Supplement of Hydrol. Earth Syst. Sci., 29, 1429-1447, 2025
https://doi.org/10.5194/hess-29-1429-2025-supplement H yd rOI Og y an d

© Author(s) 2025. CC BY 4.0 License. Earth System
Sciences
Supplement of

Exploring the value of seasonal flow forecasts for drought
management in South Korea

Yongshin Lee et al.

Correspondence to: Yongshin Lee (yongshin.lee @bristol.ac.uk)

The copyright of individual parts of the supplement might differ from the article licence.



QOWoo~NOoOYOUTRWN [

[ —

[
[

S1. Pareto-front normalisation

Given the dimensional disparity between the two objectives (SSD, SVD), transforming the Pareto front can offer
advantages, and normalisation is considered the most robust approach (Marler and Arora, 2004). Therefore, before
applying each MCDM method, we normalized the Pareto-front. Among the numerous normalisation methods, we
applied the widely used Min-max method. This method holds advantages in preserving the relationships among
the original data (Han et al., 2012) and has demonstrated good performance, particularly in the SAW method
(Mathew et al., 2017; Vafaei et al., 2022). Although this method is known for its sensitivity to outliers in extreme
data (Han et al., 2012), the Pareto front generated from Eqgs. 5 and 6 consists of continuous points without outliers.
It performs a linear transformation on the original data and confines each objective in the range 0 to 1 as described
by the following equation:

— x - min (x) (Sl)

Xnormalised max (x) - min (x)
where x, min (x) and max (x) represent a point, minimum and maximum point within the Pareto fronts,
respectively.

S2. Multi-Criteria Decision-Making method

The SAW method, which is one of frequently employed methods in decision-making (Arsyah et al., 2021), ranks
the alternatives based on their weighted sum performance (Fishburn, 1967). Given our aim to minimize SSD and
SVD, the selected compromise solution is the one with the smallest weighted sum, as expressed below:

Compromise solutiong,y, = min(wsgp X SSD; + wgyp X SVD;) (S2)

where, wggp and wgy,j, are the weights for supply and storage. SSD; and SV D; represent the normalized objectives
at the ith point within the Pareto front (i = 1, ... ,100). In this study, we consider the ‘balanced” method where
equal weights are assigned to each objective (wssp = wgyp = 0.5), as well as the ‘storage-prioritised’ and
‘supply-prioritised’ methods, which prioritise storage (wgsp = 0.4, wgyp = 0.6) and supply (wssp = 0.6,
wgyp = 0.4), respectively.

The ‘variable weighting’ method, which uses again Eq. S2 but assigns different weights according to the storage
volume at the time when the decision is taken. We applied this method in two ways: the ‘simple selective’ method,
which adopts the same weights as in the SAW methods but varying them depending on storage status, and the
‘multi-weight” method, which applies more detailed procedure to allocate weights based on storage status. In
doing so, we analysed around 20 years of historical storage records to divide the storage into multiple ranges, then
specified a method or weight for each range (see Figure S1).
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(a) Simple selective method
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(b) Multi-weight method
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Figure S1: (a) Simple selective method: the storage ranges and applied SAW method in each range. (b) Multi-weight
method: the storage ranges and applied weight in each range. The blue lines represent the daily reservoir operation

records for Soyanggang-Chungju (top row) and Andong-Imha (bottom row) reservoir systems.

The reference point method identifies the compromise solution on a Pareto front by measuring the distance from
a reference point. In this study, we applied three versions of this approach: ‘utopian point’, ‘knee point’, and

“TOPSIS’ methods. Application examples of these methods are illustrated in Figure S2.
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Figure S2: An example of the reference point method, including (a) Utopian Point, (b) Knee Point, and (c) TOPSIS

Normalised Squared Supply Deficit (SSD)

4 : Utopian point (Ideal point)
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@ : Anti ldeal point

Normalised Squared Supply Deficit (SSD)

method, generated for June 2014 with a 4-month lead time using different flow forecasts (WCD: yellow, 20YD: blue,
ESP: pink, SFFs: green).

