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Objectives : Automated machine learning is a recent field of study that automates the process of machine learning
model development including proper model selection and optimization. In this study, auto H20, a novel automated
machine learning algorithm, was used to develop a model to predict chlorophyll-a (chl-a).

Methods : This study used datasets with different observation frequencies of 1h, 2h, 8h, 24h and 1 week for the
development of a machine learning model using an auto H20O algorithm to analyze the effects of measurement
frequency of input data on model performance. The effect of the concentration of the input datasets on the
performance of the model was also compared by building a model using datasets with observed values of chl-a
exceeding 30 mg/m’. The model performance was evaluated using three indices mean absolute error (MAE),
Nash-Sutcliffe coefficient of efficiency (NSE) and root mean squared error-observation standard deviation ratio
(RSR).

Results and Discussion: The MAE, NSE, and RSR of the model using the input data with a measurement
frequency of 1h were analyzed as 0.8977, 0.9710, and 0.1704, respectively. The higher the measurement frequency
of the input data, the better the performance of the model as the NSE of the model using full data was 0.9710,
0.9552, 0.8856, 0.8396, and 0.7509 for the input datasets with 1h, 2h, 8h, 24h and 1 week observation frequencies,
respectively. The difference in model performance according to the difference in measurement frequency was larger
for the model using data with the measured value of chl-a exceeding 30 mg/m’, as the NSE was analyzed to be
0.8971, 0.8164, 0.5704, 0.5141, and 0.2052, respectively.

Conclusion : The auto H20 model for predicting chl-a showed better model performance as the measurement
frequency of the input data increased, and the difference in performance according to the measurement frequency
was larger in the range of observed chl-a concentrations that exceeded 30 mg/m’.
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quality management

The Korean text of this paper can be translated into multiple languages on the website of http://jksee.or.kr through Google Translator.

' Corresponding author @ @ This is an Open Access article distributed under the terms of
E-mail: parkjs@hanbat.ac.kr @ == the Creative Commons Attribution Non-Commercial License
Tel: 042-821-1265 (http://creativecommons.org/licenses/by-nc/4.0/) which permits

unrestricted non-commercial use, distribution, and reproduction in any medium,
© 2023, Korean Society of Environmental Engineers provided the original work is properly cited.


http://crossmark.crossref.org/dialog/?doi=10.4491/KSEE.2023.45.4.201&domain=pdf&date_stamp=2023-04-30

J. Korean Soc. Environ. Eng., 45(4), 201-209, 2023
https://doi.org/10.4491/KSEE.2023.45.4.201
ISSN 1225-5025, e-ISSN 2383-7810

A=

Mo

02!

QU2 X2 SHYIEY 2 2R2T-2 5 05 XIS KL B
45

S8 A% vjAede By AgRY AN nAley nae] 35S AR fslrs HA YnelE
o2 H AIloAE= A= U']*]E-]‘/‘(automated machine learning) &112]& % 3}}¢l auto H20E ©0]&-3fo] 513
2229 a(chla) BES dEehe BES FH3IA

HEH : 5 o] Slo]| 4] 1h, 2h, 8h, 24h U | week ZAHIE 2 12E Qg B2 123l Qg Rzo ZAuE}
auto H20 %12 5& o]§3te] 758 A5 walely Byl Aol mAL o] that #Ae Sustath ®
o 98 Aol Rt BY Aol WAL G @] 93] chia A5gko] 0 mym'E 2kt A 7
25 2y A5 zolE A vusttt 2 52 mean absolute error (MAE), nash-sutcliffe coefficient of
efficiency (NSE) @ root mean squared error-observation standard deviation ration (RSR)&] 37}%] A|=& 0]8-3}4
H7hstater.

Zat U E9|: 2Auir 1he] 98 AEE o]8&3 P MAE, NSE, RSRo| Z}z} 0.8977, 0.9710, 0.17042 A
k. AAAEES o] S 1h, 2h, 8h, 24h, 1 week ZFHIEoA 2] NSE7} z}2¢ 0.9710, 0.9552, 0.8856,
08396, 0.75002 HAE0] QI8 Ao 2N} B95E wye] o] 2 AFS Belskelth. Chla A=
7ol 30 mg/m3§- Z35H= A9 NSE7F Z+2E 0.8971, 0.8164, 0.5704, 0.5141, 0.20522 HEAE|o] AAAZE o]&
She ASnTh Ao SRUE Koo ©E BY Ay Aol7t 2 Aoz 2=

22 A% vlAlE anto H20 LTBE ol §ote] £ReZ BYL PR SHVET 248 B
ol o1 SARIE BE Aol chl-ad AZgko] 30 mg/m3°‘ TtollA B 2 ZAoE EAE I

FHIO : =27 2 T, AEsE HAEY, HAYY, 28 A5, 23

1. ki 2 (classification) S 7|&A}7} Yol AHE =317 93 o
ot Wit duglEo FAE 9lon®) o]t Yt &

A A S uee] HAYY 28 5 iw=shE Eﬂol &S o]gsto] HE A= WA} £l 71Hste]
g 24719 1—41%"% et =go] maA F7lskaL ok <l 52E k= SY4TE AYsHA 9. dE S0l 9AEA
FA1 7 W (artificial neural network), /\‘]iEH“E]\:‘Vl(support ol 7]dkst djEF el oMAE mAlgYd daE|Eel dy
vector machine), 2JAFEA %1} H (decision tree), QAL H Al G AE(random forest)Q] 73-F 2& Q| sh5aA oA E-E-5

J(ensemble machine learning), <=3+ LSTM(long short = 948 Xmof ugt WAE = JAFEAALTY] 4, AR =
ferm memory) % Tkt viAElY QraziEel 470e] chET U] o] 5 He] AnE £ae] 98 Hast u

