) the second, and (c) the third iteration.
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excluded. When the PLS model was reconstructed using the remain-
ing ten parameters, the calculated RMSE value was 0.1276, indi-
cating slightly improved estimation over previous cases. Further
iteration showed no improvement over previous estimations, which
meant reduction of input parameters was no longer required. Thus
the remaining ten input parameters (P, FrB, D, F, Fz1A, B, Iz2A, TF,
phE, TE) were chosen as the input parameters for the PLS model.

The variation of the RMSE by excluding an input parameter
was larger in the PLS model compared with the other models.
The RMSE for the initial base case PLS model was reduced up to
more than 0.03 when input parameters FrA, phD, pcD and pcF were
excluded sequentially. In the second iteration procedure, the effects
of the input parameters phA and phC on the NOx emission were
larger than other input parameters.

For the LSSVM model, RMSE for the estimation using 36 input
parameters (base case) was 0.1360. One input parameter was omit-
ted sequentially from 36 input parameters and RMSE was calcu-
lated for the estimation based on the remaining input parameters.
Fig. 6(a) shows the value of RMSE for the base case (0.1360) and

those for the 36 estimations with one input parameter omitted
sequentially. The calculated RMSEs for 16 cases are less than the
base case RMSE. This indicates that these 16 input parameters have
negative effects on the content of NOx emission. Next, the LSSVM
model was constructed again using the remaining 20 parameters,
except for the 16 parameters that reduce the RMSE. RMSE for the
estimation using 20 input parameters (new base case) was 0.1152.
Again, one input parameter was omitted sequentially from 20 input
parameters, and RMSE was calculated for the estimation based on
the remaining input parameters. Fig. 6(b) shows the RMSE for the
new base case and 20 RMSEs for sequential estimations. It is ob-
served that 13 parameters reduce the RMSE, which indicates that
these input parameters can be excluded. When the LSSVM model
was reconstructed using the remaining seven parameters, the cal-
culated RMSE value was 0.1087, indicating slightly improved esti-
mation over previous cases. Further iteration showed no improve-
ment over previous estimations, which means reduction of input
parameters was no longer required. Thus the remaining seven
input parameters (P, FrE, TF, phB, D, pcD, TA) were chosen as the

Fig. 5. Effects of the omission of each input parameter on the RMSE for PLS model: (a) The first and (b) the second iteration.
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input parameters for the LSSVM model.
The LSSVM model exhibits the least base case RMSE among

the four estimation models considered in the present study. The
maximum decrease in RMSE was observed when the input param-
eter TE was excluded. In the second iteration procedure, effects of
the input parameters pcF and TE on the NOx emission are larger
than other input parameters.

After the iterative input reduction procedures to achieve the mini-
mum RMSE, the number of final remaining input parameters was
15, 4, 10 and 7 for ARMA, ANN, PLS and LSSVM model, respec-
tively. Table 2 shows the resultant input parameters surviving from

the sequential input selection processes. The parameters that pro-
vide minimum RMSE are different for each model except some
common input variables such as pcA and TD for ARMA and ANN
models, FrF and Fz1A, B for ARMA and PLS models, phB and pcD

for ARMA and LSSVM models, and Iz2A for ANN and PLS mod-
els. It is confirmed that these are key input parameters that have
an important effect on the NOx emission.

Using these key input parameters shown in Table 2, the NOx

emission was estimated using four models. Results of estimations
are shown in Fig. 7. Values of RMSE are 0.1089 for ARMA model,
0.1279 for ANN model, 0.1276 for PLS model, and 0.1087 for
LSSVM model. Values of RMSE are reduced significantly compared
to the base cases shown in Fig. 2. Even with the reduced RMSE val-
ues, the tracking performance of each model is still not satisfactory.

As mentioned, PCA reduces dimensionality of input parameters
and transforms the original feature data vector into the principal
component space. Therefore, we can expect that combination of
the estimation models with PCA may enhance the tracking perfor-
mance of the model. Fig. 8 shows results of NOx emission obtained
from each model combined with PCA, and Table 3 shows the resul-

Fig. 6. Effects of the omission of each input parameter on the RMSE for LSSVM model: (a) The first and (b) the second iteration.

Table 2. The resultant input parameters survived from the sequen-
tial selection processes

Model Input parameters
ARMA FrC, F, FDA, B, Fz1A, B, Fz2A, B, Iz1B, phB, pcA, B, D, E, TD

ANN Iz2A, phC, pcA, TD

PLS P, FrB, D, F, Fz1A, B, Iz2A, TF, phE, TE

LSSVM P, FrE, TF, phB, D, pcD, TA
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tant values of RMSE for each model.
To confirm the model fitting performance shown in Table 3, R-

squared is employed as an additional criterion. The R-squared is
defined as follows:

(16)

where  is the mean of the measured data. The closer the R-squared
is to 1, the better is the fitting of the model. Values of R-squared
for each case are shown in Table 4.

The value of RMSE for each model is reduced when combined
with PCA and R-squared is close to 1. Though all models exhibit
improved estimation results, there are differences in performance

among the four models. The ANN model experienced the best
improvement by reducing the RMSE by 73%. Among other mod-
els, the LSSVM model yields the least RMSE for base case, estima-
tion using selected input parameters, and estimation combined
with PCA. For all cases, the LSSVM model has the best RMSE
and R-square values and shows enhanced fitting performance by
using selected parameters and applying PCA. It is obvious that the
LSSVM model combined with PCA shows the best prediction per-
formance among the four models considered in the present study.

CONCLUSIONS

A comparative study on the estimation of NOx emission and

R2
 1 

SSr

SSt
------- SSr  i yk  yref 2, SSr  i yk  y 2 

y

Fig. 7. Results of estimation of NOx emission: Selected input parameters.

Table 3. The RMSE values for each model

Model Base case Selected
parameters

Selected parameters
combined with PCA

ARMA 0.29790 0.1089 0.1044
ANN 0.44460 0.1279 0.1184
PLS 0. 1378 0.1276 0.1205
LSSVM 0.13600 0.1087 0.1016

Table 4. R-squared values for each model

Model Base case Selected
parameters

Selected parameters
combined with PCA

ARMA 0.9646 0.9953 0.9954
ANN 0.9815 0.9939 0.9959
PLS 0.9929 0.9936 0.9942
LSSVM 0.9933 0.9958 0.9972
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selection of input parameters was performed for a coal-fired boiler
in 500 MW power generation plant. In the sequential selection pro-
cedure of input parameters, the input parameters that exert nega-
tive effects on the RMSE are excluded from further consideration
and estimations are performed with remaining parameters. In the
estimation of NOx emission, ARMA, ANN, PLS and LSSVM mod-
els were used. Without input selection procedure, all models showed
poor estimation performance due to the inclusion of input param-
eters with little or negative effects on NOx emission while increas-
ing complexity in the estimation. After the iterative input reduction
procedures to achieve the minimum RMSE, the numbers of final
remaining input parameters out of 36 initial parameters were 15
for ARMA model, 4 for ANN model, 10 for PLS model, and 7 for
LSSVM model. The use of PCA enhanced the estimation perfor-
mance of each model. Values of RMSE obtained from estimations
with selected input parameters and coupled with PCA were 0.1044
for ARMA model, 0.1184 for ANN model, 0.1205 for PLS model,
and 0.1016 for LSSVM model. The R-squared values were 0.0.9954
for ARMA model, 0.9959 for ANN model, 0.9942 for PLS model,
and 0.9972 for LSSVM model. Among the four proposed estima-
tion models, the LSSVM model coupled with PCA scheme showed

the minimum RMSE and the best R-squared values.
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