The utopian point method selects the solution on the Pareto front that minimizes the Euclidean distance from the
utopian (or ideal) point, which represents the theoretical perfect solution (Lu et al., 2011). The knee point method
selects the knee point, which is a point where the curvature of the Pareto front is maximum (Das, 1999). Among
various methods for detecting the knee point, we adopted the approach based on Minimum Manhattan Distance
from the utopian point (Chiu et al., 2016). This approach has been demonstrated to be both simple and robust in

the literature (Li et al., 2020). Compromise solutions from these two methods are computed as:

2
Compromise solutionyopign = min(J(SSDi — SSDumpi(m)2 + (SVDi — SVDumpian) )

(S3)
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Compromise solutiongnee = min(|SSDi - SSDuwpian| + |SVDi - SVDutopianD (S4)

where i = 1,...,100 is the number of points (each corresponding to a Pareto-optimal release schedule) on the
Pareto front. SSD; and SVD; denote a normalized point of each objective at the ith point (see Egs. 5 and 6 in main
manuscript). SSDytopia aNd SV Dy¢0piq are the utopian points of each objective, which are equal to [0, 0].

The TOPSIS method, developed by Hwang and Yoon (1981), is a widely chosen method for MCDM (Tzeng and
Huang, 2011; Wang and Rangaiah, 2017) and is recommended by the United Nations Environmental Program
(Chen, 2000; Zhu et al., 2015). It selects a point with the shortest Euclidian distance from the ideal point [0, 0]
and the longest distance from the anti-ideal point [1, 1] as the compromise solution (Hwang and Yoon, 1981; Liu,
2009). This can be expressed as:

Distance{%®® = [(SSD; — SSD;gea1)? + (SVD; — SVDjg0a))? .

Distancef™" "' = [(SSDanti—igear — SSD)? + (SVDanti-igear — SVD;)? (S6)
Distanceianti—ideal

CC; = Distanceldeal Distanceianti—ideal (87)

i

where Distance/%*®* and Distance™**~*@¢4 are the Euclidian distances from ideal and anti-ideal points to ith
point and CC; is the closeness coefficient of the ith point. Since a higher closeness coefficient indicates a better
solution, the point with the highest CC; is selected as the compromise solution.
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(a) Concept of conjunctive operation
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conjunctive operation (third row).

[Ex.1] Lead time: 2 months, Decision-making: monthly
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(b) Example of conjunctive operation in Soyanggang and Chungju reservoirs
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Figure S3: (a) Concept of conjunctive reservoir operations. (b) Daily reservoir operation records from October 2013
to September 2014 for Soyangang reservoir alone (first row), Chungju reservoir alone (second row) and their
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Figure S4: Conceptual examples of our continuous reservoir simulation with different experimental choices.



(a) Supply deficit and initial storage (b) Supply deficit and total flow

1800 - - 1800
1600 Soyanggang-Chungju * 2011-2012 1600 Soyanggang-Chungju
«  2012-2013
T . 2013-2014
1400 1 1400 1
13 ¢ . 20142015 ¢
T 1200 + + 20152016 1200{ +
K} + 20162017
3 1000- . 2017208 | 19007
S g0 *+ = 2018-2019 800 4 +
2 2019-2020
< 6004 600 -
b |
g 400 " 400 s
200 200
0 . : , B 0 . ;e .
2000 2500 3000 3500 4000 4500 5000 2000 4000 6000 8000 10000 12000
800 800
200 Andong-Imha 200- Andong-Imha
m
§ 600 & 600 - &
S | i
& 500 500
©
> < "
g 40 2] + 40 + =
@ 300 300
= N4 + :
g 200 i 200 i
100 1 100
® x x o
0 : , . ; . 0 ; . . .
600 800 1000 1200 1400 500 1000 1500 2000 2500 3000
70 Initial storage (M3, Oct.1st) Annual total flow (m?3)

71 Figure S5: Historical relationship between annual supply deficit (y-axis) and (a) initial storage at the beginning of new
72 hydrological year (October 1%) or (b) annual total flow into reservoir over a hydrological year from 2011 to 2020. Frist
73 and second rows represent Soyanggang-Chungju and Andong-imha reservoir systems, respectively.



