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Abstract : Rapid industrialization and urbanization have led to severe marine pollution. A Water Quality Index (WQI) has been developed
to allow the effective management of marine pollution. However, the WQI suffers from problems with loss of information due to the complex
calculations involved, changes in standards, calculation errors by practitioners, and statistical errors. Consequently, research on the use of
artificial intelligence techniques to predict the marine and coastal WQI is being conducted both locally and internationally. In this study, six
techniques (RF, XGBoost, KNN, Ext, SVM, and LR) were studied using marine environmental measurement data (2000-2020) to determine
the most appropriate artificial intelligence technique to estimate the WOI of five ecoregions in the Korean seas. Our results show that the
random forest method offers the best performance as compared to the other methods studied. The residual analysis of the WQI predicted
score and actual score using the random forest method shows that the temporal and spatial prediction performance was exceptional for all
ecoregions. In conclusion, the RF model of WQI prediction developed in this study is considered to be applicable to Korean seas with high

accuracy.
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AeAT 7IHe 28 e 9o F24FG7HAF dSEE AT

S vihe JA4% A skel E=AEE o] A, el wh
2 <ok 9 o] AR Qd] ZAlFH $1X]% It &
o] ool Astem sgE e gk e ol
s ek olof] whe} Y oS EEH R Hest
al S I HEAHAS BA-BAE7] YA = A}
dA dlld 4S5 AHH R BYEH S JTHKIm et
al, 2022). A= Acte] YA FHE HV|HoR ZANSE
I YA NS T3 o7 ghofste] YA A NS

=

o 71& An=E &E3t7] Al g3 & H(Korea marine

environment management, KOEM)ol| Al & 1997'3 ¥

Zpshgl om, 20108 FHEUEE AAZE -5E o] AA &

WA S G0N A, 9 E 2 v g S

(23071 7)), Atal G 3AAH SA L1457 FA)d A AR
£ T3t AUtk

A A Bt FAH S xFH o R olFsly] {3l AL &

g8t FEH 7R F(Water Quality Index,

WQDE &3 4 TuS A8 A Il g At

A Za A S ERAZKEAL A, B, 293k 719
o

gl g, soll, A= =LA 57F

A Aoz FRete] sl vk s A ILA|
A2018-10% TS gAY o wet ol FH FEA
F SEMAYIE, B S$EFUAL, 2T £,
AT AEERAE FEDS AHTERE O Ve #@E
g3t WQI k& AFE3kal 9l th(Table 1).

Table 1. Reference value of each parameters to calculate Water

Quality Index (WQI)

v

gEo 255 G977l §lv BHE A S (sub-index)E W33
otk Al HAl= ZF Q1A diste] ThEAE b e whA]d)
o2 7 748 JAAES FA 5 (Aggregation Function)E &
&3to] gk 5 wQl Aol wet 55 3F ¢hoh(Uddin et al.,
2021). @A S FEE B oA A LABH= WQL AAHHE o]
23 TR AAE wETHRho et al, 2012). WA HE7Fe] 9
7ol wpeh H-odgFale] Y FH9 FEFIALDINGG &
E5-711(DIP), YA FEQl S22 (Chl-a)7 FEE, ©
2RkgEHEel A FgFEAL ¥ £d BA FgEow

Aot 7 FEES AT AGH FAEHE S
Al 71 gkl whel 1~5 Afe]o] B2 A]4x(Sub-Index, S
3}AFE UH(Table 2).
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Table 2. Sub-index scoring equations for each parameters

Susl?c-i)tigex Chl_a(%g{; )’(HI;/IS(M /L), DOg(%), Transparency(m)
1 < reference value(RV) > RV
2 < RV + (0.10xRV) > RV — (0.10xRV)
3 < RV + (0.25%RV) > RV — (0.25%RV)
4 < RV + (0.50xRV) > RV — (0.50xRV)
5 > RV + (0.50xRV) < RV — (0.50xRV)
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linear combination method)& &3l AGH 75X & &
E5H(Eq ), EFEXE 54 wgt ZaAH 1~5a3Ae 59
o2 H7}stA Fth(Table 3).

