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This study develops a model to determine the input rate of the chemical for coagulation and flocculation process (i.e. coagulant)
at industrial water treatment plant, based on real-world data. To detect outliers among the collected data, a two-phase algorithm
with standardization transformation and Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is applied. In
addition, both of the missing data and outliers are revised with linear interpolation. To determine the coagulant rate, various

kinds of machine learning models are tested as well as linear regression. Among them, the random forest model with min-max
scaled data provides the best performance, whose MSE, MAPE, R? and CVRMSE are 1.136, 0.111, 0.912, and 18.704, respectively.
This study demonstrates the practical applicability of machine learning based chemical input decision model, which can lead
to a smart management and response systems for clean and safe water treatment plant.

Keywords : Industrial Water Treatment Plant, Coagulant Rate, Random Forest Model
1M E 4 fgo st R IR Sk e 4] £a ol
SFEQH)7E Sob AL Bt ZobelE s, the
A Abslell A &2 4G, g 2 Y 25 9o 98 A olfE AR i, AVAEE, 7Y E
3 Ay AY T SR, ARea obdE B FFe 7} WElely|w dht) o]lg% wslslE Ao Abejol o
F7b % A Agle] B olfol], AYVANNE B goje] 2ALE AR AFFE LA P &
A& A % A5 G Aotk &3 V1Y FE Al stk o] & 8] & ATl g4t &
2 R4Y 99 Wk AT B A FOR As) o Al LAFANYEA] FPEFE AT L4
g3 A o] o442 tdo] SiE L vk Avh Fw A5 vlolHE vWe R FFE e FEFYY
474 BAE vE,
Received 6 August 2024; Finally Revised 30 August 2024; SRS Aol e ok FYELS Jar-testol] ]3]
Accepted 2 September 2024 S0z oFEElL ZARE FHude] ZHEAF AA

¥ Corresponding Author :

seunghwan.jung@yonsei.ac.kr



Machine Learning Based Coagulant Rate Decision Model for Industrial Water Treatment Plant 69

o
=2
=
olo
QL
=)
©
=t

(i ol >
>
i

o go

[0 et
o
1o
>,
el
>
°
>
Jn te

= 32
o
4 T
yo [
>,
>
o
i
o
oty
o
e
ox [
o\.ﬁl I
=
rlr
Rl

=

ﬁl .
W

19 ¥O

I.E A]xéo]

Moy 2 Aveldr fa

3
=
g:
&
=
o ©
i)
ch
il
=
=
=
=
Z
ol
re
>
o
&
2
Ak
o3t
=2
o

o M

R e N IO B Y
4
m
i,
=
o
o
o,
iy
|\
)

r 1
bl
o
o
ﬁ',
)
[&l
fitl
=
[
=

>
H
i)
A
iy

T3 2ok Al A= AT

3ol A= AeAie] Z2A2 3 dolH

, A4zl A= ol 3k wlolEl o] ASA]

ZrAz g g2t AlsEelM =

RE A5 g 3 A A, Aol
o

ﬂr ﬂ_‘ﬁ, F—E _1} FI'E
— ox Qo i
N ot fo
. of L2
Y
o ji_
rlo

> oo wH =2
o
i)

2, M3 17

HAHY S HES oY AT 7ML vde &
ofoll A Z&Htt FAd Al A B s B E o
Fe AeAT 7IHel AREH AL o ook e Al

1

g A7 vt 2

XGBoost= o] BAlS Shgain] Ank G wE
o

boosting 7]t
AT A apge

8 AFE Ashio] F ool eRAS AAlste] T ool
2, goleg TR 1 ol Fe, FaolLFES

Ay ¥ 2~E(Random Forest, RF)E XGBooste} &
BEE 7IRolAINE F-ago] opd wj A wAS A Eshe
WA o oS A5 &g, T2 Bd FEE 0]
A B AH(Outliers) 9] 9FE £ & A& 29
oSS B Ant o] A= BT HEs As
Aest7] 91 A @9 FFoR AAF o SHA

