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Abstract
This paper presents a way of predicting NOx emissions from circulating fluidized bed combustors (CFBC) in air-fired and oxyfuel conditions, using the Artificial Neural Network (ANN) Approach. The Original Neural Networks Model was successfully
applied to calculate the NOx (i.e. NO + NO2 ) emissions from coal combustion under air-fired and oxygen-enriched conditions
in several CFB boilers. The ANN model was shown to give quick and accurate results in response to the input pattern. The
NOx emissions, evaluated using the developed ANN model are in good agreement with the experimental results.
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1. Introduction
Nitrogen oxides (NO x ) are major gaseous pollutants CFB
fossil fuel combustion, having injurious effects on the environment and human health [1]. The concentration of NO x
in flue gas is the result of competing formation and destruction mechanisms and is affected by complex factors. Among
them are: fuel properties (particle size distribution, nitrogen
and volatile content), excess oxygen, primary/secondary gas
ratio, local temperature and oxygen partial pressure in the
furnace, the presence of calcined limestone in the combustion chamber, gas velocity in the furnace, and the geometry of the system, as boiler size and exit effects influence
the mixing processes and distribution of solids in the combustion chamber [2–31]. The height of the pilot-scale facilities used is smaller than the height of large-scale combustors, leading to a lowering of the gas residence time. Radial mixing of the fuel and of the secondary gas in the test
facilities is more enhanced than it is in large-scale combustors [18]. For the oxy-fuel conditions the flue gas-recycle ratio
should also be taken into account, considering the NO x formation and destruction mechanisms, as part of the flue gas
is recycled to the combustion chamber to control the combustion temperature [19, 21]. To obtain NO x concentrations
in flue gas, detailed measurements are generally needed,
which are usually time consuming and expensive [2–4, 6–
22, 26–35]. Other ways to evaluate the gaseous pollutants
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emissions involve the use of several CFBC models. They
differ as to their details and/or sophistication [5, 12, 25, 36–
55]. Some of them refer to oxy-fuel conditions. Basu provided a wide-range review and comparison of circulating fluidized bed combustor models [5]. The author discussed two
programming approaches to performance modeling, i.e., the
furnace approach and the system approach. The furnace
approach describes the details of what goes on in the furnace while the system approach focuses on system integration. In the furnace approach, models can be grouped
under three levels of details and/or sophistication: level I:
1-D, plug flow/stirred tank, using simple mass and energy
balance; level II: core-annulus, 1.5-D with broad consideration of combustion and other related processes; level III: 3-D
model based on Navier-Stokes Equation with detailed consideration of chemical kinetics and individual physical processes. Gungor and Eskin [12] also underlined that all CFB
models can be classified into three groups, according to the
Harris and Davidson classification [36]. Models of Type I constitute the simple axial solids distribution models, Type II are
core/annulus models and Type III—Computational Fluid Dynamics (CFD) models, which are the most general and numerically complex. The CFD models employ gas and solids
continuity equations, momentum balances and constitutive
equations [12]. As an example, Leckner and Lyngfelt [21] developed a two-dimensional coal combustion model in a CFB
boiler. It was successfully validated against data from
a pilot-scale 50 kW CFB combustor as well as an industrial
scale 160 MW CFB boiler. A review of macroscopic (semiempirical) models for fluid dynamics of circulating fluidized
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bed boilers was also given by Pallares and Johnsson [55].
As the nature of the industrial processes is often non-linear
and extremely complex, models usually include some empirical parameters to provide necessary data in the cases where
up-to-date modeling is unsatisfactory [55]. It happens, e.g.,
to adjust parameters of the model, which could not be determined immediately, especially for different operating conditions. Models are often time consuming. The time required to
acquire accurate predictions through numerical testing can
be fairly long, in spite of the fact that they usually use simplified assumptions to make the models simpler and easier
and to obtain a tractable solution. The algorithms are complicated and, as usual, are based on the solution of complex differential equations. Another estimation method in engineering analysis and predictions is applying techniques provided
by artificial intelligence [43]. One of them is Artificial Neural Networks (ANNs). Compared to the complex numerical
and analytical methods as well as the high costs of empirical
experiments, neural networks constitute an alternative approach to data handling [56]. This paper presents ANN techniques to predict the NOx (i.e., NO + NO2 ) emissions from
coal combustion under air-fired and oxygen-enriched conditions in CFB combustors. Simulation results agree well with
experimental data, not only qualitatively. Moreover, the proposed methodology delivers quantitative agreement of calculated data with experimental results.