WQI =10 X DOg+ 6 [(Chl-ag) +(Transg)]/2 (1
+4x [(DINg) + (DIPg)]/2

Table 3. WQI score criteria to evaluate water quality status

Eco-Region Chla — DO.  DIN — DIP Tr:Illlcs}I:ar
(gh) (0 (b (g (m)
Middle West Sea 2.2 425 30 1.0
Southwest Sea 3.7 230 25 0.5
Straits of Korea 6.3 90 220 35 2.5
East Sea 2.1 140 20 8.5
Jeju 1.6 165 15 8.0

WQI 1 11 III v A\
grade (Very Good)  (Good)  (Moderate) (Bad)  (Very Bad)
Wl <23 23-34 34-46 47-59 > 60
score
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21 (uncertainty) = ©F7] $FCH(Uddin et al., 2021).

olol what <t el A= A FA] F(artificial intelligence,
ADS Z8F WQI oS 2E it o] 7]E WQI ALt
A UERbE B S Beelr] s thedg AT AR
=HAc “”1 U] AFE A EW, Jang et al.(2016)> =

A #5 Auet fA49ARGOCHANA S4EH = A=
TAYE AEES o|&sto] YAISE 7Iuke] AR IHA
F FA 7IHE NS Fgk Aol Ve AIRE A
T dayslre AT os A ATk Jeon et
al.(2020)< Random Forest(RF) Support vector machine(SVM)
< S8l Fgnte] WQlE F43kl L, RFSF SVME F score

=

95% o]l E& odF HdeS HYTE Kim et al(2022)> &
FRdAQl AdaBoost2} TPOT Fild]E5S &850 Al3l5 oA
< 4d53o] Fl-score® H71s A3}, 1~25 7l A
3590 % ol S BUAN 3 45Tl A= w
S(70% olshs Bt} oAM= F o vt
3 71Ho] A7H AT}, Abba et al.(2020)9] Aol A=
A8 Yamuna’d2] 370 g4 Back Propagation
Neural Network(BPNN), Adaptive Neuro-Fuzzy Inferecne System
(ANFIS), Support Vector Regression(SVR), Multi-Linear Regression
(MLR) 5 o2 7} 1&A5 7IW& AH&ste]l WQIE o=
stelom, oS SA1717] 913l 5 71 (Neural
Network Ensemble, NNE)2 &-83}%t}. Uddin et al.(2022b)<
Random Forest(RF), Decision Tree(DT), K-Neareset Neighbors
(KNN), Extreme Gradient Boosting(XGB), Extra Tree(Ext), SVM,
Linear Regression(LR), Gauusian Naive Bayes(GBN) & ©I2] 7}
Al mAleld 7S vagk A3, B 7|9k DT, Extét 4
B 7]4kel RF, XGB7} WQI2] o= A50o] 714 wolyt Zo
2 el Gaya et al 2020y 215417 (ANN)T} ANFISS
23} WQIZ 4 o =3 A3 MLR Et} 10% o] A%
o] AME ATARE wEEAL.

ol A7 Il ® Tt lEAlE 7Nkl wWQl o=
ol AFHI AR S Al FE, Asts
54 Ao w3t= o] A4 vlJeon et al., 2016; Kim et
2022), Felvel A sl did o He)el = ofele
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B Asl S, e, ey, w8, A5 wols
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SEE RIS
(https://www.meis.go.kr)ol| A A
ARl om, A o] Uyt
2000 1€5-E 20208 129714
14(2,5,8, 119)=2 AT WQL oS 2d 850l
A Al Holl - wQl Atz
AH8-3F= F & (transparency), 84425 S (dissolved oxygen),
7141

2.1
=

24 =R=INE

_9_5]— H/H BLEOi 7]

7] 2 2~ (dissolved inorganic nitrogen, DIN), &<
(dissolved inorganic phosphate, DIP), & = =3 (chlorophyll a)<
Aestgith. 715 A AAle Wl A E%‘%OI A}ﬁﬂi
BAGRE 2 e} 714 20 ROz 59 Frollls