79

80
81

Soyanggang-Chungju Andong-Imha Soyanggang-Chungju

Andong-Imha

(2014-2016)
Mean monthly flow Error (mm)

(2014-2016)
Mean monthly flow Error (mm)

(2001-2002)

Mean monthly flow Error (mm)

(2008-2009)
Mean monthly flow Error (mm)

(a) Mean Error of monthly flow

8
=)

[N]
=]
o

Overestimate

(b) CRPSS and overall skill

2014
SFFs outperform ESP

2014-2015

2015-2016

100 A /\‘ /\\\/
orv—-———-—-J— / \/ ™ \
100 )“ | Lead time | Overall skill
Underestimate wep 10 /' —— Lead time:2months 2 61%
- 20YD : ESP outperforms SFFs? /7 —-e- Lead time:4months 4 64%
200 ESP : +_Lead time:6months 6 68%
e v i et w0 Ory D-W Wet WD Dry bW Wt
-300 (X) (Y) 2)
300 1.0
2014 2014-2015 2015-2016
200
100
%]
| o
G N &
o
-100
-200
-300
300
2001 2001-2002
200 054" R
100
» 00 -
& \
’ . & 05 .
g "\ Lead time | Overall skill
-100 =~
2 51% \
1.0 4 50%
-200 6 38%
Wet WD Y, Dry D-W ¥ Wat
1.5
-300 ) (K)
300 1.0

200

-100

-200

-300

4
Lead time (months)

2008

2008-2009

Overall skill
45%
44%
40%

Wet

(M)

Figure S6: (a) Mean Error of monthly flow (optimised — observed) for 2-month lead time. (b) CRPSS at lead time 2, 4
and 6 months (line plot) and overall skill which represents the frequency of SFFs outperforming ESP (table, bottom
right). From top to bottom, the rows represent Soyanggang-Chungju for 2014-2016, Andong-Imha for 2014-2016,
Soyanggang-Chungju for 2001-2002 and Andong-Imha for 2008-20009.
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Figure S7: Cumulative flow observation (black dashed line) for Soyanggang-Chungju reservoir system during the 2014-
16 drought event, compared to cumulative flows for different flow scenarios/forecasts (all with 2-month lead time).
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(a) Storage volume (b) Cumulative Squared Supply Deficit
2014 | 2014-2015 2015-2016 2014 2014-2015 2015-2016 |
1750 | Storage capacity . Worst-case drought (WCD) ]| Worst-case dmugh(:(WCD) @
(1747) @ 25000
1500 SVD (Storage Volume Difference)
1250 = f 20000
1000 = / 4 1095 15000
750 ’ = - 1025 10000
: 5000
20 : Optimisation (48 times: 3x8x2) == : Historical operation | (2)
~
2000 2 30000
1750 20 year return-period drought (20YD) E
5]
= 20000
= E
15000
S K
] = 10000
= 7}
E, ‘g 5000
o a o
E s
° b Ensemble Streamflow Prediction (ESP| a Ensemble Streamflow Prediction (ESP)
1750 °
> O 25000
@ e
o
?!p 3 20000
g @ 15000
2 10000
=1
5]
= 5000
E
2000 o
1750 __Seasonal Flow Forecasts (SFFs)
25000
20000
15000 —
5000 ————
_ — — —
in Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Al Aug Sep Oct Nov Dec Jon Feb Mar Ape May Jun Jul Aug Sep Oct i i Aug Sep Oct Nov D an FebMar Ap May Jn_ 1t A Sop Oct Now Dee . Fao Mar Apr Moy Jin 11 Aug S0p Okt
(X) ) 2 (X) (Y) 2
2. Soyanggang-Chungju (2001-2002)
(a) Storage volume (b) Cumulative Squared Supply Deficit
5000+ 2001 2001 - 2002 2001 2001 - 2002
Storage capacity Worst-cas drought (WCD) .. @ Worst-case drought (WCD)
wo{ (4349) > 448
i ®
: Optimisation (48 times: 3x8x2) - : Historical operation
~
S
20 year return-period drought (20YD) =
4000 ——— L 4329 c:;
= %
c =
5 am 8
= |7}
= 1000
E’ 2
£ =
E E)
° Ensemble Streamflow Prediction (ESP) .g Ensemble Streamflow Prediction (ESP)
> 4000 4331 © o000
% g
S 000 3 0000
2 @
D 2000 D w000
= = = =
o % 20000 e — = _
—
£
=1
6}
Seasonal Flow Forecasts (SFFs) Seasonal Flow Forecasts (SFFs)
%00 4325 80000
3000 60000
2000 8 40000
1000 20000
v 4 ot
Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Jun Ml Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct

