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Pl It 27 IS Haed 9 A8H S0 A g2 FFE E 5 o ol tigk A&AQ] Bwefrt S-asith
2 A E G5t 7Y AR otdolA 2F A FgFA &S] chlorophyll-a §EE oS5k s #Al#HY
23 (AutoML: automated machine learning)-& 753t th AutoML2 HA Y 9] 152 I3k Hlolg] A,
oy Ay 9 A5 3y o] Hol g wof didez golgt By 15 7HeotA she Aol dloeH, 2 doAE
AutoGluong ©]-&ste] AutoMLE F5otal 7]&of d2] AR-E= MAld 2E<] random forest @ XGBoostH 37t
1 AsS vusiith 29 A5 vlue Y 450 Hrtd] 85 AR 2| E 2 Nash—Sutcliffe coefficient of efficiency
(NSE), root mean squared error (RMSE) ¥ RMSE-standard deviation ratio (RSR)E &85ttt 427} AutoGloun,
RF, XGB Al7}x] 2 32] RSR gko] ZH2F 0.564, 0.752, 0.811% AutoGluono] 7F 945 A5-S Hol= Zo g delx|qich
T3t AutoGluon B3 9] 5ol AMEH ZF fp7F B 9] Aol nlA]= dHd 58%k2l feature importanceE 215t
FRLTt 2 HeRE A pH o2 HAEE AlASHA e HIE Hlwstart. 443 RSRo] 0.542-0.5792] HLlE
Hol Jgiiart AlRbEQl Feoe 4 5 o] A Aol gHE 4 IS FRlskirt

SAIBO| 1 % WA, AutoGluon, 25 PlAlEld, vlAlely, 54 e

Abstract

Excessive algal blooms in rivers can have negative impacts on water resources and aquatic ecosystems. Therefore,
continuous management of algal bloom is essential. In this study, an automated machine learning (AutoML) model was
developed to predict chlorophyll-a concentrations. AutoML has the advantage of simplifying the machine learning model
development process by streamlining data preprocessing, model selection, and optimization, thus making model
construction relatively easier. In this study, AutoGluon was used to implement AutoML, and its performance was compared
with that of widely used machine learning models (i.g. Random Forest and XGBoost). Model performance was evaluated
using three quantitative metrics: Nash — Sutcliffe Efficiency (NSE), Root Mean Squared Error (RMSE), and the Root
Mean Squared Error —Observation Standard Deviation Ratio (RSR). The analysis showed that the RSR values for
AutoGluon, RF, and XGB models were 0.564, 0.752, and 0.811, respectively, indicating that AutoGluon demonstrated
the best performance. Additionally, the relative importance of the input features used in the development of the AutoGluon
model was explored. Features were sequentially removed based on their importance ranking to assess the impact on model
performance. The results showed that the RSR ranged from 0.542 to 0.579, verifying that the model maintained a stable
performance even when input variables were limited.
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JNFAEY By 5 HlwA 7)o dE RPREH, oo
T 3ol Ao JFES Tl B A5 Mok
random forest (RF)2} XGBoost (XGB) 59| 9JAME =4,
7123 long short—term memory%} 22 @8id d1El&
T O mAled garejEo] shd Chl-a 5= A5 91gt
0y F=of &85 Ity (Karimian et al., 2023; Park
et al., 2024; Shin et al., 2020).

ShA g m4lely g o] -9 dlofel HAg, At
AR 9 F5E By HH3} F By 15E AT
TAS] AP ZFgo] FashH olF 9o ¥ Eoke] MEAQ]
Z1Ao] dastrt olgdt By 75 19 o2 BE 9
AR ALE oA st= olf F stuelZlkE sttt AE
HAIEY (AutoML: Automated Machine Learning)-2 #4121
Pl Bag v 44, dole B2 2 =5t 5o
NS AFsbete] EAzpe] M A 4 Slof,
iAo s 139 F50] GolotaM L ARl Y A5
SHHS ¢ Q= RS 7R ek ol=Rt o E AutoMLZ
B vidled 2 Hoh 41 §&802 53 £ Qs
TR A4S 9 §lor, Tkt AutoMLe] i H A8-S
st BAJo] Al&E 1t} (Karmaker et al., 2021; LeDell
and Poirier, 2020; Salehin et al., 2024).