)
(pH), &E2H 452 (DO), §%i A 2k~ 8 F=H(biological oxygen
demand, BOD), w94 = R i
13 E(total dissolved solid, TDS) BHEZ
SS), EF=(Turbidity), &1 o}Ad E_L(NH3 N)E A8
(Uddin et al., 2021), I 5 3
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=
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‘jr a5 AR
< %1-_9_6} x]Ex% ol WA Bt} 7] A&
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TEelA &AL WQl H=
X9 (Random Forest, XGBoost,
Sta, Hn BAS E3 shure

-1 s
Qe ustnz

=

KNN, Ext, SVM, LR)<
W wWQI bzl 7 A7 e AT
g},
WA Random forest(RF)i= 2] A2 A U-5-(decision tree) 7]
o] 001"2}2 D\ﬂ]i B E/\E‘jﬂ(bootstrap) Aﬂ%ﬂo% %gﬁ 1;]_
g JE ARE Ak, s Aol vl abA
WS whEo] O W FAE AFESe Wolt £
(classification)®} 3] 7] (regression) Ao A EF AFE& 4=
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Table 4. Optimized hyper-parameters for each models

Model parameters RF Ext

LR

n_estimators 500 500
n_neighbors - -
max_features 8 8
max_depth - -
min_child weight - -
subsample - -
colsample bytree - -
eta - -
weights - -

metric - -

1 - - -
0.05 - - -
- ‘distance’ - -
- ‘manhattan’ - -
- - 5 -

- - 0.2 -

= 9ol A ¥ B 2o
3} Sh(over-fitting) = WA eh= &7} ok ARASE darg
= o

&2 Hannan and Anmala(2021)° 4] A 3}ar 9l

AU TRk FRE VI T
ZH(Residual) & ©]-&3te] o] d REPo] s Heg A=
HEPgor FapF 0w JUolE Al7]E 7Wolth o]
Bt EAT AA G F stk gl 9l
Wy Az, 343 774, CART S3E AHS 59 7]
3 7)st 2 dlo] Extreme Gradient Boosting(XGBoost)
o]t} XGBoosti= 53] 3|7 EAdA A5o] ¢4 Aoz
2+ 2 9 TH(Huan et al., 2020; Khan et al., 2021; Tanha et al.,
2020).

K-Nearest Neighbors(KNN)&= 7173 dwbd o 2 go] 2Ao]=
A&dtE dagFo dolHE 1o AwE 7435k A
2 7P7hE KA 9] HolHE stue] aF o R EFete] dF
e Fgst. 2 AFdAE 7P BREdeR A8 =
W3] & A2 (Manhattan Distance)S AF&3Fo] WQI o F3t2
A& T AM S G318 5> Modaresi and  Araghinejad
014yl A= Eo] g

Gradient Boosting<-

Fol L

o]

of T gt Mo r?i

OHH m1m

o
=

it JlNl 5

Support Vector Machlne(SVM)Q— Bol 2hol= 7 A G B
T R Y ARES M o)A e R e 29

(hyper plane)= T3} ‘%}‘?j o] YH(Mountrakis et al., 2011; Jang

F

et al, 2016). o|® Hrt} E&AQ1 =W A4
X}E-* Azt o ® M AFE ALE
. Ad 84+ linear, polynomial, Gaussi
angle 5°] UTHKim et al., 2014).
13 3] 7](Linear Regression, LR)<
2 71AEE 1Moz ofy ATdA WQIE oS53k
45 o] ghth(Kadam et al., 2019; Grbéié et al., 2022). o] 2} Zo]
tet AdEAE 7IHES &8st Sl A 7

e A Ee ggstun gk

Mg duAow ol
1

)

