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Estimation of Chlorophyll-a Concentration in Nakdong River
Using Machine Learning-Based Satellite Data and Water Quality,
Hydrological, and Meteorological Factors
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Doi Lee (% - Dongju Seo? - Jinsoo Kim (2)%*

Abstract: Algal bloom outbreaks are frequently reported around the world, and serious water pollution
problems arise every year in Korea. It is necessary to protect the aquatic ecosystem through continuous
management and rapid response. Many studies using satellite images are being conducted to estimate
the concentration of chlorophyll-a (Chl-a), an indicator of algal bloom occurrence. However, machine
learning models have recently been used because it is difficult to accurately calculate Chl-a due to the
spectral characteristics and atmospheric correction errors that change depending on the water system. It
is necessary to consider the factors affecting algal bloom as well as the satellite spectral index. Therefore,
this study constructed a dataset by considering water quality, hydrological and meteorological factors,
and sentinel-2 images in combination. Representative ensemble models random forest and extreme
gradient boosting (XGBoost) were used to predict the concentration of Chl-a in eight weirs located on
the Nakdong river over the past five years. R-squared score (R?), root mean square errors (RMSE), and
mean absolute errors (MAE) were used as model evaluation indicators, and it was confirmed that R? of
XGBoost was 0.80, RMSE was 6.612, and MAE was 4.457. Shapley additive expansion analysis showed
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that water quality factors, suspended solids, biochemical oxygen demand, dissolved oxygen, and the
band ratio using red edge bands were of high importance in both models. Various input data were
confirmed to help improve model performance, and it seems that it can be applied to domestic and
international algal bloom detection.
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S 80 5P A0 RE TSI

EI%(Pretty etal. 2003) E]
7Hat 5o AZFA 1 F9Fsktt (Jeon et al, 2015).
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3 242 Ak 9 ch(Lee and Kim, 2021). 4144 91
Polo} A4 0SS A 7714 BUE Yol
pre
}_-:.Z H}-}\H_L} Z1_4 010]: /K]—EH \/]-E]_LHL- X]*Li
chlorophyll-a (Chl-a) FE7F AREE L QltkBoyer et al.,

Hes 283k d
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A REARE 7} 27| WEfLE= 578 0] QTh(ensen, 2006).
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etal., 2014; Cho et al,, 2018). =527} A}5= WA 5= o] &
21o) A A7) EHto] ekl g Bl
517] 918 2018'd 147¥ 20229 129 7HA] A 532
a77|ze 2 AReT:

2.2. A+ H|O|H

2.2.1. 914 FA+

B Ao A= -7 $-F=F(Buropean Space Agency)
0] 285} Copernicusof| 4] A|-5-5}= Sentinel-2 MSI All
A AR E ARSI T 20153 6Hof] WAFE] Sentinel-2A
91787 2017 3U EAFE Sentinel-2B 91/ 9] 2} A

Table 1. Sentinel-2 MSI band information

Sentinel-2 band Central wavelength | Resolution

(nm) (m)
Band 1 — Costal aerosol 443 60
Band 2 — Blue 490 10
Band 3 — Green 560 10
Band 4 — Red 665 10
Band 5 — Red edge 704 20
Band 6 — Red edge 740 20
Band 7 —Red edge 783 20
Band 8 —NIR 842 10
Band 8A — Red edge 865 20
Band 9 — Water vapor 945 60
Band 10 — Cirrus 1375 60
Band 11 - SWIR 1610 20
Band 12— SWIR 2190 20

F7l = 1042 o] FojA] Qlout 7 945 e AT
Al 5YU 2 T2=A)1Z 4= Q1T (Gascon et al., 2017). Sentinel-
2 MSTAlA = 10 m, 20 m, 60 m&] FZHIAE Hlo| &
A &5k, 7FA| A (visible, VIS), T4 &) (neat-infrared,
NIR) & TT}H4 9 (short-wave infrared, SWIR) G g of A
A F 13719) 52 9 (443-2,190 nm) &) Thg AFEH
3/dE A5tk (Table 1).