57 Hopol| 4 & A~ AutoML libraryQl Auto H20S

e

Z-8sto] sbd Chl-28 dlS&she 2¥S 750t Y=iAse]

¥t SAFRNETE B 9] Adsol mA= JFS Hlwsh=
5 (Park et al., 2023), AutoML2 £2 4 & oA o=
ol &8dte] ¥4 4] a8& =ol7] AT 7ed
L2lo] 2&E]1 9ot Madni et al., 2023; Park 2024; Prasad
et al., 2022).
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Fig. 1. Research site.

Z4=o] 37HE I A=E AFHESIATT (Water Environment
Information System [WEIS], 2025). ¥ W& At== =7}
AT F Y B A A”] (Water Resources Management
Information System [WAMIS], 2025)9] 370E 4 <t
g 55 ARSSHATE B iy 9] s, A2
T 718 42 2 E£A46H] flsl 713 21V R E A
ZEof F7HE Fe7 VI (Gite no.: 136) S9A=2E ARESIATH
(Korea Meteorological Administration [KMA], 2025).
Rygo L5 & 2F T uAl AFAE
attel Chl-a (CHLA)E <&9] di4o]
ARsta 25 A T wE A% 24
HrEe 4 Qe & W9 = (TEMP), 4
pH), A71HAEE EQ), 2444 (DO), F/7184a (TOO),
44 (IN), &<l (TP), ¥ ¥7ZF (Q), B7]= (AVER_
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AutoML 2§ 9] 55 919 python open source library
AutoGluone ¢85}t (Erickson et al., 2020). AutoGluon-

i darElEe] ool 433 28, A7 (neural network)
oy 9 e Y (LightGBM, CatBoost, RF 5) thFst
RS FEotal ot ZF 1y Ato] HES Bl 2

S
o

=
AES EE0hs BYoR Hole Y HA, ohget /i
o] o, o5 Ao HYES T HAo vy A
EE27HA] wAed BE 9 15 AIpPelA 979 MY

1y 159 "G E =Y 5 JEs 745
Aot (Fig. 2).

AutoGluon 23 9] H3}o] glo] BFP9| 7| & HAZS
Ao A8 AS P 9lom, & AR 72
AE A8ste] RE 9] g5 A5k (AutoGluon).
, W Adde] o2 By 9 453 Hlush] 9o BE

A5 ARESte] 5T 2y MDY 94 S50

AdAozs WHLE AHsty] iz 249 2y
(M2~M6)¢] 5 Hlwstleh ©]¢t @7 AutoGluon®]
Hg Aol et WIS 9o, Ul FeT EA S
w12 B9l RF XGBE ol gelo] e 75017 1
A5E skl

RFE weak learner2 83+ JAFEZAURE 28510
g N 2y A PFES ol HF 2AE EEH
aE]EolH, XGBe A ©A| weak learner®] AiHE tha
Al NS Byl =0 Egote] FH o By H45S
AFA 71+ gradient boosting decision tree 2]l 7]Hs}o]
TE5E= dE2H] PE HAaled 2ot (Chen and
Guestrin, 2016; Friedman, 2001).

RF 9 XGB 23] &3l = grid search ¥4I o851 0m,
time series cross—validation (n_split=6)& 2-83}t}. 2ol
93t hyperparameter?] et XA Zh2 Table 1o AA|
Skt

Rygo A1 A3} 9@ A4S} 55 AT ZRIHS
XGBoost @ scikit-learn, NumPy, Pandas, matplotlib &
Python @EZAA glo]B 2] 853t} (Chen and Guestrin,
2016; Harris, C. R. et al., 2020; McKinney, W., 2010;
Pedregosa et al., 2011; XGBoost).

