Journal of Wetlands Research ISSN 1229-6031 (Print) / ISSN 2384-0056 (Online)
DOI https://doi.org/10.17663/JWR.2024.26.2.147

Vol. 26, No.2, May 2024, pp.147-159

ASHE &F A BRIt 2= 7|4
oflSdsoll ojzl=

MR - Yt - dHE2” - 2|Al

LD APHPN AN HHTHUT
CHRANIIEATY SAABHARES

Analysis of the Impact of Satellite Remote Sensing Information on the

Prediction Performance of Ungauged Basin Stream Flow
Using Data-driven Models
Seo, ]iyu* * Jung, Haeun” - Won, ]eongeun* + Choi, Sijung** - Kim, Sangdan**

"Division of Earth Environmental System Science (Major of Environmental Engineering),
Pukyong National University, Busan, Korea
"Department of Hydro Science and Engineering Research, Korea Institute of Civil Engineering and Building
Technology (KICT), Goyang, KoreaKorea

(Received : 4 April 2024, Revised : 6 May 2024, Accepted : 6 May 2024)

]_

o of

RED SHARE BE ol BY 57 S olFA WEol mde] 4 PIS AT A4 AN AARA
Azt S8 P dolee] Sue] 4320z $49 5 gonz Aze el B 4 ik, Aok ol A7E
Sate] 7129 A A/Be2 BIRHE QFAES o84 ol o AAsihe Bh W gk, B AL
ChFet 23 AAWEN AR A AULZELS TG AR AN G PAL Ay, £ QA%
S5S glotel AT VAR AR B 2ARSHL

B Ao 4G4 MODIS®F SMAPS] #tz7}
%

AT BHOE TAHY 25 G0 ARE Agstel AekY W2 WAL AFTHAck AFAL A5k HLl
A Hetstel BE §919 A28 Fgstel shiol 4 7N BEL a%a% A AFsiston Leave-oneou

O[l

cross—validation Z|¥3} A& o]&sto] shife] melo] tpeket {99
o] ZAES Tﬁﬂﬁ}‘%“iﬂ}. GRU + Light GBM Rdo] At Fo] 2 3glst E‘*‘ Z%‘EE T EJ o257 nAE

S d=gto 2 AHotd HZ HhA

%9 o AR o2 RRPLEAG BF 07187) SHAARZC] WS AL A71E Al 948 wAS oo &
192 o5 45e nelzolt A9y AR Ane JgEe A 10% A metsiglov], 914 Aue

=]
F7b Agol B4/ Ex BAUHTHE A40] EE @470l e dSel § 2 Fe mA,
AR 1 AFAY WY, AR VN BY, ABIA AR AR, WS 9 o5

*To whom correspondence should be addressed.

Division of Earth Environmental System Science (Major of Environmental Engineering), Pukyong National University, Busan, Korea
E-mail : skim@pknu.ac.kr

« JiYu Seo Division of Earth Environmental System Science (Major of Environmental Engineering), Pukyong National University, Busan, Korea/Ph.D.

Student(gu426@naver.com)

* Ha Eun Jung Division of Earth Environmental System Science (Major of Environmental Engineering), Pukyong National University, Busan,

Korea/Ph.D. Student(g0881@naver.com)

* Jeong Eun Won Division of Earth Environmental System Science (Major of Environmental Engineering), Pukyong National University, Busan,

Korea/Research Fellow(wjddms8960@naver.com)

* SiJung Choi Department of Hydro Science and Engineering Research, Korea Institute of Civil Engineering and Building Technology (KICT),

Goyang, Korea/Senior Researcher(sjchoi@kict.re kr)

» Sang Dan Kim Division of Earth Environmental System Science (Major of Environmental Engineering), Pukyong National University, Busan,

Korea/Professor(skim@pknu.ac.kr)

Journal of Wetlands Research, Vol. 26, No. 2, 2024



148 ALY A BAF FEIL A= 7|4 2™ DA /Y MRS HdESES DAlE Y 24

Abstract

Lack of streamflow observations makes model calibration difficult and limits model performance improvement.
Satellite—based remote sensing products offer a new alternative as they can be actively utilized to obtain hydrological
data. Recently, several studies have shown that artificial intelligence—based solutions are more appropriate than
traditional conceptual and physical models. In this study, a data—driven approach combining various recurrent
neural networks and decision tree—based algorithms is proposed, and the utilization of satellite remote sensing
information for Al training is investigated. The satellite imagery used in this study is from MODIS and SMAP. The
proposed approach is validated using publicly available data from 25 watersheds. Inspired by the traditional
regionalization approach, a strategy is adopted to learn one data—driven model by integrating data from all basins,
and the potential of the proposed approach is evaluated by using a leave—one—out cross—validation regionalization
setting to predict streamflow from different basins with one model. The GRU + Light GBM model was found to be a
suitable model combination for target basins and showed good streamflow prediction performance in ungauged
basins (The average model efficiency coefficient for predicting daily streamflow in 25 ungauged basins is 0.7187)
except for the period when streamflow is very small. The influence of satellite remote sensing information was found
to be up to 10%, with the additional application of satellite information having a greater impact on streamflow
prediction during low or dry seasons than during wet or normal seasons.

