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Number of Radial Basis Function =5
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input Layer

T. Solids

Number of Radial Basis Function = 8

3 o A J L
2N 7 11UUs1a09 RBF-NN lWB‘WU'IﬂSﬂfﬂ'lﬂ')'lll‘qu [12]

HaPINARBINLIIMININIel Taeld RBE-NN 1dkafimiudnnnimsnennsellay
¥aumsonnes Tasmmz luanmnsaifideyaii 1 9nnzitisnudeouas hisuiludesd
t‘iﬁummﬁﬁfgwﬁ'aynuasﬁnminﬂnaummmh’fﬁﬂy1mmﬁuﬁ'uﬁ'1mﬁauﬂsﬁﬁnm
13 Tnsetolsyamifoniiismnuiiaseamesulimamsnonseifiaeiu dafuluamiise
Rinmwaanmssdunalnuuusazassums luusazandnveslnssdeiiiiu Tasete
Uszamiftvunuuis@oamdailadsu aunsadmuasuiiseaiimafuite i 1dwams
wensainaein1d

2.2 A hybrid neural network and ARIMA model for water quality time series
prediction
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2.3 A committee machine with intelligent systems for estimation of total organic
carbon content from petrophysical data: An example from Kangan and Dalan reservoirs in
South Pars Gas Field, Iran
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(0.232, 0.482, 0.205)
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2.4 Combining MLP and RBF Neural Networks for Novelty Detection in Short Time
Series
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