o L

Data Training diverse Stacking Evaluate & Optimized
preprocessing g models d ensemble ) Model selection model
Fig. 2. A schematic diagram of AutoGluon.
Table 1. Hyperparameters used for model optimization
Model Hyperparameter Range Optimal hyperparameter
n_estimators 100, 200, 300, 400, 500 100
min_sample_leaf 1, 2, 4 1
RF - -
min_sample_split 2,5, 10
max_depth 2,3, 4,5, 6
n_estimators 100, 200, 300, 400, 500 100
XGB learning_rate 0.01, 0.1, 2 0.01
max_depth 2,3, 4,5,6 6

SREAISIE(R| A27 3%, 2025



d 293

Ry AH A SRS T
Zotstal Qllem, Byo] FES fldl
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HFA1Ql K-Nearest Neighbors (KNN) ¢12]&
2572 BHIbE 28sklek. KNNE o83+ 2
Python &4~ 2ho]EH2]Ql scikit-learn
(Pedregosa et al., 2011).
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3147121 9] HlolHE By 9] &< (training)oll, 2020 1€
19-2023\d 12 31471219 Hlolg & o5 =Y 452
B} (testing)ol]l AR-&SEe], B 5o AHEH training 3
testing H|oJE19] 74 HI&S 6:42 HASHATh

W
R
my oX,
AN
1o
ill

LI

o
I ™ m
Lo,

N
(N

O
el

pad

~
B{\Y

o E e mo
L
b oo

A

J

¥R ox ok
2orje & e et

o

oo
ol
Qo

s}k

7]

-IOll
40“% N
2

o o

lo

2.3 948 H HY0 WE 2 45 =4

AutoGluon 29S FA4st= o AMHHE 7HE ®H49
A FQLE Aoz SRIT & QL= feature importance
g AT o] e A W4 HES diolH 3
ooz BRI AlojA] HYsta, o|gA HIPH MR
Holel & mo| Hgdlo] g M P HJFHIE
Hlwste] oy W40 F Qs A o A=t (AutoGluon,
2025). & AfoAE ol=dt B FaE AE AiE
7lHto 2 WM4o] Zawr) e RRE L31H 072 A5
Hg 5ok W] AdA Ago] o] ol ujz=
FFS Hlust

2.4 ¥s ot

AutoGLuon¥ RF, XGB 2% 2] 452 H|wst7] 954

DyAso] AE HrtE 91 A& Q] root mean squared

Table 2. Statistical characteristics of input variables

error (RMSE), RMSE—-standard deviation ratio (RSR) &
Nash-Sutcliffe coefficient of efficiency (NSE)E &85t th
(Egs. 1-3).

RSR 35 0- 0] HIQIE 7HAH Flo] &5 o5 450l
Hojutty Friste dubz oz RSR0.7¢1 4-¢ 2F <
A7t AE3E F G5 Ao 2wttt (Moriasi et al,,
2007). RMSE= A= Hlolele B 9] o5 Ho]g Ato]<]
HAE YFHoz AL ABZ 0- o HYE 7129
RMSE gto] B&45 450] 4% AS vehdrh NSE=
-0 — 18] HIIE 7A|H ZFho] 1ol 7hars Byl Sk
ZF d| &5t Ao 2 sttt (Bennett et al., 2013; Moriasi
et al., 2007).

\/E(yf &t)Q
RSR = tzl )
\/Z (yt - gt)g
t=1
) (5= 5.’
RMSE = % )

NSE=1———— 3)
E(yt_gt)z

t=1

where y, is observed value at time t,
y, is average of observed value,

Y, is model prediction at time t,

n is number of observation

Variable Average min max csi:]?i?éi
TEMP () 10.852 1.800 24.900 4.783
pH 7.267 6.300 9.600 0.365
EC (x#S/cm) 176.951 101.000 230.000 24.180
DO (mg/L) 8.765 1.100 18.600 2.726
TOC (mg/L) 2.408 1.100 6.800 0.600
Tndependent TN (mg/L) 1715 0.420 5.266 0.545
variables TP (mg/L) 0.011 0.003 0.309 0.016
Q (m%/s) 23.215 0.000 176.272 19.409
AVER_TEMP (C) 12.851 -12.200 32.000 9.993
RAIN (mm) 2.709 0.000 99.700 9.238
SUN_H (hr) 15.048 0.000 31.280 3.750
SUN (M]/m?) 7.048 0.000 13.300 7.231
Dependent variable CHL_A (mg/m?®) 6.388 0.000 70.400 7.605