549 243}t 5 S uE] Zofol A& s BEEIL Y WHT=E 7&’30}7” L
%1\];]._1,2& E3F H Lol wAlYY 23 o] ALskalyl mE o Haled 2ol 158 el Byl FES F9
A Aol tieh a4 S& ol mAlEd Byl dAl dF Azt Hashe, 2yt As 22 a7t Maled
1“3-*‘12 Eol7] §Igt AFE Eis| o]FojR|aL ekt S 1=3HE HlolE 479 A8-= Sdis] sl Eagt
HAlEY BEe By 52 e 28d A9 A= dlolE 9] 5 HelE T]UP ohRt e AE3kar Al
wAe Ff vl weke] o, o)k A4, AR EF S ZoFNM = AN 52 o] &3 AR EYE R 5

202 1. Korean Soc. Environ. Eng. Vol.45, No.4 April, 2023



Y Atz SPUI0| T2 S 222 5= S s Hil2ld 28 g5 Hlu

WY pA=A A2 AR 9ok B e A4
o= sk glov], WA A 00120l SURFEZA

U A=) SN = HAlYY 29 5 2 Al
JFS & 5 Y= Fa% abho|rh B A= PR
=Y e ERE A AL AR SASHARE
ol-gste] FHd $do AT} A H o ThgFRE Y
HIAE o HRuA WS JFHoR o 4 9l R
4 A %S 2REH-achl-a)E NS vAled 52
FESA Chl-akz 714, 42 5 chofet ST 9%
= HAA =, A& s ol e Aol E3HA
¢l FFS st mE o Aol Fasitt wiled 2y
< ST v AdFBA o EA4 ] ST As= Ho chla
oAl Sof &-gst7] It i=o] A&EIL jlow, Y 27 o
5742 Esto] thefet mAaled 28 5 ol Aol A
et 22 mEPS stk Zol dasith A WAy
(automated machine learning)-2 AlSAIAYW 5 E33E ThoF
qF AlEY ‘Qﬂﬂlﬁé 5 Ef‘éﬂi ‘“ﬂﬁ}

hlaZ o251 2§ 2251tk Auto
}5 HAled &arElEe] shute, 2 At

= A= e Zh:i% Zg3to] A
2450 ZAH T }X]—E HAIYY A1 |EL o] 1T
<= Ml Ef%‘iﬂ dt 31143'?}01] A= PP % E—*%‘OP‘”‘

2 dArode R AsEY BHAHSie No.
S03002)2] A ZAA5E 0| 83fo] TALEld T3] T3}

SATHFig. 1. 71 0] folee 649 kol Th=Alel o
AgeAE el Y Srek WRstel 34 ERE 99
L B ANARE A% SAR} SR 5ok

mEo] 122 g 20134 1€1UEE 20214 123147}
A A AA SAHE 1AZK1h) SN FEASHYARS
283t o a0l E e (pH), +HTEMP), &4 EE
(DO), A7 HEE(EC), F171%H2(TOC), E=(TURB)E =
4R sl 25 YPA =S Agstehs hEA 2wl
chl-ag d59 o] FHHRE A5kt Bg 30l
AHEE AEFE 20139 1919 00:00~2018F 12931
23:00 74| Q] ARE W 9| F}<¢(training)ol] 2019d 1€91Y

W VAT ¥ B §1\ s ‘\ -
e e,\"(\ (&N
‘ G 6 é Jﬂ
Vi Monltorlng site
T ¥ 13
e N U

Fig. 1. Research site.
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Fig. 2. Schematic of auto H20 model optimization process.
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Table 1. Indices for model evaluation.
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sfoll Aawi= Azto] Byo] Aol mX|t GeEE Tiofs]
93 B 2w 92 42 s 60s, 180s, 300s,
9005, 1.800s, 3.600s9] H#3h ATk A 83te] BHL 75
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23. 28 M= "It
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Table 2. Characteristics of input variables with various observation frequencies between January 2013 and December 2021,

Variables EC DO TURB TOC Chl-a
(uS/cm) (mg/L) (V)] (ma/L) (mg/ )
Average 18.0 7.0 420.3 7.6 5.2 3.9 12.9
1h standard deviation 7.5 0.4 85.9 3.0 11.9 1.1 14.0
Min 1.0 6.2 108.0 0.5 0.0 0.8 0.8
Max 344 9.2 763.0 18.5 388.9 20.7 279.2
Average 18.0 7.0 420.3 7.6 52 3.9 12.9
oh standard deviation 7.5 0.4 85.8 3.0 1.7 1.1 13.9
Min 1.1 6.2 109.5 0.5 0.0 0.8 0.9
Max 343 9.2 761.5 18.0 380.0 18.6 1914
Average 18.0 7.0 4203 7.6 5.2 39 12.9
standard deviation 7.5 04 85.4 2.8 1.3 1.0 13.7
& Min 15 6.2 113.5 0.6 0.0 1.1 0.9
Max 339 9.1 745.5 16.8 3335 15.6 144.7
Average 18.0 7.0 420.3 7.6 5.2 3.9 12.9
24h standard deviation 7.5 0.3 83.9 2.4 10.4 1.0 13.2
Min 2.4 6.3 113.6 0.9 0.1 1.2 1.2
Max 338 9.0 7333 16.2 182.1 11.9 140.5
Average 18.0 7.0 420.3 7.6 52 3.9 12.9
standard deviation 7.4 0.3 74.5 2.2 7.4 0.9 12.1
fw Min 39 6.5 209.7 2.0 0.2 1.3 1.8
Max 318 8.1 624.0 13.1 57.8 7.1 91.2
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Fig. 3. Dependent variable used for training and testing of the model.
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Fig. 5. Comparison of model simulation results with different observation time frequency (Continued).
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