F9lol T8k, Achite et al[l]olA+
(Water treatment plant)oll A =3¢k 95 YAk, w4

o O &2~
ANAEE, #ied 55 S5

e

©13-A1 7 W (Artificial Neural Network, ANN), 3454l
7" (Convolutional Neural Network, CNN) 52|
M= A A 3483 ddste &89 g
Arismendy et al.[2]& Atle] 7184 Aoz 9l
gk H wEe] 84 A stE 913l ANN, SVR, RF$}
1% 3] A &4 (Linear regression) 5 U3 2dlS 283

s}ehd b4 @5 %H(Chemical Oxygen Demand, COD)

o = =] o) ] H o

= d3ainh g5 Wdder 9, Fred, d4, pH
sy

s

=

=

genus #9390

STTHL-EE =

& AHEston dFgks nEo® QYA

sto] HFEAEg 9 AAE grAEAS Y
Egbueri[3]o A= & /== At S 27h 2] &
Ao g F7Shel el A|E£AQ A 4 Hrke] 2a4
St o R A F4 ks s dSstth A3t
-3k A HIE(CSMR), BhE-AFE A(LSI), T2
gol] AL, gl=v k8 AFRS) 55 g ¥
© 2 ANN, t5 3] 74 (Multiple Regression, MR)S 8}
5 BEE g} A 5E AFPsilon = A5 HAss

B3t

Park et al[7]IA+ XA FoE 24S A
Jar-test Ho|HE &&3to] 94 HEE HEgoRE S
A2 gE2E 93 HA SHA FHES AAs = A
3}t WERITE Kim et al[4]olM = B4 29 &
FApe] vel S sh45ate] K-means®t Gradient Boosting

3}
Regression(GBR)S HMlI® o2 3 2 EF nds nis

of FERYES AY3te Hanh



E
=

<Figure 1>} 7+o]

a

L
.

Foll A

3.2 Holg 74

Kyungsu Park - Yu—jin Lee - Haneul Noh - Jun Heo - Seung Hwan Jung

A

EMA H HOE] =

2N

iL
ir

3. g+Hel
3.1 g=xE|

70

SAFAEFE TN W ] PporTW R oo R AT g s ® W
= =) = -~ — fer R o~
EFF W R ETH R gy P g M Wy
SepxCrIaf® Txws FuUXsLape No
SERT ooy ww o T oy T ET - S
WQMHEEMMWATX XA ﬁ.o_oga _zﬁﬁﬂawATﬂﬁnE_ﬁqo»ﬂ%m ﬂﬂn

= OW T l - ;oT ;OT > e :i ﬁﬂ ‘mer — = - o E..ﬁ &O i T TK

B S i 5 o = Wy R oy oy RO 1 UG
Bl A N R o o, B doy
SWmT oW o {2 = o B X .
E= X o R 1Wom io%éo_nurﬂmé_%%% L -
R3] JlL;o; = o . ey z = LN —_ Fo— ‘m —_— m
EH@Wu]MoaTxﬂom! ooy - Mﬁqﬂo#a%eixuﬁmﬂﬂomﬁ M‘_t =
R S AR S IR I G @ Ay
M TR W T e U o= o ok X -

Nz 5 B m ™ R E R B o)
i — i o mh B \ ny = e z
T T HE T = N I N o s
X WS WS ™o =5 o I g oy o] W g B Al B ol -y £
NEDERTTETIERLY Teba g lr T a g KE I
"5 X o Mo o T o o Mﬂ;@oﬂoni‘q_]_mommci_.Ott :.Lﬂ‘_un ° § ¢ &8
EamTwae ™ P L g oy wxiﬁ_]_xicuau 5 Ez23
FEREE R T g BTGy T2 ﬂo%%%ﬂodumxﬂ i : 353
2o 2 o X = A wm Roow i N %0 ) X RO EE %
EHEFE oo Gl el Pelenly fE258
S ﬂ%ﬂmﬂﬂ%m%ﬂ%%w@%@mﬂg%%a%%ma%
M%Mﬂ%wm@ﬂﬂ%%u.ﬁmmmﬂaimxﬂﬂﬂawﬁm:muﬂ%dwjx;i
HE SR EmTm T ™I N T Z o < = MW
g R R SR _ = _ _
WEMNN TR S dE Tl
PR PRNAERT NIRRT TRS Bo®m K HPT M w MR d =3
Mo — X RMERAH R T 2 o W R R B ROOE RO s
THRT =™ e sy O g Hor T Wk T Ao AT o 2 22

