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Combustion characteristics in waste incineration furnace
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Fig. 1 Structure of the waste incineration grate furnace Fig. 3 Time variation of the major variables as recorded by the DCS

® Multiple variables, large capacity, complex system, coupling effects between variables
® Time-lag between variables makes the neural network difficult to predict the trend of
parameters.
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Method - Time-span input framework neural network

® The current-time input framework neural N
n rk (C-T model ic model. . A
etwork (C odel), basic mode 15 input
® The time-span input framework neural variables @ _____ ‘ @@‘ @@‘1 1
. nput layer
network (T-S model). T-S model contains the Qn
characteristic of time-lag between different n, C = \&X :
variables. O
Q O O O O Hidden layer
C-T model input algorithm: T-S model
algorithm
x" = [x1 X, ... X, ]T g :
dlsposal @ @ @ @ Output layer
N1 A A
(x) < >
— (x(Z))T N Routput
X=|. . . Fig. 4 Structure of neural network
_ (x(m))T _ Input variable X Output varlable Y Input variable X Output varlable Y
T-S model input algorithm: ) ) )
(i) limd) (i-d) @ e [ i <
X, X, e X, r | | | T 3 . [t T 3
: : : py EEES T | s - - - -
o_| - - L D T ! 0| g« e @ o] -
X" = LD D | X X e Xy i:‘ - - - - i:‘ —— N _.!:‘
RO I T R IR - :
x o X - -5 - N
9wk 3 Y9} E
_ (xl(ud))r — — (x 1+d))T L (x:,Hd))T _ I I I F
_ (xl(2+d) T (x(2+d) _ ... = (x(2+d))T _ = 3 = B
X= : : : C-T model [ T-Smodel | |
— @My = = @y — e — )y — Fig. 5 Input-output mapping relation

Zhejiang University, China



Results and Conclusion
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Fig. 7 Prediction of the main steam temperature under two different input framework neural network models. The light

blue bars show the absolute value of the gradient difference between the curve of the time-span model and the actual value.
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Results and Conclusion
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Fig. 8 Prediction RMSE of the C-T model and the Fig. 13 Prediction RMSE of each future time node
T-S model in each future time node of the model with different time spans of input data

® T-S model had a lower prediction error than C-T model, and could achieve a near zero
prediction error in the first one minute.

® The RMSE of the model with only a 20 s time span of input was significantly reduced by 28.2%
compared with the current-time model.
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Results and Conclusion
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Fig. 14 COR of prediction of the main steam temperature at each future time node after removing
different variables

® The sensitivity analysis shows that the main steam temperature itself and the average flue gas
temperature around high-temperature superheater are the two most important parameters
impacting on the prediction.

® the T-S model has a better prediction performance and generalization ability, with the
prediction error reaching near zero in the first 60 seconds, and the maximum prediction error
can also be reduced to nearly 1.5C.
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