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Steady-state Modeling of Coal Boilers
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Abstract—Coal boilers are widely used to generate process steam. Because of the highly nonlinear dynamics, coal
boilers have not attracted the attention of many researchers. In the present study, two modeling approaches were
investigated: parametric efficiency modeling and neural network modeling. Results of simulations compared with
operation data demonstrate the effectiveness of the proposed modeling approaches.
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INTRODUCTION Super hoated
steam
In chemical plants, boilers are the major utility systems and use
a large portion of the total energy usage. Optimal operation of boil- A—
ers to generate steam is imperative to improve the profitability of :

chemical plants. Selection of operating conditions based on mode :

ing and simulations of boilers is the most effective way to achieve Electrostatic]
the optimal operation. Both oil and coal are used as basic fuels i DEAERATOR L smi ] Sl

the boiler operations. Although steady-state modeling of oil boilers i
has been widely studied, coal boilers have not attracted attentio o sio[ i im:w%
from researchers. One of the reasons might be the highly nonline: e SiloD‘ _____ —3@

behavior of coal boilers. The artificial neural network (ANN) can
be a powerful candidate as the tool to analyze nonlinear process:

e
. . . Rk ) Steam e r-
such as the coal boiler. Since nonlinear relationships can be effe Water  —— | ({65)

Gas  wessss # | Steam

tively handled, the ANN may present a cost-effective approach tc Solid  seeansead
modeling coal boiler processes. The ANNs have been applied in the
analysis of chemical engineering processes [Hoskins and HimmeFig. 1. The flow diagram of the coal boiler.

blau, 1988; Himmelblau, 2000] as well as in the control of chem-

ical process systems [Bhat and McAvoy, 1989]. One of the authors

investigated a neural PID controller for the pH neutralization pro-and the boiler feed water are adjusted. Fig. 1 shows streams of input/
cess [Kwon and Yeo, 1999]. The ANN was also found to be ef-output of the coal boiler system. The global mass balance and en-
fective in the modeling and optimization of chemical operations ergy balance are given by [Astrém and Bell, 2000]

[Nascimento et al., 2000; Abilov and Zeybek, 2000]. The GADONN

sassssssena|

(genetic auto-design of neural net), which is a neural net coupled —t[PsVsﬁPWth] =0 ~0s ~ Gy @
with the genetic algorithm, was suggested and applied to chemical
processes [Boozarjomehry and Svrcek, 2001]. d [PV o+ Pl +MC,t] =Q +Ghy ~guh, ~guh, )

The purpose of the present study was to develop a systematic dt
modeling procedure for the accurate computation and prediction %here Q represents the amount of heat supplied to the boiler. These
major performance variables. Two modeling methods were used: 8¢ ations represent an ideal case and use the boiler efficiency to

parametric efficiency modeling and a neural net modeling. encounter actual situations. The boiler efficiency and heat added
1. General Consideration

) . are given by
The energy generated from the combustion of fuels fed into the
boiler is mainly consumed in the production of steam with the re- ~ah. ~gh ®)
maining energy exhausted as the stack gas enthalpy and heat loss Q
from the boiler body. Some results on boiler dynamics are reported Q =q H, +Hs,, @)

[Yeo et al., 1996; Astrém and Bell, 2000; Werner, 2001]. The gen-

eral approach is to identify steam flow rates when the coal flow rated! here qreprgsents the coal ﬂc?w ratg istthe heat (.Jf combustion of
coal and H,,,is the heat supplied by the steam air heater. At steady-

state, Egs. (1) and (2) become
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Table 1. Technical data for the coal boiler being modeled

4.4 53.33>g+0.01>g)%

€O, X, X
Data Data 820 c+6 aee )
L1 X 70.60X%
Surface area 1,885’m Thickness im HO ==
Height 30m Diameter 10m AL 2.8 O.536>g+26.96>g)0/
Thermal conductivity 45w/m-K Inner temperature 2€0 z X, X, 0
of carbon steel Outer temperature °@0 o 3.2(7.26x% —61.892>g)%
z X X,
QusiS given by Ar: 2003 %),
Xe TX,
R Pl I
Qloss_ kA L (6) ASh—13+9X7%

where k is the thermal conductivity of the boiler, A is the surface 11,4 enthalpy of the exhaust gas was changed by excfise/ O
area and L is the thickness of the boiler. The exact amount of heghye and coal flow rate. If the efficiency of the boiler in Eq. (3) is
loss cannot be known. We assume that the boiler body consists
carbon steel and is considered to be a cylinder. Based on the d
given in Table 1, the steam flow rate can be obtained by