2. NO x emissions: theory
Many works deal with the NO x emissions from CFB fossil
fuel combustion, since nitrogen oxides are some of the most
harmful components of flue gas from CFB boilers. Some
of them are described in this section. Interesting studies
of NO x formation are presented by Zhao et al. [31]. The
authors used a pilot CFB combustor with a riser which is
0.152 m square and 7.3 m tall. Five fuels were burned, i.e.
(in order of decreasing rank) coals: anthracite, Minto (a high
sulfur bituminous coal), Highvale (a subbituminous coal), lignite and petroleum coke. The authors underlined that oxidation of volatiles and char-bound nitrogen take part in NO x
formation. The local temperature, oxygen partial pressure
and the presence of catalysts are also important factors as
they have an impact on volatiles release and combustion processes. Reduction of NO x is favored by the presence of char
and the lower oxygen partial pressures, whereas the NO x
formation mechanism dominates for higher oxygen partial
pressures and higher volatile release. The complex effect
of the addition of limestone on NO x formation was also observed. Generally, limestone is considered to be a factor
leading to an increase in NO x formation. The reason is that
for high-volatile fuels (e.g. Minto coal —33.1% of volatile
matter) calcined limestone surface acts as a catalyst for oxidation of volatile nitrogen. On the other hand, when the
volatile content in fuel is low (e.g. 10% for petroleum coke)
the presence of calcined limestone acts as a catalyst for NO
reduction by CO and this mechanism becomes dominant in

