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where,

oy = 10,00 = 0.6,03 = 04,0y =0.6,05 = 04,0 = 0.2

And w; is selected using the fuzzy intersection

rule, as shown in the example below.

For example, The cell weights are defined using

Table 1 'The weight configuration

- STMIL
w) | wa [wa
| L | wa | ws | ws |

fuzzy intersection rule.

min(f, ' JFH)

tew =

(4)

where, f, is the membership of the pair of param-

eters in the "Small” fuzzy set.
fm is the membership of the pair,
"Medium” fuzzy set.

in the

f1. is the membership of the pair of parameters in

the " Large” fuzzy set.

fu is the degree of belonging of the pair, in the

”Highly related” Human clasification.

fw is the degree of belonging of the pair, in the

" Weakly related” Human clasification.

Based on the results obtained in the above anal-
ysis, parameters are screened and modules of
parameters were formed, on the basis that those
highly related parameters should be grouped to-

gether to form one module.
of 0.68 of I'BIC value was considered.

A threshold value
The

final results obtained for the FBIC (Fuzzy Based
Information Criteria) as shown in tables,1 and
2. And the modules of parameters obtained are

shown in tables 3 and 4.

Table 2 The FBIC values for the Fly-ash

parameters and burning parameters

o™

Table 3 The FBIC values for the Fly-ash
parameters and coal parameters
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Table 4 The Final Modules of parameters for
determining the most appropriate

burning conditions for a selected coal

type

={(A1,A4,C7,C10,B1
BJ f(A3,A4,A7,C2,C1,C7,B1)
B4=[(A4,A5,A10,C4,C9,C5,B1)
B5=f(A4,A5,C3,C4,C9,C6,B1)
B6=((A1,C4,C5.C9,B1)
B7=I(A5,A10,A9,09,C5,C2,B1

Table 5 The Modules of parameters for
determining the most appropriate coal
type for a given fly-ash composition

C1=1(A3, A7)
C2=[(A3, A6, A8, A9)
C3=[(A5, A7)
C4=f(A5, A10
C5=((A2, A10
C6=((A5, A10
C7=f(A3, A4
C8=f(A2, A4
C9=f(A2, A5, A10)
C10={(A1, A2)

The results obtained by the analysis show very
much consistency with the real experience of
the experts. Therefore Lhis model can reliably
be taken for the system identification studies,
that involve training of neural networks for the
identification of the interrelationships among the
parameters in each of the modules.

4.7. Training Neural Networks

Having done the dimensional reduction by way of
modularizing of paramelters, the system identifi-
cation is a matter of identifying inter-parameter
relationships within each module. Though the
complexity in the problem is now done away with
to a fair extent, still there exists some complexity
due to the nonlinear nature of the relationships
among the parameters within modules. Therefore,
adoption of artificial intelligence applications was
regarded to be more appropriate to this problem.
Results are shown to illustrate how to determine
the burning conditions for a selected coal type.
Obviously the same method can be applied in
determining the best suited coal type for achieving
a required fly-ash type.

For each module, neural networks were trained,
for the final system identification.

4.8. The Architecture of neural Networks

Neural networks with the back propagation algo-
rithm with a momentum term, were employed,
with the following input, output node configura-
Lions.
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48 1. Inpul nodes
the most related coal parameters and fly-ash
parameters Lo the Burming parameler concerned.

The power output, and

4.8.2. Outpul nodes.
parameters.
Therefore there are six such neural networks for
the six Burning parameters, excepl the power
oulput.

One of the Burning

4.8.3. Complezity of Training Neural Networks.

The complexity was observed to vary from module
to module, where each module of parameters has
one Neural network to identify the interrelation-
ships of the parameters contained. The Lraining
was done by adjusting the learning rate and the
forgetting factor of the Neural networks accord-
ingly (E.S.Sinencio- Artificial neural networks).

5. RESULTS AND EVALUATION

The results were obtained for a selected coal type,
by determining the most appropriate burning
conditions. Exactly the same procedure can be
applied to determine the most appropriate coal
type for a given fly-ash composition. The modules
of parameters pertaining to this are shown in

table 8. The evaluation was done for four sels
Table 6 The Actual values of the Burning
conditions for the four types of coal,
selected
Parameter Coal 1|Coal 2coal 3]coal 4

B7 - Pre — heatertemp.(cent.)|447.00453.001455.00459.00)
B3 : Sup — heatertemp. 559.00/549.00[552.00(51.00

B4 : oginexhaustl 3.9 | 4.1 331386
BS : optnexhaust2 3.5 3.4 4.5 | 4.2
36 : NQzemisstons(ppm) 41.0 [59.00| 42.0 | 30,0
BT : Excessaircoe[ [1cient 1.21 | 1.22 | 1.23 [ 1.23