20184 195 E 20224 129 7}H4] th-9- 2 =3} Sentinel-
2 Level-1C (11C) GAF2 Sentinel 2 Correction (Sen2Cor)
7] B ZRAAE AR5 12A G2 7] 2
A & ARE-B1S T 10,20, 60 me] HIE 232 93 10m
o) ST ER 2 W E W (resampling) SFATF. 2 4
=9 Chla Fk & fl3) @4 54 @At +14
ojHie] F5ol Yl Y= A8t

& dFollM = AR RS 7IREO 2 Table 29} 0]
6711 e] T W=t 77) e WiE 25k 2 F 13709 o1
71 A ] ek B ARl A] Red edge W =] A]
WA 7} o9 7] Yehhs 544 287 e o
a2)Fol 2 7| s B o, o] & dlesto] thef
3k ¢l e HpE mellof| AR5 THL et al,, 2021; Kim et
al., 2022).

222. 9880714, s AR

S Al B B A 28 b fwater
niergokol A4 A= B 1) AFROA % 13]
ZAehe 5 2] Hlolel ALgaksik 714 2
F2e 71443 Y 7R IR EE (hitps:/ /data. kma.go.kr)
A Algok= E A 10 km Wl 7H ZARE 714
DA HolE1E ABTRLH, SR At B

X2 (https:/ /www.water.orkr) o A A F-5l= H 2] F

Table 2. Sentinel-2 MSI input variables used to machine learning

Data Index Reference

Spectral bands Rrs (443), Rrs (492), Rrs (560), Rrs (665), Rrs (704), Rrs (740)
Rrs (492) / Rrs (560) Moses et al. (2009)
Rrs (560) / Rrs (665) Haetal. (2017)

. Rrs (704) / Rrs (665) Gurlin et al. (2011)

Two-band ratio -
Rrs (740) / Rrs (665) Gitelson et al. (2008)
Rrs (740) / Rrs (704) Lietal. (2021)

[Rrs (704) — Rrs (665)] / [Rrs (704) + Rrs (665)]

Gitelson et al. (2008)

Three-band ratio

[Rrs (665)" — Rrs (704) '] x Rrs (740)

Gitelson et al. (2011)
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Table 3. Water quality, meteorological, hydrology input variables used to machine learning

Category Variable name Variable description Resolution
Chl-a Chlorophyll-a (mg/m®)
PH Potential of hydrogen
DO Dissolved oxygen (mg/L)
BOD Biochemical oxygen demand (mg/L)
COD Chemical oxygen demand (mg/L)
Temp Water temperature (°C)
Cell Cyanobacteria cells (cells/ml)
. ™ Total nitrogen (mg/L)
Water quality Weekly
TP Total phosphorus (mg/L)
TOC Total organic carbon (mg/L)
Conductivity Electric conductivity (uS/cm)
NH;-N Ammonia nitrogen (mg/L)
NO;-N Nitrate nitrogen (mg/L)
DTP Dissolved total phosphorus (mg/L)
PO4-P Phosphate phosphorus(mg/L)
SS Suspended solids (mg/L)
Temp_avg 1-day average of air temperature (°C)
. Temp_high Maximum air temperature (°C)
Meteorological — -
Temp_low Minimum air temperature (°C)
Wind_speed 1-day average of wind speed (m/s)
Water level Water level of the weir (EL.m) Daily
Pondage Water storage capacity (100,000,000 m”)
. Storage efficiency Water storage rate (%)
Hydrological - - - -
Rainfall Rainfall of weir region (mm)
Inflow Inflow amount of water (m®/s)
Outflow Outflow amount of water (m*/s)

off w2 9] IS A KM S E AR E ARSI 23. 9+ 4
2 Lo Z-831 AR = Table 31} -] Chl-a, $24:0]

S oH), $E AFADO), B A4 @ o 2.3.1. Random Forest

(BOD), 315+ Ak @ T1EKCOD), 422 (temp), 25 RE= o] g 7l o) AFA AU (decision tree) @] 27+ 22
A 22 (cell), 22 2 (TN), Z:1(TP), 57| €4 (TOC), Ato] tfaf ch=ut Bt kS AHE-ske] shte] o5 4
7] A & & (conductivity), §H U o} A 4 (NH,N), & s &= 25, I 24 ol AHSE= GEE
A A ANOLN), 8-2201(DTP), Q1AFE 21 (PO,-P), H- (ensemble) &1 2] & 5 Shfo]thBreiman, 2001). FE
FEA(SS), Bt 7] (temp_avg), | 3L 7|2 (temp_high), AE ;W (bootstrap) W 0| ¥ AEZ7] WHS 2-8510] Al
2| A 712 (temp_low), Bt F-<5(wind_speed), 9] (water g€l dlolelal o] &8 AtE AYsh= vl (bootstrap

level), 4% (pondage), A48 (storage efficiency), 75 aggregation, bagging) 7] HS- 7| 2 2 $HH(Kim etal, 2021).

