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Artificial Neural Network Simulation of Average Particle Size for Preparing
Energetic Materials in Spray Drying
CHAI Fan, LI Wei-wei, SHI Xiao-lan, ZHANG Yan-qi

(College of Chemical Engineering and Technology, North University of China, Taiyuan,030051)

Abstract: In order to improve the experimental efficiency of preparing energetic materials in spray drying, different types
of artificial neural networks were used to predict the average particle size, such as Feed-forward back propagation neural network
(FFBPNN), Cascade-forward back propagation neural network (CFBPNN), Elman-forward back propagation neural network
(EFBPNN), Layers Recurrent neural network (LR) and Nonlinear autoregressive neural network (NARX), of which LR has the
best performance. Levenberg-Marquardt (L-M) algorithm, Momentum gradient descent and adaptive learning rate algorithm
(GDX), Genetic algorithm (GA) and Particle swarm optimization (PSO) were used to optimize LR. The results show that GA-LR
has the highest calculation accuracy and is more suitable for predicting the average particle size of energetic materials prepared by
spray drying.
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Tab.1 Solvent corresponding to the energetic materials
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Fig.1 Flow chart of preparation of energetic materials in
spray drying
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Tab.2 Operating conditions of preparation of energetic materials in spray-drying

SRERAL G/(L-h) L/(L-hY) TIK /% w(mPa-s) Mi(g-mol) D,/um
CL-20 280 ~ 430 0.09 ~ 0.45 293 ~373 1.9 0.316 ~ 0.449 438 2.010 ~3.571
RDX 246 ~ 473 0.09 ~ 0.45 333 19~57 0.316 ~0.933 222 1.334~2242
HMX 357 ~ 660 0.09 ~ 0.45 328 ~ 358 2 0.316 296 0.970 ~ 2.814
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Fig.2 Artificial neural network model for preparing energetic
materials in spray drying
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Tab.3 Advantages and disadvantages of different types of
artificial neural network

R fhsti [
FFBPNN RS L AT EHA
T DLARAR 2 R A 2 S
CFBPNN SRR d WSGH T 18
EFBPNN  HATRSRAYEEAEAERE ST TTRED SRR TH I FIBR AR

R RN R, R, $
BURIE PRI SOR R
NaRx  PASNEEAMIEEREE  RBMURIR TS, M

[ 110%% T ERGER
1.2. 4 424 Q9IE
h T RUERE R AT, SRIAISC R B R? FnYy

FiR#%E E* (MSE ) STREFIIHTPEM . RPBUR . B2
N, USRI P R . HA a0 R -

ICEEE NCEES,
izi:(x,. -x)?
MSE=%IZ]::(xi—x‘,)2 (4)
R (3) ~ (4) s xRSl x ARG

F4 TRBEEMRS
Tab.4 Advantages and disadvantages of different algorithms
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Fig.3 Correlation efficients of different hidden neurons
numbers at different types of ANN
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Fig.5 Comparison of LR model predicted value and the
experimental value
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Fig.6 Comparison of error between the predicted value and
the experimental value for different types of ANN
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Fig.7 Comparison of prediction performance of different
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