Key words : Artificial intelligence model, Data—driven model, Prediction of ungauged basin, Satellite remote sensing
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Fig. 1. Study watersheds

Journal of Wetlands Research, Vol. 26, No. 2, 2024



150 AZ2d HF AL HEIL AR 7% 2¥e| O|HE /Y SHHRF

T

Table 1. Hydro—meteorological information for study watersheds.

D Wiatershed /Zf;;‘ CN ( m]mi " IMP (mmljyr) (miﬁ;)

1 Seomjingam Dam 763 67 133.8 0.0750 1,354 1,006

2 Namgang Dam 2,282 63 156.4 0.0582 1,487 1,077

3 Andong Dam 1,591 59 177.5 0.0579 1,104 1,020

4 Goisan Dam 677 67 132.5 0.0464 1,315 1,043

5 Habcheon Dam 929 57 191.8 0.0629 1,259 1,054

6 Gwangdon Dam 121 69 127.7 0.0362 1,250 934

7 Unmun Dam 302 67 134.4 0.0516 1,155 1,136

8 Yeoju Wonbugyo 520 62 179.9 0.0807 1,188 1,048

9 Daejeon Wonchongyo 609 60 176.9 0.1312 1,295 1,023

10 Okcheon Sangyeri 491 63 168.1 0.0564 1,362 1,023

11 Hwasun Sinseonggyo 411 62 153.1 0.0646 1,403 1,032

12 Namyangju Jingwangyo 202 60 178.3 0.0878 1,219 1,045

13 Yesan Chunguidaegyo 221 70 129.1 0.0919 1,235 1,088

14 Boryeong Dam 162 56 187.1 0.0729 1,065 952

15 Hampyeong Hakyagyo 115 72 115.8 0.0879 1,034 895

16 Yeongweol Buksangri 1,616 60 171.4 0.0417 1,151 1,024

17 Mungyeong Gimyongri 612 62 162.7 0.0473 1,328 1,129

18 Buyeo Jicheongyo 209 62 161.7 0.0571 1,228 992

19 Cheongju Heungdeokgyo 168 66 158.9 0.1220 1,186 1,079

20 Jangheung Gamcheongyo 152 65 153.6 0.0707 1,399 1,026

21 Yongdam Dam 930 61 174.6 0.0784 1,449 1,010

22 Hoiseong Dam 208 52 216.7 0.0458 1,159 1,025

23 Buyeo Seokdonggyo 156 68 122.4 0.0768 1,247 1,000

24 Soyangang Dam 2,694 51 208.0 0.0586 1,231 1,038

25 Chungju Dam 6,661 62 156.5 0.0491 1,205 1,040
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Fig. 5. Prediction performance of streamflow in 25 ungauged basins derived by learning strategy and model combination.

Journal of Wetlands Research, Vol. 26, No. 2, 2024



om
o
Ar
1z

154 AZ2d HF AL HEIL 2R 7Y 2Y¥o| 0|AE RY SHURE SHs 02 B

=i

[] LsTM+Random Forest [] LSTM+XGBoost

LSTM+LightGBM GRU+Random Forest
[J GRU+XGBoost [J GRU+LightGBM

(a) Scheme MG

=t

[] LsTM+Random Forest [] LSTM+XGBoost
LSTM+LightGBM GRU+Random Forest
[J GRU+XGBoost [J GRU+LightGBM

(b) Scheme MGRS
Fig. 6. Box—plot for prediction performance (NSE) of scheme MG and MGRS.

R? NSE
0.7600 0.7518 0.7400
0.7187
0.7400 0.7200
0.7200 0.7000
0.7000 0.6800
0.6800 I 0.6600 I H I H
0.6600 0.6400
& & N & & & & & N & & N
& 62’00 8 Qo* s & & s & & s S
s ®x+ " s & N s Qﬁr o s° & N
'S S & N N X <& N
& & & < & & & & & & & &
& o N &
K &) ) )
mScheme MG @Scheme MGRS mScheme MG @Scheme MGRS
2
(a) R (b) NSE

Fig. 7. Average prediction performance of streamflow by learning strategy and model combination.