Table 7 The Estimated values of the Burning
conditions for the four types of coal,
selected

Parameter Coal 1[Coal 2[coal 3|coal 4
B2 : Pre — heatertemyp.(cent.)|444.27/452.57| 454.7 [161.00
IB3 : Sup — heatertemp. 1551.32)551.29/556.49(552.61

B4 : oginezhaustl 3.44 | 3.63 | 3.62 | 3.48
H5 : ogtnexhaust2 3.35 | 3.57 | 4.31 | 3.84
B6 : NOzemissions(ppm) 41.59 | 58.77|41.20]30.08
B7 : Excessaircoef ficient 1.20 | 1.20 | 1.23 | 1.19

of test data by comparing the actual values and
the estimated values from the Neural networks.
An Indicator of the estimation accuracy was
caleulated as follows. The Indicator is given by
the following equations

D

\/):f‘:l (ACT, — EST,)?
k =

v (5)

“w” SYSID 97 SICE

VM (ACT — AVE)?

M

I_);_ =

(6)

M (ACT, ~ EST)?
INDICATOR; = b (7)
S (ACT — AV E))?

Where,

INDICATOR, = Indicator for the k' Burning parame-
ter.

ACT, = Actual value of k" Burning parameter in the [y,
data set.

EST) = Estimated value of &' Burning parameter corre-
sponding to the 1y, data set.

AV E; = Average value of & Burning parameter.

M = Number of data sets=4.0

E) = Standard deviation of the residuals between esti-
mated values and the actual value.

Dy = Standard deviation of the actual value from the mean
value.

Table 8 The Evaluation of the Neural networks
by calculating an Indicator
Parameter Mean| E D [indicator]

7: Pre — heatertemp.(cent.){53.72D.857112.168 | 0.3953
B3 : Sup — heatertemp. 551.791.6795 2.39 | 0.5631
B4 : oyinexhaustl 3.98 |1.689712.3989 0.6139
IB5 : opinerhaust2 3.78 |1.69372.4108 0.6373
B6 : NOzemissions(ppm) 35.89|1.7129 6.73 | 0.3795
\BT : Excessaircocf ftctent 1.2281.7130 6.73 | 0.3292

51. Comments and discussion

Table 8 gives the accuracy of estimation of burn-
ing conditions for a selected coal type to achieve
a desired fly ash composition. For this evaluation
four sets of test data were separately used.

The same method can be applied to determine
the appropriate coal type for a given fly-ash
composition, by training Neural networks for the
modules of parameters shown in table 8.

The utilization of data has been made optimal
in the sense that one data set has been used in
more than one module and due to the reduced
number of parameters in modules, usable number
of data sets increases by reducing the probability
of containing void data in a particular data set.
The neural networks can be further trained to
give more precision, as the practical situation
demands.

Al present, in an actual power plant, around 13%
of Fly-ash is used only at high and medium power
outpul levels. One other critical problem is at. low
power output levels, almost all Fly-ash has to be
wasted as they do not comply with the standard
compositions required for fruitful use.
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Some effective technical measures are proposed
for improving Lhe overall efficiency of the system
which are briefly explained below.

Selection of a mixture of more than one coal
type and varying the ratio of mixture can also
be employed to optimise the system within con-
straints. This involves meeting Lhe load demand
most effectively on one hand and optimising the
use of inputs and by products of the system. The
proposed method in this paper can effectively be
employed for the purpose. i.e. Once the required
values of each coal parameter is determined using
the Neural networks, then to achieve each target
value, which coal types has to be mixed with what
ratio can be determined.

Pre-processing of coal and post-processing of Fly-
ash is also considered as a measuere that has
attractive potential. It is found that the par-
tical size and the color of the Fly-ash plays an
important role in the selection process of Fly-ash
for useful purposes. Therefore, post processing of
Fly-ash can improve it’s quality, to a significant
extent. Moreover the physical parameters of coal
also bears important effect on the burning process.
Thus by way of preprocessing of coal, controlled
impact can be made on the burning process,
leading to desired output from the system. Thus
these measures should be vieved under the light
of the respective costs and benifits.

6. CONCLUSIONS

The system identification problem with high num-
ber of system parameters, which show a high
degree of complex nonlinear interrelationships,
supported by a relatively low number of data sets
is the key problem addressed in this paper. A
technic involving parameter reduction based on
an information criteria consisting of both human
experience and statistical deductions is proposed.
Finally, modules of parameters were crealed with
the use of this information criteria, and system
identification was done by employing artificial
intelligence applications.  For the six modules
of parameters, six neural networks with back
propagation algorithm was trained to an error
tolerance of 0.01. Finally the trained Neural
networks were tested for test data sets , and the
results were evaluated with actual data.
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