?épresented as a function of the amount of fuel consumption, steam
neration can be predicted by the boiler efficiency. In the present
study, we propose a parametric polynomial representation of the

0.92qH, +Heu +qh, —Geh, +ah, —g,h, @ boiler efficiency in terms of the coal flow rate as
qs = C a__a 7
h

n=a+bxq, +cxq; +dxq; ©)
where the subscript g denotes the exhaust gas which consists of theren =[N n.K,n]0 .
CO, H,0, Si0, CaSQ, Ca0, C and ash (&, FeO,, Si0). The R

enthalpy of the exhaust gas is given by 1
(0.734¢% +0.147C° +0.0979¢° O Let p=[ab c d and| =| * (10)

0 | 9

hy :g+o.003c§a5° +0.0042C"> +0.0084C %(Tg “Te) (8 q;

0+0.0014C*> +0.002C*°+0.002¢ U

. L . Thenn=pxq and we have
The coefficients of heat capacity in this equation depend upon

the temperature and the amount of air and fuel. The heat capacities P =1* @a)q’ (11)
for each component are given in Table 2, and typical operation data By taking into account the relevant data, we have

are summarized in Table 3. In the present study, excess oxygen sup-

ply and complete combustion were assumed. Thus, the composi- 1 =17.468-2.6303q +0.136914~0.0023503}

tion of the exhaust gas is dependent upon the coal flow rate and €% Neural Network Modeling

cess Qfiow rate. In the neural network, the error is defined as the difference be-

tween the target output and the network output. The sum of these

Table 2. Heat capacity of the exhaust gas and air:,GkJ/kg-K]= errors defined by the following equation is to be minimized:
A+BT+DT 2
21 L1 .
Chemical species Phase ,,T A B 10D MSE-;];@( i)? -a;[t(l) —a(i)]’ (12
N, Gas 2000 9739 0.176 +0.118 . . .
The LMS (Least Mean Squares) algorithm adjusts the weights
co, Gas 2000 10311 0.197 -2.18 ( quares) alg ) 9

and biases of the linear network so as to minimize the mean square

N?O Gag 2000 1602,7 0.67 +0.56 error. The LMS algorithm or Widrow-Hoff learning algorithm is

SIC; SOI!d 848 7605 0.609 -1.688 based on the approximate steepest descent procedure. Standard back
CasSQ Solid 1373  571.94 0.63  -0.48 propagation is a gradient descent algorithm, as is the Widrow-Hoff
Cao Sold 1173 750 0.363 -2.307 learning rule in which the network weights are moved along the

c Solid 1373  935.55 0.916 -4.091 negative of the gradient of the performance function. In this study,
Air Gas 2000 955.25 0.164-0.0455 the Levenberg-Marquardt algorithm was used in the back propaga-

Table 3. Typical operation data in the coal boiler process

Data q[ton/hr] Hsa,[kJ/kg] ol h; Oy h, Oa h, Oo h, h, Boiler load
1 24.55 0 202.0 511.97 278.» 196.15 250.49 2497 2 1461.35 3386.86 100%
2 19.51 4313.3 1615 511.97 223.16 184.35 201.06 24.97 1.61451.73 3386.86 80%
3 12.38 5485.8 101 511.97 1425 166.73 128.92 2497 1.0 1435.28 3386.86 50%
4 8.1 6372.7 66.66 511.97 137.8 173.76 128.92 2497 0.66 144569 3386.86 33%
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tion. The Hessian matrix is given Bi=J'J and the gradient is com- 190

puted ag=J'e wherelJ is the Jacobian matrix that contains first de-
rivatives of the network errors with respect to the weights and bi-~

! o) ¥
ases ané is a vector of network errors. The Levenberg-Marquardt ® 170 }

algorithm the iterative procedure is given by

Xery =X —[ITI +pl] 7e (13)

production

In the neural network modeling, the input values consist of the £

rate of the boiler feed water, the coal flow rate and the temperatureg 140}

of boiler inlet water and outlet steam. The steam flow rate becomeq,

the output. Since the number of the output is one, the number @ 130}

the neuron of the output layer is one. The numbers of hidden layet &
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3. Results and Discussion
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. 2. Steam flow rate according to the boiler load (linear mod-
el, H.=28,000 kJ/kg).
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Fig. 3. Steam flow rate according to the boiler data point (linear
model [operation data], H=28,000 kJ/kg).
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Fig. 4. The comparison of steam production rates (parametric ef-
ficiency model).