& Atk MY U 45 deg Bl 2dEe GRU+ Aol 7gtstithdA GRU+LightGBM 2& X o] thAt &
XGBoosto] 2T}, NSE+ 0.2840~0.89722] Y& Hom, dof| 71 HAG & oz E 4 9},

Bt NSE= 0.66720130th A& F952] 56%°14 0.65°] Fig. 82 scheme MGRS®] 85 2ol oJsff £HH GRU
Ae] NSES d4.em, NSEZ} 0.5017491 F9E29] 4= 2270 + Light GBM Z% =ZHeol AxE HoFu gl
o]t GRU+XGBoost2] 7%, Watershed 1994 E3] £ Watershed 1, 7, 225 ZtZF shH4 ujA|& f9o=2 73
2 k2 NSEE 7|=5t9tt. E9F Watershed 72 E o] Z, A9 92 At vmA f959 7174 A=t ofd

A Axo] wtEAHA L gojth Tu|Ee AAL [STM+ L= a7t 2d9] shsAta 2 AMEE T Watershed 12
XGBoostoll A 71 @2 A 7P =2 450 FAl A& F9o 2 7hE3t A= scheme MGRSE GRU +
A Q= oot o]fgh AM2 el 50 944 Light GBM 24 7P 9431 J5-& HolFe 9ol
A B S w7 e W2 foolA HAES o & I o (R? = 0.9311, NSE = 0.8761), Watershed 79] A1} 7}
84S Dol Aolth A5 Ao HolFE 9olthR? = 0.5545, NSE =

Z¥7Yo) ey Ak 9 1y x3te| st 257] A F< 0.4669). Watershed 229] Z¥}+= scheme MGRS2] GRU +
o] HHFAQ of|F A5 Figure 77+ Zrt. 2719 &5 A Light GBM R4S 2579 u|AZ fgof g3t A3} Fof
2F 2% GRU+LightGBM 23 xgo] 943 o5 4% A Al Aeg HAFE H9othR” = 0.7217, NSE
< HoFglon, 7MY 45 Adsol ®2 AL scheme = 0.7206). stdfEol vl-¢ 22 A7 AlQlstd 43t
MGRS(R? = 0.7518, NSE = 0.7187)& Yo, A% A 799 d54852 BT Uth

SREAISIE|A] A 263 A2E, 2024



N2IS-Y5te- 2ye 2AIS AT 155

> o=
g - S
£ o 0 | E
£ : o T l ‘ ;g‘ £
- ng M i L a

Sl iy Ty b r:m%e ¥
¥ & 5 2 gt SN L "y - % °
R TRE Ly g M 's\»lm- . b 3
5 == T T S =1
o = ! : : : 8
1E-02 - . a

Julian Day :[nz 1E-01 1.E400 1.E+01 1E+02 1E+03
+ Observation ===-Prediction Observed Q(mm/day)
(a) Watershed 1
B . B
g 16402 5 o Do = 1m0 2
£ i erela) TN 3
E : Tt b ¥ E
H i b ki i ’L . &
ok, S H aauv@&'\m-s :
5 WY TR, ) WU ﬂﬁ' b -. o
= = - ‘o ™ . e °
» - — e 2
1E-02 a
Julian Day . N En
+ Observation ===-Prediction Observed Q(mm/day)
(b) Watershed 7

> o=
g 16402 1m0 2
E ke
2 <]
£ 160
@ e 2
o

oammomm ©

1602
1

201 a01 601 s01 1001 1201 1401

Julian Day En

1602 1E01 1E400 16401 1E402 16403

+ Observation ===-Prediction Observed Q(mm/day)
(c) Watershed 22

Fig. 8. Prediction results from GRU + LightGBM with scheme MGRS. In the left panel, the red square is the observed streamflow, and
the black dotted line is the streamflow predicted by the model.