= B BRE T oo = o M S~ T A T E%LW t &
PIpT TR E T w9 © T X T oW MR &2
X9 & EeﬂﬂVIATﬂuAT%olQE - o Rk ﬁoxﬁmﬁ&lﬂlﬂ&\_o N o I5
2P o RGew nE % by, b W T 2 ol
ﬂoﬂmwMTﬂowa %&]ﬂu Q%ewﬁ iﬁz,_wwowmml Emnﬂa%ﬂul@rr
S o A G X EWe o XX
%M%ﬁ%ﬁ%%ﬁ«a%%%ﬂmxE M T E®TTE -

K fo X of T o o Hp 8 o o o Mg T | o X
o X T = o T & " oo = ® N o A 5T

- R N — W S = NE N poup @ gy B, T O H z ¢
i zu\)%7qo&o%7ﬂe1&|)mM] 1u1qAT = owaﬂr,_utiuma Ex52 >
Too ol ST 2 Moy = 2 2R o = T oy e AR EZTg Lz
uTloL.ouAlﬂlVL_dﬁﬂo#o 0 MM#J_M ogo;oﬂ_l1mgﬁw_wﬂ]ﬂd|;o_.7 g5852 &2
Eumplmw mXITH ey L Pp®T Ao Koo Sso8322
P s N d R ®g §2 L PR oprx oo T oW s
]Lom.oﬁuﬁu M ®o - =R ) o o %R = 9 N eE —
S EeT IR EL iTET Txlew T 0

_ o KO o ROT . — S ! o) I X

ww%wax%%ﬁ%mﬂmmﬂaomﬂ%w PR EF T g0 X T

= ol < - . — ' _— ~
2 o {F W ,,mLMiﬂ%%ﬂ&%dr%dr%%ommomwmﬂ%z_cﬂmwﬂ%eg
dFREE s phms ox b TR ol gl w2 w e
o g N C g W AR g oF £ R g Mo g RO oy e T A R T
S Ao =S F e TR ORET GO =Wy SN FUE
Mo - 7o 0T T No mr w5 %M.ﬂ*imﬁoﬂlAT =
FHWT R TEFRHKTVRETITNVNT aF P EWRRN T T W

<Figure 1> Flow of the Water and Data Collection at the Water Treatment Plant
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<Table 1> Feature Information for the Model

Location Data Number of | Number of 2022.09 ~ 2023.08
data missing data range average (ijaa\/rll:t?g(rj]
water inflow 17516 4 6487.90~415299328.33 34356.09 3137495.07
alkalinity 17518 2 0.00~72.32 50.43 12.39
electrical conductivity 17517 3 101.00~586.00 329.79 125.83
Raw water
pH 17517 3 6.74~9.00 7.79 0.36
temperature 17517 3 0.01~29.37 14.91 8.05
turbidity 17517 3 0.84~181.84 6.37 12.88
coagulant rate 17514 6 0.00~15.94 4.76 291
) ) ) pH (at the front) 17516 4 6.62~8.19 7.53 0.37
Sedimentation basin —
turbidity (at the end) 17516 4 0.20~2.67 0.66 0.21
electrical conductivity 17516 4 113.53~571.81 345.44 125.15
o pH 17516 4 6.78~8.15 7.64 0.34
Dr‘ztsr;fv“;ll‘r’“ temperature 17516 4 4.08~29.99 17.36 7.88
turbidity 17516 4 0.00~2.42 0.59 0.22
water outflow 17516 4 3761.09~15000 11154.57 670
w AgolAE 2022 99 19E 2023 8 31 9 o o Q3 B o AAE ¥t AES &
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<Figure 2> Detecting and treating outliers
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<Table 2> Correlation Analysis Results