Zrol WQI o =] 2

¢

23 1Y && % 45 HIt 7|Y

stolslgtetu| = HA o FHRAS FHs] 9 =
Aol AAget= HrR 7 A5 7Y 85 A8t
ot Al sloF sk gho] BF thEr 2 A
o] A4 stolA v HE 7] 918} Grid Search WA} HF
WS A eE ATk Grid Search Wb 752 7F oA A
dalloket= stolHBetnH E SAbA 0w WA 7 Y
B7H= *@Boh a1 F Aol Mg £L stolH It

731647(—1 H]—mo]l:]_ o]E = H == 7_]1—5

*a“’ z‘q@, EPOM»}E}HIE1~ Table 49} % EP

olH getv|HE &-&3t] AE+ S 27y 67}
9 7] (RF, XGB, KNN, Ext, SVM, LR)oﬂ )&}
_% ;f_sg ],0:11;]_ 1:11:41 o] gﬂ }\—].‘:; 317}‘01]_‘: 61—_/:
AE A85E ddste] AE¥ o = Fh(predicted
WEHE oy 7HA] H7A %
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5 83k 7 e oS HeS A5sr] A Ho
AE2E Het 2o A2 (mean absolute error, MAE), A&

HZ} (mean squared error, MSE), H A&+ HXk(root mean
square error, RMSE)E AH8-3Sth 2t H7HA 5 2(2~4)=

E3 =Eshalvh

MAE =

1 1
w2 lv ] )

MSE=--3(y; — ;) 3

i=1

RMSE= — E./ - ;) ©)

ni=1

ANNA, x= AAY, g A58k, n HlolE Jiarelth

3. 43t & g

31 ZHE ol § 45 HIt
3.1.1 ZEE WQl 0| & 45 HlW

Ao A = 2042000202007 SAH a3 H S A
AAng g8ate] 6719 WAz 7] H(RF, XGB, KNN, Ext,
SVM, LR)2] WQI o5 AsS AeH-1E=Z vl 2 F7}1519]
th wdle] Aes Hriety] $1eiA B7FAE(MAE, MSE,
RMSE)S &-&3}o] 1} 758 33t Fig 13 Table 5
= Ao 24 mde] wxt 7 Z(MAE, MSE, RMSE) 2 2
A Adg Yepdth wAd S Ay 37k HEA] el
Al B RF oF 5ol 7HE =43, T2 ®+= XGB,
Ext/} =2 oS A5E B2, KNN, SVM, LRol|A “gd)

Hog gl o ATE B Fig 1914 2AASFR) =
AR AA e ®MgR AuEE FH5H5 B4

(variance)®] A% 5 343|712 AP EE o, 10|
WhETSE SFEY ] Z FAHEJSS rlgth. AAA
I RFOIA 0992 714 =7 YElskon, Exte} XGBoll A
Z}7F 0989 0.96%= -2 F¥Ad-S Hlth BFH KNN3 SVM
M= AAAT7E 242 0749 0642 Aoz e A
= g sk AAASF0.597F HE
RE, XGB, Ext= E%F
71‘&9 FHE AR AEA A
1—% d5 ol ol

ATolME A

HEd -

flo

a

oy

ER iR
Aup7uke] mele] WQI o) Aol Etrhe thel o
T Aol AATTHBui et al, 2020; Grb&i¢ et al, 2022;
Haghiabi et al., 2018; Khan et al., 2021; Khullar and Singh, 2021;
Uddin et al., 2022b).

3.1.2 MEf 7€ wQl d|& 45 H»

EoApo A e 7t mdo] AEpEE odF Hes
H] 13} 9 THTable 5). RFE ti&kaf el A 7t A7t 7h4
Eaon, ATt s dF o] /M WATE XGB
= ATl A oS5 Adsel 7MY ok digksl g Fall el A

15 Asol % Aoz et KNNoJA & Al Foll A
Hoﬂ}q oﬂi A%bo] 7},;0—
*1 oH

9}1

sl 7H¢
o] 7} Wdth LR ATl A Oﬂ% 5] 7}
Al FHel A dlE el 7HE Wkt

9ol AdE wtgom AMa FH7F tiFE EH(EKNN,
Ext, SVM, LR)OIA ¢S sl 7Hd W s o s ves
a1, AlFEs] o] i Fite] EE(XGB. KNN, SVM, LR)IA] o
= Asol F2 aldoR Yehutth

