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Modelling slump model of high-performance concrete using particle bee neural network
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Abstract: This study used particle bee algorithm ( PBA) combined with artificial neural network
(NN) to predict the slump model of high-performance concrete ( HPC). This study also compared
the accuracy of the results with two proposed methods: genetic operation tree ( GOT) and back-
propagation network ( BPN). The results show that particle bee neural network (PBNN) is more ac-
curate than GOT and closer to BPN. Besides, the addition amount of the parameters such as water,
super plasticizer, coarse aggregate, fine aggregate, fly ash and cement has a high influence on the
slump of HPC, while the amount of blast-furnace slag has a small influence on the slump of HPC. It
shows that the impacts of those materials on the slump are still a high degree of complexity.

Keywords: particle bee algorithm; high-performance concrete; genetic operation tree ; back-propa-

gation network ; particle bee neural network
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Tab.1 The ranges and properties of HPC slump parameters

AR AR {E1 L&A R
c 137.0 ~374.0  kg/m’ 4L
FL 0.0~193.0  kg/m’ JEZE
SL 0.0~260.0  kg/m® EZ:
1 160.0 ~240.0  kg/m’ JEZE
N 4.4~19.0 keg/m® EELE
cA 708.0 ~1049.9  kg/m® JELE HAKK
FA 640.6 ~902.0  keg/m’ ELL
w/C 0.5~1.7 e sk
W/B 0.3~0.7 R sk
W/S 0.1~0.1 e gk
TA/B 2.4~5.6 Rl sk
Slump 0.0~29.0 em  JEZE PIASEL

Hr W/C=(W+SP)/(C) W/B=(W+SP)/(C+FL+
SL) W/S=(W+SP)/(C+FL+SL+CA +FA) .TA/B =
(CA +FA)/(C +FL +SL)
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Tab.3 The comparison among three methods
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Fig.10 The accuracy comparison among three methods
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Tab.4 The PBNN (11 -4 - 1) influence analysis of
slump parameters
AH RS HEE
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SL 0.26 ++
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Fig. 11 The PBNN(11 —4 —1) influence analysis of

slump parameters
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