such cases [31]. These results are consistent with the opinion that low rank coals can yield more NO x than higher rank
ones [13]. Luis et al. [8]used a CFB combustor with a riser
of 0.161 m i.d. and 6.2 m high to investigate the influence of
five operating parameters on NO x emissions. Downmill bituminous coal was burned during the study. The effects of bed
temperature, air staging, excess air, limestone addition and
coal particle size were investigated in the study. The NO x
emission increased with the bed temperature due to the decrease in char and CO concentration. Higher temperatures
also promoted the oxidation of NCO to NO. The NO x emission increased with the excess air. Similar to the opinion
expressed by Gungor and Eskin [12] the authors observed
that higher oxygen concentration in the riser enhances the
combustion of char and volatile matter especially in the lower
part of the furnace and leads to an increase in NO x formation. The char and CO concentration throughout the riser
are also lower, which deteriorates the NO x reduction mechanisms. The authors also confirmed that staged combustion
is a useful method to decrease NO x emission. The concentration of NO x in flue gas decreased as the secondary air
ratio increases. The authors give three reasons for this. First
of all, atmosphere with limited oxygen in the lower zone of
the combustion chamber tents to conversion of volatiles-N to
N2 instead of NO x . A higher secondary air ratio also leads
to an increase in char and CO concentration in the lower
part of the furnace, causing higher NO decomposition. Finally the residence time of gas in the bottom zone of the
combustion chamber increases with the secondary air ratio.
As a result, the NO x decomposition becomes a more dominant mechanism over NO x formation, throughout the height
of the combustion chamber. The coal particle size slightly influences the NO x emission [8], which increases with a mean
coal particle diameter. One of the explanation is based on
the difference between the intensity of combustion and devolatilization processes for fine and coarse particles. The
complex dependence of NO x emission on CaO addition has
been also discussed by Luis et al. [8]. The decrease in NO
emission with SO2 was explained by the CO oxidation inhibition that occurs in the presence of sulfur dioxides. The NO x
emission increased with the Ca/S molar ratio, due to the catalytic effect of CaO. The authors also observed the reverse
mechanism, when limestone addition leads an NO decrease
because CaO acts as the catalyst for NO reduction. Such
effects are responsible for differences in NO x emissions reported by Amand et al. [2] and the results agree with the data
shown in[31, 32]. The influence of limestone addition at two
different positions in the riser on gaseous pollutants emissions were investigated during the study. Limestone was injected at the bottom of the riser and above the secondary air
injection of a CFB system. The influence of this undertaking
was small and resulted in the difference of about 10 ppm in
NO/ NO x emissions. One of the reasons is the long volatileN time release, according to the observations reported by
Zhao et al. [31]. The dependence between NO x emissions
and the Ca/S ratio was also observed by Feng et al. [10].
During combustion of coal containing 20.9% of volatile mat-
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ter in CFB combustor the NO x concentrations increased with
the Ca/S ratio. It seems that to attain the volatile content
of 20.9% calcined limestone surface still acts as a catalyst
for volatile nitrogen oxidation [31]. The scale-up problem of
CFB boilers with respect to pollutants emissions was investigated by Knobig et al. [18]. Industrial-size 12 MWth CFB
combustor (height: 14 m, cross-sectional area of the riser:
1.6 m x 1.6 m) and lab-scale facility (height: 16 m, inner
diameter of the riser: 0.1 m) were used during the study. Although the axial NO concentration profiles of both combustors had basically the same shape, the general finding was
that some significant deviations of the profiles can be also
recognized. The authors pointed out three-dimensional effects in the large-scale combustor as well as differences in
particle size distribution in the fuel feed [18]. The importance
of air staging in NO emissions was also described in [19–
21]. The authors observed that advanced air staging, when
the second stage is located after the separation of the solid
particles from the flue gas, leads to a significant reduction in
NO. The results obtained by Amand and Leckner [3] revealed
that NO emissions depend on the char loading of the boiler
and the existence of unburned combustible matter such as
CO and H2 in the gas phase, whereas these parameters are
influenced also by the bed temperature, fuel type and the airto-fuel ratio in the furnace. The authors also confirmed that
the NO emissions tend to increase with the volatiles content in the fuel used in the study [4]. NO x emissions under different operating conditions were also investigated by
Gungor [11]. The experiments were carried out on 50 kW
and 80 kW pilot-scale CFB combustors as well as a 160 MW
large-scale CFB boiler. The author observed that NO x emissions deceased with the air excess and inlet bed pressure,
and increased with the operational bed velocity. The effect
of the ash recirculating ratio on NO x emissions from a CFB
combustor was studied by Feng et al. [10]. The NO x concentration in flue gas decreased with ash recirculation ratio.
There are also some results concerning NO x emissions from
CFB boilers operated under oxygen-enriched atmospheres
[6, 7, 9, 14, 17–26, 30–57]. The Mini-CFBC 75 kWth boiler
with a riser of 0.1 m i.d. and 5 m tall was used to study oxyfuel combustion with flue gas recycle [17]. Bituminous and
sub-bituminous coals were fired. An increase in NO x concentration in flue gas was reported during the oxy-fuel combustion. In spite of the fact that the NO x concentration was
twice as high as under the air-firing mode, the total amount
of NO x emitted was about the same due to the lower flue gas
volume from the oxy-fuel-fired unit. Similar results were obtained by Canmet ENERGY [14–16, 28], Nsakala et al. [26]
and Varonen et al. [30]. Slightly different results are presented in [9] . A pilot-scale (30–100 kW) CFB reactor was
used to carry out a set of tests performed under oxy-fired
conditions at VTT Finland. The NO emissions were comparable with those obtained during air mode. The above literature review indicates the complexity of the NO x emissions
mechanism occurring during coal combustion, both in airfired and oxy-fuel CFB conditions. As the discussion about
dominant mechanisms over the NO x formation is still open,

