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ABSTRACT

Fouling is an inevitable problem in membrane water treatment plant. It can be measured by trans-membrane pressure
(TMP) in the constant flux operation, and chemical cleaning is carried out when TMP reaches a critical value. An early
fouilng alarm is defined as warning the critical TMP value appearance in advance. The alarming method was developed
using one of machine learning algorithms, decision tree, and applied to a ceramic microfiltration (MF) pilot plant. First,
the decision tree model that classifies the normal/abnormal state of the filtration cycle of the ceramic MF pilot plant
was developed and it was then used to make the early fouling alarm method. The accuracy of the classification model
was up to 96.2% and the time for the early warning was when abnormal cycles occurred three times in a row. The
early fouling alram can expect reaching a limit TMP in advance (e.g., 15-174 hours). By adopting TMP increasing rate
and backwash efficiency as machine learning variables, the model accuracy and the reliability of the early fouling alarm
method were increased, respectively.
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Table 1. Ceramic MF module specification

Membrane module specification

Type Ceramic Microfiltration
Manufacture Metawater, Japan
Nominal pore size 0.1 pm
Length 0.1 m
Diameter 0.03 m
Channels per module 55
Module area 0.04 m*

Configuration Dead-end, inside out
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Fig. 1. Trans-membrane pressure during the pilot test period.
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Table 3. Error matrix of model prediction results
Model 1 Model 2
Cycle No. A unit B unit A unit B unit
Pre_0 Pre_1 Pre 0 Pre_1 Pre 0 Pre_1 Pre 0 Pre_1
Exp 0 36 64 13 86 87 13 68 31
100-200
Exp_1 0 0 0 1 0 0 1
Exp 0 91 80 100 88
200-300 =
Exp_1 0 0 3 0 11 0
Exp_0 26 53 74 4 26 53 76
300-400
Exp_1 1 20 5 17 1 20 4 18
Exp 0 43 47 82 2 88 2 79 5
400-500
Exp_1 0 10 5 11 0 10 1 15
Exp 0 100 0 60 1 100 0 55 6
500-600 =
Exp_1 0 0 24 15 0 0 2 37
Exp 0 88 5 85 3 88 5 85 3
600-700
Exp_1 2 5 0 12 2 5 0 12
Exp 0 100 0 100 0 100 0 100 0
700-800
Exp_1 0 0 0 0 0 0 0 0
Exp 0 100 0 99 0 100 0 99 0
800-900 =
Exp_1 0 0 0 1 0 0 0 1
Exp 0 100 0 93 0 100 0 93 0
900-1000
Exp_1 0 0 2 5 0 0 1 6
Exp 0 100 0 100 0 100 0 100 0
1000-1100
Exp 1 0 0 0 0 0 0 0 0
g
o3} cycleo] FFo2 Fokel AR A%F A5 olF dol A9 A WA A 2AF F3kFig S@eolA D) N
) AQH(100 kPay EoFsHE A7k EEGT F, o[Hof 48] SmIL YAAT, L o FolE ARE & &
o
3} cycleo] WAL A7 ey & W A% o owfjupet SHA 2RQF EJ1L(F1g S@ellA @, @, @)7} <
Uste o 4EE Sdvd ols &7 2 Aojth WAysto] ey 27] FE AREF 90t B AL
HAlS F3f o Afel2 AAMIAY EF Hd o] B A ALY BeEe HAAT 27 23] <
= AR Ay, vAA cycleo] 33] d&Hom LAYS) 11'7} AT B ABA A wiAel 7 HA A 2}
© 27 AR e ARTud Eo AR w2 oF E3} Afel(Fig. 5(b)ol Al DI @ Afel)ol] HH o]
wew 27] BE7T 2 ¢ ee WS Fig. 5 A AJUTHA] AFSBHA] ot L AAY & £=
© A, B A9 2EEAAR vew] 7] FEE UARE, A ARA7AA] AF8EA]l b2 o7 2FShAl
A vEbd Zloln e R = FoM, FRe FEMS Ho AR feclEE 2Rt & o gl 2
2 BB 3.2700| =% BRel o] Model 1 al, 20129 44 25947 F A AE7F AT, A

5 AR Wol A, o] 3}e 27| AN
H4eNE o) 2 ewy} WASER 1eY %7] 4
B A= st

31, Model 22 o] 83t 127 z7] AHAE

@R7E HX) QA HYRA, o] F2 8 dlolg
7 REYE 27 27l WEHOR WAYC A4

H HRY o]B 9.2] AR z}¢to] & FEEQ7
f2of, o]= oW 2 THsl= Aol gdsicl AutE

oF ARMSED AHIBE 5o T WrS A
935 ndl2 393 a8 7] AHE HHO AlZx

7F =0
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