raw water Sedimentation basin |Distribution reservoir
ivr\:?ltoev:/ alkalinity ngzcljgtci\?ilty pH |temperature | turbidity pH turbidity water outflow
coagulant rate | -0.012 -0.724 -0.802 -0.641 0.726 0.637 -0.845 0.442 0.046
<Table 3> Validation Results
Re;'r”ees‘gon Fendom | xaBoost SGD SVM DNN
MSE 0.865 0.074 0.099 3.32E+23 13.411 0.086
) . MAPE 0.376 0.259 0.26 3.84E+21 1.697 0.288
Data without scaling] 3
R 0.885 0.99 0.987 -4.35E+43 -0.789 0.961
CVRMSE 20.274 5.94 6.861 2.51E+23 79.838 11.842
MSE 0.881 0.074 0.169 4.903 4.326 1.634
Data with log MAPE 0.243 0.034 0.065 0.558 0.396 13.689
transformation R’ 0.882 0.9 0.977 0.344 0.423 -75.337
CVRMSE 26.161 7.553 11.472 61.257 57.852 229.34
MSE 0.865 0.072 0.181 0.875 1.131 14.943
Data with min-max MAPE 0.376 0.246 0.301 0.36 0.467 24,364
scaling R’ 0.885 0.9 0.976 0.883 0.849 -830.724
CVRMSE 20.274 5.833 9.265 20.394 23.011 1724851
MSE 0.865 0.074 0.114 0.909 1.04 18.563
Data. with MAPE 0.376 0.254 0.269 0.399 0.448 23.599
standardization 3
scaling R 0.885 0.99 0.985 0.879 0.861 -23.08
CVRMSE 20.274 5.909 7.362 20.788 22.161 -24663.807
(SVM), Deep Neural Network(DNN) RHE5 4883l o 3 dHFU2ES A &sto] 7} AMER 254 dlolH
B, o)A el 25 doly flol= =1 WE min-max ol el BIAEZ A= <Table 4>9F ok L3 o
g ts}, EE3k(Standardization) & §3 A= &8st ARRE AAEL S e 107001 A g WAE]
4 Agd wag Rod sl A wEs Baalr] 98 A2 HolE FE 52
wdo) 45 e SAaA HAT EAF 2ol7] Fal AAaTh AT Asel maLele] Qo] tha sjete
dukd o 2 AREEE S-fold WAAFTES XA &, AN 1.1359] MSE, 0.912¢] R’, 18.7042] CVRMSE®]
WA 5719 folds A 3H oM, B A5 A3k A & F Axe] A8 T HesS BAFAH

32

SH T =
g <Table 3> AelHo] vk FEFAE
2200008014 A 1594342 & HEAS A BR
o AM4EE MSE, MAPE, R® 99]%= CVRMSE
(Coefficient of Variation of the Root Mean Square Error)&
Fastel mEol ATS Hristglom, HEFHOR
min-max “47F3E A8 dPGxH1E Bdo] 7P £
g GrbEQieh R 2 Weks A9 gt
Zdoj] A] MAPEE: MSE #tell wl&) )¢ o1, o]= 4

A7k rjH o Agelw BTskn A4 A FUE

of W e AEol AF o) WAL Asjolr
53 {= &t
HEXoE ol AR AHe ZEZAMZ min-max AIF3F

<Table 4> Test Results

Random Forest with min-max scaling
MSE 1.136
MAPE 0.111
R’ 0912
CVRMSE 18.704
6.4 =

2 dFoAe & AEAFAA 20224 =
FE 20233 8¢ 3197 193 AAR FHE A
A%, dZEE, AVAEE, pH, &, B, H AR ol A]

’
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