Fig. 2 shows results of simulations based on the linear relation
(11) compared to operational data. We can say that these results are
very restrictive because of few operation data of the boiler. Fig. 3
shows the result of simulations based on the linear model of Eq.
(7) considered excess.Big. 4 shows the results of the prediction of
the steam production rate based on the parametric efficiency model
proposed. As can be seen, the efficiepayven by (9) gives ac-
ceptable prediction of changing tendency of steam rate. The mag-
nitude of the errors in neural nets was examined for two types of
activation function of the output layer: linear and tangent sigmoid.
The tangent sigmoid function was used as the activation functions
of hidden layers. The neural network model with the linear func-
tion shows more rapid convergence. However, the neural network
with tangent sigmoid functions showed better performance than
that with linear function as the number of neurons increases. The
present neural network model, whose mean square error and maxi-
mum error were 4.1514 and 8.6607, respectively, used the linear
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Fig. 5. The prediction of steam production rate (MSE:,=17.5757,
MSE\w=4.1514).
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transfer function which was more stable. Fig. 5 shows the resultsvt  : water of total system

of simulations based on the parametric efficiency model and theé : the boiler feed water
neural net model proposed in the present study. Compared with op- ' total boiler
eration data, the neural net model as well as the parametric effo : the flow to flash tank
ciency model exhibits acceptable prediction of operational trends. m  : metal
o : coal for fuel
CONCLUSIONS a : air

PEM : parametric efficiency model

In the present study, two modeling approaches were proposeblN : neural network model
and analyzed: parametric efficiency modeling and neural net mod-
eling. From the results of simulations compared with operation data, REFERENCES
we found that both modeling methods could generate dependable
predictions of the key variables. Considering the convenience, thébilov, A. and Zeybek Z., “Use of Neural Network for Modeling of

simple parametric efficiency model might be the choice of plant

engineers.
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NOMENCLATURE
V  :volume [m]
u : internal energy [kJ/kg]
T  :temperature’C]
q : mass flow rate [ton/hr]
h : specific enthalpy [kJ/kg]
p : vector of parameter
q : vector of coal flow rate
e(-) :absolute error
t(:) :true output
a(-) :output of neural networks
Greek Letters
p  :density [kg/m]
n : efficiency of boiler
Subscripts
S : steam
w water
st :steam of total system

Haykin, S., “Neural Networks: A Comprehensive Foundation; 2nd ed.,
Prentice-Hall, NJ (1999).

Himmelblau, D. H.;Applications of Artificial Neural Networks in
Chemical Engineeringkorean J. Chem. Engdl7, 373 (2000).

Hoskins, J. C. and Himmelblau, D. H., “Artificial Neural Network Mod-
els of Knowledge Representation in Chemical Enginee@iugfi-
put. Chem. Eng12, 881 (1988).

McAvoy, T. J. and BHat, N., “Use of Neural Nets for Dynamic Model-
ing and Control of Chemical Process Systebushput. Chem. Eng.

14, 573 (1990).

Nascimento, C. A. O., Giudici, R. and Guardani R., “Neural Network
Based Approach for Optimization of Industrial Chemical Processes;
Comput. Chem. End4, 2303 (2000).

Werner, A., “Solids Distribution as a Basis for Modeling of Heat Trans-
fer in Circulating Fluidized Bed Boiler&xperimental Thermal and
Fluid Sciencg25, 269 (2001).

Willis, M. J., Tham, M. T. and Peel, C., “A Fast Procedure for the Train-
ing of Neural Networks). Proc. Cont.2, 205 (1992).

Yeo, Y.K. and Kwon, T. I., “A Neural PID Controller for the pH Neu-
tralization Procesghd. Eng. Chem. Re88, 978 (1999).

Yeo, Y.K,, Yoo, Y.H., Yi, H. S., Kim, M. K, Yang, H. S. and Chung,
K. P., “Modeling and Simulation of Energy Distribution Systems in
a Petrochemical PlanKorean J. Chem. Engl3, 384 (1996).

Korean J. Chem. Eng.(Vol. 20, No. 3)



	Steady-state Modeling of Coal Boilers
	Won Uk Lee and Yeong Koo Yeo†
	Dept. of Chemical Engineering, Hanyang University, 17 Haengdang-dong, Sungdong-ku, Seoul 133-791,...
	Abstract�-�Coal boilers are widely used to generate process steam. Because of the highly nonlinea...
	Key words:�Coal Boiler, Steady-state Modeling, Neural Network Model, Parametric Efficiency Model
	INTRODUCTION
	CONCLUSIONS
	ACKNOWLEDGMENT
	NOMENCLATURE
	REFERENCES