(K) () (K)



3. Andong-Imha (2008-2009)
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Figure S8: Simulated reservoir operation results for (1) Andong-Imha from June 2014 to September 2016, (2)
Soyanggang-Chungju from June 2001 to September 2002 and (3) Andong-Imha from June 2008 to September 2009, in
terms of (a) are storage volume and (b) cumulative squared supply deficit. From top to bottom, the rows represent
simulation results generated by using WCD (orange), 20YD (blue), ESP (pink), and SFFs (green), respectively. Each
sub-figure has 48 simulated results (coloured lines, 3 lead times x 8 MCDM methods x 2 decision-making time steps)
and a single historical operation (black line). The numbers indicated at the right end of Figure S8(a) represent the
mean storage volume (million m3) across all 48 simulations.
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circle). The black square represents the observed cumulative inflow during the same period. (b) Weekly demand
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Figure S11: Examples of the Pareto front generated by the reservoir operations optimiser for (a) Soyanggang-Chungju
and (b) Andong-Imha in June 2014. A distinct trend can be seen whereby the selected solutions always appear in the
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Figure S13: Conceptual illustration of the flow forecasts and release decision-making using a perfect forecast (upper
row) and SFFs (lower row) at time t (a) and t + At (b).

8 ® o ® Soyanggang-Chungju:
%) WeD Sep.30™, 2016 (2)
T~ 20YD ’
o) 2 74 Esp ) B Soyanggang-Chungju:
ES Sep.30t", 2002 (K)
'5 = SFFs
% g 61 =1 SFFs non-bias [}
> 8 corrected A Andong-Imha:
— >
O ] EEm Perfect H
= ® 5 forenast B\Vv Sep.30t, 2016 (2)
Qo 8 v Andong-Imha:
g < 4 A A Sep.30t, 2009 (M)
> C
oo 3 X
== General expectation
g =
g 2 v
)
8 e Underestimation Overestimation
O3> 11 Vo
‘5 o
L
01 O T A
-600 400 -200 0 200 400 600

Forecast accuracy (Mean Error of monthly flow, mm)

Figure S14: Relationship between forecast accuracy (mean error of monthly flow, mm, x-axis) and value tallied over 8
MCDM methods (number of experiments outperforming historical operations, y-axis) at the end of the simulation
period for different drought events (2002, 2009 and 2016) at Soyanggang-Chungju and Andong-Imha reservoir
systems. For each event and system, the figure shows five points corresponding to simulated forecast-informed
operations using different scenarios/forecasts (orange: WCD, blue: 20YD, pink: ESP, green: SFFs, red: perfect
forecast). Here, green symbols with (without) outlines represents bias corrected (non-bias corrected) SFFs, respectively.
The perfect forecast scenario was generated using actual flow observations as future forecasts. The direction of the
blue arrows indicates higher performance (high value, low error), and the grey dashed lines represent the general
expectation on the relationship between forecast accuracy and value.
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