especially in oxy-fuel conditions, there is a clear need for
a simple to use and reliable model that can quickly and accurately predict NO x emissions from different combustors over
a range of unit dimensions, operating conditions and physical properties of fuel burned in the CFB boilers. In this paper
the authors present a model of NO x emissions developed
using the artificial neural network approach. The necessary
data for this work to train the neural network was collected
from experiments presented in the literature. The data set
consisted of 70 patterns including experimental results from
large- and pilot-scale CFB combustors, operated both under
air-fired and oxygen-enriched conditions.
3. Results and discussion
3.1. Neural network modeling
Artificial neural networks (ANN) are useful in many fields
of science, knowledge and technology. They provide an alternative approach to the simulation of complex, ill-defined
and uncertain systems [55, 57–59]. Among others ANN
are used in atmospheric sciences and energy engineering systems. Kalogirou [56] divided all the ANN applications into the following groups: classification, forecasting,
control systems, optimization and decision-making. Giving
some examples the author listed among others: modeling
of the combustion processes in incineration plants, the predictive control of a thermal plant, modeling of the chemical reactions in turbulent combustion simulations [60–62].
Other examples of ANN applications include: modeling of
engine emissions, control and modeling of power generation systems, load forecasting and prediction, chemical reactor modeling, air-quality prediction, heat transfer analysis, robotics [23, 24, 52, 58–86]. Liukkonen et al. [23, 24]
used an unsupervised artificial neural network, Kohonen
self-organizing map and multilayer perceptrons for the prediction of NO x emissions from utility-scale atmospheric CFB
boilers. An ANN model was applied to predict the NO x emissions from a 600 MW capacity pulverized coal combustion
boiler [65, 86]. Jensen et al. [58] implemented the neural
network to investigate mercury speciation emissions from
coal fired boilers. A special issue of Chemical Engineering and Processing was dedicated to the application of neural network, soft and hybrid computing in the area of multiphase reactors [87]. Some papers deal with the application of neural networks in the area of hydrodynamics and
mass transfer [88–90], reactor design and scale up with the
presence of chemical reactions [90–93]. Neural networks
enjoy popularity because of their features. As they can learn
the relationship between the input and output variables from
given examples, they do not need any detailed information
about the studied processes, unlike multiple linear and nonlinear regression [56]. They operate like a “black box” and
their learning process resembles the operation of a human
brain [58, 63]. They have the ability to ignore redundant
and excess data, use incomplete data sets and concentrate on more important inputs [56, 58, 59]. Since a single
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neuron has a limited memorizing capacity, a neural network
consists of a group of interconnected (by so-called weights)
neurons (perceptrons) [58, 63]. The knowledge about the
process acquired by the model during the learning stage
is stored in the ANN structure and weights [56, 84].The
studied process involves the ANN’s architecture, the activation function of a neurons and the number of perceptrons.
Therefore there are, e.g., recurrent, feed-forward, Kohonen,
Hopfield, probabilistic and Bayesian–Gaussian neural networks [23, 24, 58, 72, 90, 94]. Some of them refer to supervised, others to unsupervised or self-organizing neural
networks. In this paper a multilayer ANN was applied since
feed-forward neural networks are widely used in engineering
applications [56, 58, 63, 82]. Perceptrons in such networks
are arranged in three kinds of layers and form input, intermediate (so-called hidden) and output layers. Such ANNs
can contain one or more hidden layers. Suitable architecture and the appropriate number of hidden neurons must
be established for the ANN model, to achieve the required
accuracy of neural network estimation. Therefore, in order
to constitute a useful tool, a neural network needs to be
prepared in advance in the following principle steps: setting ANN architecture initial values of weights (between 0
and 1), normalization of input and output signals, training
(learning) process [59, 71]. The learning stage applied in
this study consists of supervised learning, where the input
pattern is repeatedly and simultaneously presented with its
corresponding output pattern. For example, during overall
heat transfer calculations such data sets consisted of 64,
29 and 69 input and output patterns, for membrane-walls,
SH I and SH II, respectively [72]. The learning process allows one to modify the connection weights through a suitable
learning method and to adjust them to produce the desired
output. The ability of the artificial neural network to reproduce a process from training examples is called the neurocomputing approach and differs from programmed computing approach, which consists of writing algorithms using
a mathematical model of the studied process [58]. A simple, powerful and reliable training method, often used to train
artificial feed-forward neural networks, is the Back Propagation (BP) scheme [56, 69]. The BP technique is an iterative gradient algorithm for minimization of the mean square
error between the desired and predicted output. In the BP
scheme the difference between outputs and the pattern is
the measure of the weights modification rate. The logarithmic sigmoid and the hyperbolic tangent sigmoid function are
the most commonly used activation functions in such neural networks. Different activation functions can also be applied in each layer of the network [63]. When the criterion of
the mean square error is fulfilled and the network has good
generalization ability (i.e., the ability to accurately predict the
validation data set, not previously seen in the neural network) the learning step is finished [63]. A neural network
prepared in this way is a useful tool for performing quick,
non-iterativecalculations [58].