(rainfall), - ] Finflow), W EFowflow) 0|tk ]l & REAEHS AHOR Yo]E S WAL FEE 5
HEE A 4R AREL 2 BYR 2HHE 5 8o BY 25 Fe) YR dlojgel e A7]9) Y
A Azel A7 SRS AR Ao, B Ml o]EALS Alel wo|th REAENS o) 2]
Chlaz} A2 o) Az A 2lale) 2257 gk dlofE AL Out-of-bagol am aul,
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71530k (Nguyen et al, 2021). RF= &7 A] = ¥4
2He) #2 HIA RS & A=l staL oA of Aste] 4
A o2 o) A Wo] Z-g-5] 11 QIth(Wang etal,, 2021).
whebA & Aol A REE ol S HHl = ARE-SFGIT

2.3.2. XGBoost
XGBoosts= extreme gradient boostingQ—] oFzL 2 7]&
gradient boost L& ©] YA FEA| S s A stal B E st
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NAR YRS Z3elo] ZEe ol
opikE e 5 itk A H 02 shrel
s 27lol nhE 7157 Hofsto] mele] Al
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2020). 75 Fax8}sk7] Hl8f 22 vl AL A3k
53 wao) Qusis Qs
(Nguyen et al,, 2021). L2 o] HH A 2| & T3l 7]&
gradient boost 7| H T} Sh5 &7 w2 o] Y| 524 0
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Aol 25 AFgo] Rseo] )% o7} Hojnt
o of Lof| A -85 11 QITth(Cao et al,, 2020; Lee et al.,
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A ez meE g5
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(n=152)2 Y+ 2™, RF} XGBoosto]| 5 L3t | o]
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(Yang and Shami, 2020). 2 @19 1% E}%ﬁ& z79
Lo O 7 i1 -IEIA =
search cross validation 7| ¥2 Z-3f| _ﬂZﬂ,A yperparameter
28 Agesch

hyperparameter &=

2.3.4. B7HIA®E
B o e 2 A% v E $)38) R: RMSE,
MAE 37§ 2] 7}2| HE 0] 43Tk R 0] A] 1 Afo]
o] Z& M 19 714 E mdo| AR E 4

SHEFIL 3 4 9l RMSES MAER A14) gk o3 gt
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Fig. 2. Flow chart of chlorophyll-a estimation.
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% 3}l shapley additive explanations (SHAP)S W=
o Lof| A E-8-3}31 QI TH(Kim et al., 2022; Shi et al., 2022b;
Werther et al., 2022). SHAP+= of| & gl o] £ A=
A ©12 70d 719 shapley valueS: 0]-8-3F 7] o]t}
(Lundberg and Lee, 2017; Shapley, 1953). SHAP-2 =7 ¥
ol thgh 71 =5 2= ol e Al Bk opy 2t 7 o
olE|Mlof| sl H717} 7hs stttk T3 1 W42
H gho] & Hapo] tigt A 24S S Yo s
e Apstel 7|20 B4 0 7 HuT) 42
24 0] 7k58lth(Lee et al, 2021). & Ao A= RE
XGBoost2] A3} 340l E2] 7]Hke] Kelof A ARg-
= Tree SHAPE #8510 QA4 F8&= 45 423
olth Q170] YR 582 Fig 20} 2.

o o
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3.1. 24 45 H|w

2 Aol = 9E A B8 AHS e =, w4l
2]d 2 REC}F XGBoost& 48610 Chl-a 1= &
2 a19ck 29 A% AL R RVSE, MALS 2
Gt on, H 2 E A3} 8|l Table 42} 2T RF=
R?0] 0.763, MAEZ} 4.924 mg/m?, RMSE7} 7.386 mg/m’

£ 288t 459 Chlorophyll-a 5= &3

Table 4. Model performance comparison with R?, MAE,

RMSE
Model R® | MAE (mg/m®) | RMSE (mg/m’)
RF 0.763 4924 7.386
XGBoost | 0.810 4457 6.612
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Fig. 3. The relationship between measured and estimated Chl-a by machine learning algorithms (a) RF and (b)

XGBoost. The black solid is with the 1:1 line.
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