Journal of Wetlands Research, Vol. 27, No. 3, 2025



294 25 DAY AutoGluon L12|E22 &83 5 2

3. dat & 13

3.1 YR 54

Ry 155 Aol AHSe A=o] Botgl, 2agh 2t
WA ol Table 2] Yehdt}, $5%21 CHL_A]
g2 6.3880]H, A g2 22 0.000, 70.400
o]it}. Figure 32 29 5ol ARSH F5H<l CHL_AS]
training ¥ testing®ll AFH&H = o| BAE Hojrh A
ztol= O}, training 717t 5 o CHL_A ¥4 5x9t
testing 7|3+ 5 2|t CHL A 24 Fee FARE 2325 Hole
AFE AT AT

FH

H

32 2¥ ds

AutoGluong &85t 55 CHL A 95 23 MD2]
ZA1+E RF 9 XGB 2389 A53} v)wst 23} AutoGluon,
RF % XGB9] RSR gfel 22} 0.564, 0.752, 0.8112 EA4=]o]
AutoGluon©] 7V 945t 52 Hor XGB, RF &£02
Aol =2 Aoz RIS thE &<l RMSE, NSE
ZF 9A] AutoGluon©] 4.329, 0.682=2 7}4 9435t AS5S
Helal, XGB, RF =02 450l 2 2oz EAH

AutoGluone 283t -9, XGB % RFY] Hls|] Aty oz
Z Zol2 4% J5S Hols Ao=m EAEAUT Auto

Gluon 4177, RF & thefet &9l s Eadshal glom,

o5 Y mae] o File] F1EAE A 2PN
HAo] 42 EESHE AR FAL B AT 452
Saygich. webd, 5ol AHst 5 75 Yol HrjHoR
degols BEskn Bl thgel B iley BEe
g3 AoHt S50 45 BT (Fig. 4).

Figure 5% 422k ol5gte] 1:1 PAE HolZn, 1319

Ve Ao Ege Uehdc. Teng

Sff A 7ol

1 =
W HAdel 7HEA HlelE7E REgeE Yol ASwtel
=1 %

AA AutoGluonco] XGB, RFHET} A=7ke Z o &35t=
AFE BHYS AAHoR SIT 4= Sl

Training

Testing

70

50
40

(mg/m®)

30
20

CHL_A

Al

20'14 2015 2016 2017 2018 2619 2020 20'21 2022 2023 2024

DATE

Fig 3. Temporal distribution of CHL_A used for model training
and testing.
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Fig 4. Evaluation of predictive performance of three models (AutoGluon, RF, and XGB)
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Fig 5. Relationship between observed and model-predicted CHLA (mg/m3).
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33 B 32 24

2 AFolA

= AutoGluon®] YH d1z]=2 o]83
DgFEo] A Tt SHHSIE By o] Aatof ujx|E=

T 6071 3] s 24 23 RSR 0.542-0.579,

RMSE 4.163-4.448, NSE 0.664—-0.7062] HYE R o,
HZ=0] 471 Lol Folol nhe QAT e Holx]