3.2. Model evaluation for NOx emission in air-fired and
oxygen-enriched CFB conditions

Figure 1: The structure of the multilayer neural network

The idea of using ANN previously emerged for the prediction of the overall heat transfer coefficient for membrane
walls, Superheater I (SH I, Omega Superheater) and Superheater II (SH II, Wing-Walls) in the combustion chamber of
the large-scale 260 MWe CFB boiler [72]. A similar approach
was taken in this paper to create a simple and reliable model
for the estimation of NO x concentration in flue gas during
coal combustion in large- and small-scale CFB boilers operating in air-fired and oxygen-enriched conditions. The architecture of the neural network applied in the paper is shown in
Fig. 1. The neural network is made of four layers: the input
layer, two hidden layers and the output layer.
Table 1: Input parameters used for training and testing ANN
Input parameter
Range of values
Operating Conditions
T, K
990 – 1251
PG, 0.40 – 1.0
λ, 1.10 – 2.23
Co2, 0.209 – 0.450
R, 0.0 – 0.702
v, m/s
1.75 – 8.30
Ca/S 0.0 – 6.7
mc , kg/s
0.000972 – 61.6
Fuel properties (Air-Dried Basis)
VM, wt. %
11.0 – 37.9
A, wt. %
1.0 – 38.3
C, wt. %
26.8 – 86.9
N, wt. %
0.34 – 2.1
d32 , m
0.00004 – 0.006
Geometry parameters
H/De , 3.04 – 50.0
H/ (H-HSG ), 1.0 – 1.4

The number of neurons in the input and output layers are
the same as the number of input and output parameters, respectively. A highly accurate model for the prediction of NO x
emissions needs some detailed information of CFB combustors, as they are different in size, they have different height
and cross-section of the combustion chamber, e.g. circular,
square and rectangular, some of them are large- whilst others small-scale boilers [8, 11, 12, 15–17, 22, 95, 96]. Most of
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them have been fitted with cyclones, but the 261 MWe COMPACT CFB boiler operated in Turow Power Station in Poland
is equipped with two compact separators, providing an example of second generation boiler design [46, 95, 96]. The
fuel properties and operating parameters for both air-fired
and oxygen-enriched conditions should be taken into account for the purposes of accurately training the ANN model.
An attempt has been made to apply all possible factors that
affect NO x emissions. Therefore the set of input parameters
consists of a number of operating conditions, fuel properties
and geometry factors of the combustion chamber. The input
parameters are as follows: the average bed temperature T ,
the primary gas ratio PG, the excess oxygen λ, the oxygen
concentration in the inlet gas CO2 , the flue gas recycle ratio R, the average gas velocity in the riser v, the Ca/S molar
ratio, coal feed rate , volatile matter VM, nitrogen N, carbon
C and ash A content in the coal, the Sauter mean diameter
of the coal particles d3.2 and two geometry factors: H/De ,
H/(H − HS G ). The R parameter is the ratio of recycled flue
gas to the total amount of flue gas from coal combustion. For
the cases when the boiler was not supplied by secondary
gas the parameter HS G is assumed to be 0 for calculation
purposes. The input parameters and their ranges are given
in Table 1. The carbon and ash content in the fuel as well
as the coal feed rate are taken into account by the model
among the input parameters, as they can be easily acquired
from fuel analysis and operating conditions. These parameters also improve the accuracy of the model and have been
shown to be important for NO x emissions [23, 24]. For example, the fuel feed rate is directly connected with the load
of the boiler, thereby influencing the NO x emissions. The
output variable is the NO x concentration in flue gas. For
the assumed data set the output and input layers consist of
one and fifteen neurons, respectively. One Back Propagation scheme called the Lee and Park’s algorithm, consisting
in simultaneous changing the momentum and learning rate
during the training phase, was applied for normalization of
input and output parameters [71]. The coefficient of determination R2 of the linear regression line between the predicted
values from the neural network and the desired output, the
mean absolute error MAE and the mean relative error MRE
were used in order to select the optimal number of neurons
in the hidden layers.
On the basis of the preliminary calculations as well as
previous experience [71], the hyperbolic tangent sigmoid
function is applied as the activation function for all perceptrons. ANN models with the hyperbolic tangent sigmoid function produce higher coefficients of determination and lower
errors compared to ANN models with the logarithmic sigmoid activation function. The inputs consisted of 70 inputoutput data sets, obtained from large- and small-scale, atmospheric CFB boilers, operating under air-fired and oxygenenriched modes, reported in the literature [7, 8, 11, 12, 15–
17, 22, 37, 95]. The simulations are carried out for air-firing
as well as three different oxygen-enriched conditions, i.e.,
when combustion runs in a gas mixture based on O2 and
N2, and also when combustion takes place in N2-free atmo-