AEFER o5 dso] b2A YehdE ol fE gl
7] 98 AeaE WQl A= o] BEE S8 al(Fig. 2),
WQI 5+ Table 3] 7|55 2-&3H3th WA $-2vtet A
ddete] A8 EXE AHHEE WQI 5H5°] EoldE 2k
o] 7t AHolAl= AES Holal, wQl Ao HWghe 200
OF 15w A5 HEo] ¥ XqﬁL*er_(Normal Distribution)
5 Bt A FEEE oF Aol /M 0 AT
& B A, ddsld, salelAs A Atk #

Sof Ml AR EE BT AR A FHE 1o
(30.8%) 7 25 H(382%)°] HWIFhS 2zt 2453 (bimodal
distribution) 24 A}5.9] &% (imbalanced data)S R At}
WA o2 Z1ASH: Wl Ui 78 73l dHoly Al
g AAARJ BTt w4 dEhe
ATHM, 2013). HlolH Bt o] A2 4
= daglFol FF ] Faizol HEFEo] glo] 29
ek QB FES ¢ =ol7] uliEo]th(Lépez et al,

FE(KNN, Ext, SVM, LR)oI A H]+2

3 FHoA o F 5ol WA e
W Ao w2 Abrdrh aARE Y Gl A oS o] 7t
% %2 Random Forest™= A3l 552 |7} A 27t th& A
B2} vk Al el Als B S A WA ¢
= Ao AtEth(Table 5).
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Fig. 1. Comparison of evaluation results from AI algorithms at each ecoregion.
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Table 5. 5-fold cross-validation results of various Al algorithms
Model Region MAE MSE RMSE R? Rank
Middle West Sea 0.40 1.16 1.08 0.99 3
Southwest Sea 0.34 0.99 0.99 0.99 2
Straits of Korea 0.28 0.67 0.82 1.00 1
ke East Sea 0.45 1.26 1.12 0.99 4
Jeju 0.46 1.6 1.27 0.97 5
Mean 0.39 1.14 1.06 0.99
Middle West Sea 1.05 3.19 1.79 0.98 2
Southwest Sea 1.15 323 1.80 0.96 3
Straits of Korea 1.27 498 223 0.98 4
XGB
East Sea 1.26 7.48 2.74 0.95 5
Jeju 0.83 3.59 1.90 0.94 1
Mean 1.11 4.49 2.09 0.96 -
Middle West Sea 4.61 40.27 6.35 0.73 5
Southwest Sea 3.46 25.40 5.04 0.68 2
Straits of Korea 3.47 26.01 5.10 0.87 3
KNN
East Sea 3.52 25.18 5.02 0.83 4
Jeju 3.25 22.92 4.79 0.60 1
Mean 3.66 27.96 5.26 0.74 -
Middle West Sea 0.98 3.26 1.81 0.98 5
Southwest Sea 0.73 2.32 1.52 0.97 2
Straits of Korea 0.67 1.72 1.31 0.99 1
B East Sea 0.85 243 1.56 0.98 4
Jeju 0.79 242 1.55 0.96 3
Mean 0.80 243 1.55 0.98 -
Middle West Sea 6.27 62.39 7.90 0.57 5
Southwest Sea 4.10 31.89 5.65 0.60 2
Straits of Korea 437 33.10 5.75 0.84 4
SVM
East Sea 4.34 3244 5.70 0.78 3
Jeju 4.08 33.52 5.79 0.41 1
Mean 4.63 38.67 6.16 0.64 -
Middle West Sea 6.44 61.19 7.82 0.58 5
Southwest Sea 4.88 40.72 6.38 0.49 2
R Straits of Korea 5.27 47.05 6.86 0.77 3
East Sea 5.68 58.27 7.63 0.61 4
Jeju 4.06 28.98 5.38 0.49 1
Mean 5.27 47.24 6.81 0.59 -
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