o _ ket (Fig. 7). shARE AA|H o2 RSR € 0.6 A= F=2
ARE FRES HFGIT oF Pl B wom ol K T el oot e
e e e i d58 2o, BYL] 471 ATA AT FHA
Pz AZtstete] Fig. 6o AAekc, s vas s - et
W T2k glo] 245 CHLA o150l =9 #a7t njal= gom wmE s T oUmT = e ao
o . - SAed RYe By TH0] BEEE dojge] 4L
%EHZ' ooo]:o] E1 % 7/_15 L]'E]'LHD%, ’E ?i'?'oﬂ/“] /\]—O% 6‘—é6]-0q ;_; Hl__ Eﬂol‘ﬂ 7]3]_ ndog AL SpE=E
sease] diet Mg FRE B4 sk pHrb mgel Aape DO TECTE ST I RO S
R, N ST 2 Sgo] S oFe] dlole] Shav} o]t
D]X]'C 3 0] 7]’0 = A1A 0]—?‘ TEMP > Q > TOC > DO '8]—1]13]‘ —5':]7(]‘01]/\-]94 o) X}—E Z_H-E_Q_ aro }\]7]_ 8 _Q_O]
> EC > TEMP_AVER > TP > TN > SUN > RAIN ) SUN_H e S A U
om oqgol = Aos wALa RF5]5, Sa] TN, TPs} o] 4 24| Bag F2o
— [elre] T A— it | AR . - = -
Ao 20 = HAHZ o]Qst HEo] 713} SrE
—Eﬁ?oﬂlﬂl‘z— %-/?‘%_Q_E—E—/—‘jl 5%71%2§-%—9—E7} o;rpH, DO, Ti- o L-]E ‘I%L_‘A—;] }T 0—10ﬂ
S U ETE TR T O e 9vtdes Hg we wWigo] Wasl
e HaRE A o M-S Al7ste] A HaeE BE B olo] MO =al Al o _ e LasiL
e e e o B Q7o) B4S Fol, Athom At NeE AHgshe
AT DR MIE Egiel, Table 3o AN of ol L AT SR SO T K s ol
S = 5 = & u = © gL pil =l =
M2-M6el S/ R F712 PRl & el mape ) [OE TN 0 SEEE T SRR
FESL Aeg Hastart Sem TR T AT
3.4 AutoML 2¥ d57td U 2E gt
- 3 4dzk s FASE WA R % oS
o | 5 297 pelol Agsb] 9% ATt T Hopol
TOC - 0613 _ . _ _ =
Do- 0557 ALEHIL et SR MY 2P 5= flsiM=
E B o Z20% 744 9 dolg 49 it 44 +F o4
5 AVER_TEMP - | 0177
S T A2A 74jo] Basich. dirie] szl B Python,
TN 0126 _ _ B _ _
SUN -1 0098 R 5& o83t AHAY m2 IS Fofl =5 oloF 5,
o f olelgt S4e siAled RS W Ano] APHoz
T s w0 s g a5 A8dHE A2 o9l sk 29 F shiolch B¢ ol
mporance score P15t 2go) SA44 vl REo] 4L m@e] T
Fig 6. Feature importance of the AutoGluon model. A Ztg o] EXo| 37| Jgke vhA| Fok whabd wAley
Table 3. Models based on feature importance
Model Independent Variable
M1 TEMP, pH, EC, DO, TOC, TN, TP ,Q, AVER_TEMP, RAIN, SUN, SUN_H
M2 TEMP, pH, EC, DO, TOC, TN, TP ,Q, AVER_TEMP, RAIN, SUN
M3 TEMP, pH, EC, DO, TOC, TN, TP ,Q, AVER_TEMP, SUN
M4 TEMP, pH, EC, DO, TOC, TN, TP ,Q, AVER_TEMP
M5 TEMP, pH, EC, DO, TOC, TP ,Q, AVER_TEMP
M6 TEMP, pH, EC, DO, TOC ,Q, AVER_TEMP
07 5 08
4,444 4.425 4448 0.706
4329 .
4.262 4.163 0.7 0.682 0.665 0.668 0_5640692
06 0.579 0.576 0.579
61 0.564 0555
. 0.542 "
17} 0 0.6
i P4
05
05
0.4 0.4

M1 M2 M3 M4 M5 M6
(a)RSR

Fig 7. Performance comparison of models constructed based on feature importance.

M1

M2 M3 M4
(b)RMSE

M5

M6
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