Table 2: Errors of the NOx emissions for different ANNs
Model

Structure

R2

MAE

MRE

1
2
3
4
5
6
7
8
9
10
11
12
13

15-3-3-1
15-3-6-1
15-3-9-1
15-3-12-1
15-3-15-1
15-6-3-1
15-6-6-1
15-6-9-1
15-6-12-1
15-6-15-1
15-9-3-1
15-9-6-1
15-9-9-1

0.9044
0.9352
0.9303
0.9431
0.9399
0.9264
0.9236
0.9347
0.9375
0.9332
0.9066
0.9334
0.9332

25.875
18.992
19.254
18.295
18.931
19.776
20.667
19.145
18.590
18.760
24.302
18.883
19.06

0.141
0.087
0.089
0.084
0.090
0.090
0.097
0.088
0.085
0.085
0.123
0.087
0.088

14

15-9-12-1

0.9476

17.253

0.080

15
16
17
18
19
20
21
22
23
24
25

15-9-15-1
15-12-3-1
15-12-6-1
15-12-9-1
15-12-12-1
15-12-15-1
15-15-3-1
15-15-6-1
15-15-9-1
15-15-12-1
15-15-15-1

0.9317
0.9140
0.9213
0.9254
0.9160
0.9324
0.9251
0.9112
0.9214
0.9248
0.9302

19.958
21.848
20.954
19.576
20.889
19.761
20.694
24.913
19.797
19.268
19.126

0.093
0.103
0.101
0.091
0.097
0.094
0.104
0.138
0.089
0.087
0.087

spheres of O2 /CO2 and O2 /RFG (Recycled Flue Gas), with
various fractions of oxygen. These data sets were applied
for both training and testing of the developed ANN model.
Since the performance of an ANN depends on its structure,
different architectures were tested as the ability of the network to extract the knowledge of the studied process can be
improved with new perceptrons. The number of hidden neurons varied from 1 to 15 in each hidden layer. This approach
helped cut the risk of memorization instead of generalization
of the relationship between input and output data [63, 78].
This procedure resulted in the need to study and analyze
225 different ANN architectures in total, with various numbers of hidden neurons. The selected ANNs with the number
of hidden perceptrons increasing by every three neurons are
given in Table 2. The optimal network was selected from
255 networks based on the above error measures. All the
calculations were performed in the C++ programming language. 3.3. When selecting the optimal structure based
on observations of the learning processes, a neural network with a higher number of hidden neurons generally produced smaller errors and needed fewer training epochs to
obtain good results compared to ANN models with few hidden perceptrons. The training of neural networks containing
more hidden neurons also proceeded more effectively and
the mean square error decreased more quickly compared to
the network containing fewer hidden neurons. The best ANN
architecture turned out to be the [15-9-12-1] model, with the
highest coefficient of determination R2 equal to 0.9476 as
well as the lowest errors: mean absolute error (17.253) and
mean relative error (0.08).
Another interesting ANN is the [15-3-12-1] architecture,
but R2 is lower and error measures (MAE, MRE) are higher
than with the [15-9-12-1] type ANN model. Therefore, the
[15-9-12-1] ANN is the optimal configuration for the consid-
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estimated by [15-9-12-1] type of ANN are shown in Fig. 2.