3.2 91 ¥4 Bl ZEo| FE M Ao, foo] AFARTE v HHA] FoE=
94 AWIt A Ooﬂ_q oq]ioﬂ nxs 9eke & o 5% Well Zloz veyth 914 Arel g Ao
o 7o = = T oo=E W
_ 10% A==z Ttz it APtz de At Fax
=2 =z} E/L—] Z_QL L 3HAo] 9= ENE, A = Aol A A8t i & Atol9] A E/do]
E ol ;z C earto L Aoz 2 ojdAol gl R 4T 4 9k A
Z]'E)Oﬂu]- ZHQ 2 Lo|RE —r_jl _]:‘O}M—é__uﬂ 8% ‘_é H29l EAo| o tlorst G52 LT Fig, 99} &
7FA #E7F dubt 7“\3}—7\]— Z7st] AFstdo. 44 oo oo . o = 7
T7b HolA4E o= 95 g EAo| © ZQstnz ARt B4 S8 57 YA oF2 Jid/de] uie 2 Zo]
Sores Tt etoon R ZEI RIWelM zkRThE, A% H S4o] U o)
mean decrease accuracy(MDA)E}_L 4ok & AFolA Aol ool o S U] YT BRe shaTth O m
i == ¢ =LA = SeEYtrid
MDA+ Python®] Scikit-learn I{Z]Z]o|A] permutation_ ;59}'—;327} Qo Ae} 7 OE;Z:E oam 2
importance method& ol§3te] AEgonl, 1 Avg  ° ;]L";m;p] o1} u}a}; Fig}; o ;_’;
A 5l= . ol m=NT e m|m© . EvT =70
Ojj;r;ilg;ﬁi?]m‘%f}fdg w2 \sh A9 gee 89 A= Fig. 3014 Zaskal e el 71/
Sro1e 2 o) o] O*;? C e ootol aae m  ABH 54E Holk uAE g0 H4 1 Fig. 8014
el —E'; olom, ojzgt }J}_ ]:]TE:]W—I—JO:‘“?]WOJ HolZT L ~Zo] qEALS s|jet & oL Aole
211 o] = X Jo 5 & ul o T L = = = =
=y ;ﬁﬁ ‘L‘j‘;t S, 11’;;] TEEN L gae weprt golehy 4@ 4 9l Aol #u
of wiet & Aot glee ofnltitt. g9 shdfrE2 o @ A9 EA 2oL BErgol Addel Zagol o
=5 iy <3 A& 7|AF =} = = AU
_—.0}5_’72} o RNN 0}] O]-:j;];‘joo 71—0 Z];)]E—OEOT}]?_——I F Ees ANE 5 Aok Al 1Y 4 FREASEA
2t d&9 shdfEe] 7P & 932 mAL S A EorAn QlmimAs) Zo|Al Eopino] AYAel Za
&= 4 Slth O]h g sPdfE Aok 60% ol A ol me e tem e e e
i} _ _ 7t 7HE E=A UERT ol vAE A9 & d5S
3 7|4 Ae2ERE Ado] slssitis AMAS wejRl AL AR A et GRoIH ECFAE G o] Hate 5
Aolct, T3t & 7|4 zhm o] At Aol dekee oF 20% :Z] fﬁ;} °Od;w = jo]a}‘— -T—f ;}“;MT :};} B
5ol a3t 98 FE= 713 Qr

Journal of Wetlands Research, Vol. 26, No. 2, 2024



156 AZ2ld HF AL HEIL 2R W =¥l O|HE &

12
_o'l_l
2]
Jo
T
2
I
0x
or
=2

(=)
>
rir
02
o
Ar
1z

0.8

0.7

< 0.6

[=]

= o5

°

@

N 04

®

£ o3

£

S

Z 02
0.1
0

P PET AET SM LAl Area CN ks IMP Q* M G RS
(a) LSTM+Random Forest

0.8
07

< 0.6

a

= os

°

@

N 04

®

£ o3

£

o

Z o2
0.1
0

P PET AET SM LAl Area CN ks IMP Q* M G RS
(c) LSTM+LightGBM

0.8
07

< 0.6

a

= os

°

@

N 04

®

£ o3

£

o

Z o2

0.1

0
P PET AET SM LAl Area CN Ks IMP Q* M G RS

(e) GRU+XGBoost

< 0.6

a

= os

o

@

N o4

©

£ o3

E

S

Z o2
0.1
0

P PET AET SM LAl Area CN ks IMP Q* M G RS
(b) LSTM+XGBoost

0.8
07

< 0.6

a

= os

o

@

N o4

©

£ o3

E

S

Z o2
0.1
0

P PET AET SM LAl Area CN ks IMP Q* M G RS
(d) GRU+Random Forest

0.8
07

< 0.6

a

= os

o

@

N o4

©

£ o3

E

S

Z o2

0.1

0
P PET AET SM LAl Area CN Ks IMP Q* M G RS

(f) GRU+LightGBM

Fig. 9. Normalized MDA results by input data characteristics of model combination. P is the daily precipitation, PET is the daily potential
evapotranspiration, AET is the daily actual evapotranspiration, SM is the daily soil moisture, LAl is the daily leap area index,
Area is the watershed area, CN is the curve number, Ks is the saturated hydraulic conductivity, IMP is imperviousness, and Q*
is the streamflow first predicted by RNN, M is the sum of the normalized MDA results for P and PET, which means the importance of
meteorological characteristics, R is the sum of the normalized MDA results for the remote sensing information characteristics
(AET, SM, and LAI and G is the sum of the normalized MDA results for the geographical characteristics (Area, CN, Ks, and IMP).
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Table 2. Segment classification for each range of flow exceedance probabilities.

Segment Hydrological condition class Flow exceedance probability range
HFC (%) High flow condition [0, 0.02]

MEFC (%) Midium flow condition [0.02 0.70]

LFC (%) Low flow condition [0.70 1]
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