Figure 2: Comparison of NOx emissions desired and predicted by the [159-12-1] ANN model
Figure 3: Application of the ANN for calculating NOx emissions
Table 3: NOx emissions desired and predicted by the model
Cd NOx
ppm
117.70
347.80
air-fired conditions 164.00
138.14
117.00

118.71
341.64
170.95
122.52
117.03

0.86
1.77
4.24
11.30
0.02

443.00
333.00
oxy-fuel conditions 210.00
309.00
215.00

487.86
303.88
200.59
321.02
235.83

10.13
8.75
4.48
3.89
9.69

117.50
188.00
air-fired conditions 132.34
444.40
99.10
Data not used for training network
250.00
216.00
oxy-fuel conditions...579.00
230.00
238.00

114.72
174.81
122.49
412.41
99.49

2.37
7.02
7.45
7.20
0.40

290.77
237.13
464.75
257.52
233.29

16.31
9.78
19.73
11.97
1.98

Data used for training network

Good accuracy in the prediction of NO x emissions from
coal combustion in CFB boilers operated both in air-fired and
oxy-fuel conditions was obtained.
The prepared ANN model is a tool capable of optimizing
operating conditions in order to keep under control the NO x
emissions from coal combustion in CFB boilers. The model
can be easily applied to calculate NO x concentrations via the
non-iterative procedure. The flow chart of such ANN application is given in Fig. 3.

Niter = 10001
Cp NOx
δ
ppm
%

ered task and this model is used for further calculations. The
[15-9-12-1] type network consists of twenty one hidden neurons with nine and twelve perceptrons in the first and the second hidden layer, respectively. The ANN model was tested
after the learning stage using samples, both training and new
ones, unseen before in the network. Some of the results of
NO x emissions, predicted by the [15-9-12-1] ANN model as
well as desired values obtained from experiments are shown
in Table 3. The NO x concentrations predicted by [15-9-12-1]
ANN model are located within the limits of ±20% related to
the experimental data. The relative errors δ between and for
most of the data given in Table 3, even for data previously
unseen by the network (new data, not previously used for
training) are less than 10% and in some cases—even less
than 1%. The maximum and minimum values of the relative
error are equal to 19.73% and 0.02%, respectively. The comparison between NO x emissions obtained from experiments
for different operating conditions and the corresponding data

Figure 4: Comparison of the NOx emissions desired and predicted by [159-12-1] type ANN for air-fired CFB conditions

The results of the non-iterative neurocomputing calculations carried out for air-fired and oxygen-enriched conditions
are given in Fig. 4 and Fig. 5, respectively.
The measured data of NOx emissions, corresponding to
air-fired and oxy-fuel conditions, taken from literature [8, 11,
12, 15–17, 22] are regarded as the desired values.
The ANN model correctly predicts the NO x emissions from
coal combustion in CFB boilers, both for air-fired and oxygenenriched conditions, i.e., the ANN model predicts accurate
results compared to experimental data.
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Figure 5: Comparison of the NOx emissions desired and predicted by [159-12-1] type ANN for oxy-fuel CFB conditions

4. Conclusion
In this study the ANN model was developed to determine
the NO x emission from coal combustion in the CFB boilers,
in air-fired and oxygen-enriched conditions. The best feedforward ANN topology was established, appropriate for the
task considered in the paper, under a wide range of operating conditions. The model provides quick and reliable predictions of NO x emissions for both large- and small-scale
CFB combustors for any input pattern of the boiler operating
parameters (under different conditions). The model considers a wide range of parameters influencing NO x formation
from coal combustion in CFB boilers. All results obtained
using the ANN model are located within the limits of ±20%
compared to the experimental data, but some of them are
even lower than 1%. The model with tangent sigmoid activation function is capable of predicting the NO x emission with
good accuracy and can be applied to solve and generalize
the complex relationship between NO x emissions and operational parameters for a variety of CFB boilers of different
capacity. Taking into account these abilities, the ANN model
constitutes a very effective tool for the purposes of simulation
and optimization of CFB systems.
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Nomenclature

δ

relative error,

λ

excess oxygen, -

A

ash content, wt.

C

carbon content, wt.

CNOx nitrogen oxides concentration, ppm
Ca/S calcium to sulfur molar ratio, CO2 oxygen concentration,
d3.2

the Sauter diameter of coal particles

De

hydraulic furnace diameter, m

H

height of the combustion chamber, m

HSG height of secondary gas inlet, m
mc

coal feed rate, kg·s-1

N

nitrogen content, wt.

Niter number of epochs, PG

primary gas ratio, -

R

flue gas recycle ratio,
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T

average bed temperature, K

v

average gas velocity in the riser, m·s-1

VM

volatile matter content, wt.
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