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Abstract  13 

The results of a climate change impact assessment can differ substantially depending on the choice 14 

of climate change scenario and climate model. This study introduced a scenario-neutral approach 15 

that does not depend on specific future projections and evaluated the hydrological drought hazard 16 

of the 113 middle-sized watersheds of South Korea across a precipitation-temperature exposure 17 

space defined by systematic perturbations in precipitation and temperature. The design drought 18 

return period was estimated by copula-based bivariate frequency analysis of drought duration and 19 

severity applied to the simulated daily streamflow for 1974-2025, and watershed-specific response 20 

surfaces were constructed from 252 precipitation-temperature perturbation combinations 21 

(𝑅2=0.568-0.932). Local sensitivity analysis around the baseline point showed that the return 22 
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period increased with increasing precipitation and decreased with rising temperature, and the 23 

national median precipitation increase required to offset 1℃ of warming was 2.64%. When the 72 24 

projections from 18 general circulation models (GCMs) under 4 Shared Socioeconomic Pathway 25 

(SSP) scenarios were mapped onto the response surfaces, the ensemble median showed an increase 26 

in the return period for all SSP-period combinations, whereas 13.5-31.3% of the individual 27 

projections showed a decrease, identifying unfavorable projections that run counter to the central 28 

tendency. These results show that the scenario-neutral response surfaces allow changes in drought 29 

hazard under diverse future projections to be compared on a consistent basis, and they provide the 30 

hazard information for the watershed-level management prioritization. 31 

Keywords: Hydrological drought, Bivariate drought frequency analysis, Scenario-neutral 32 

approach, Climate change impact assessment 33 

 34 

1 Introduction 35 

Since the mid-twentieth century, climate change has intensified the hydrological cycle and altered 36 

precipitation-evapotranspiration regimes, increasing the spatio-temporal variability of water 37 

availability. These changes have also increased the occurrence of hydroclimatic extremes, 38 

including floods and droughts (IPCC 2023; Konapala et al. 2020; Ficklin et al. 2022). Drought, 39 

unlike floods, lacks a clearly identifiable onset and termination and its impacts unfold over long 40 

periods and extensive areas, which makes proactive response difficult (Wilhite and Glantz 1985; 41 

Mishra and Singh 2010). Hydrological drought develops when precipitation deficits propagate into 42 

reduced streamflow and manifests as a shortage of available water resources, directly affecting 43 

water supply and the operation of water resources infrastructure (Van Loon 2015). Therefore, 44 

evaluating water resources management risk under climate change requires a quantitative analysis 45 
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of the occurrence characteristics and hazard levels of hydrological drought. Drought events are 46 

generally defined on the basis of run theory and characterized by duration, severity and intensity 47 

(Yevjevich 1967), and their probabilistic risk level is evaluated through frequency analysis in 48 

terms of return periods or exceedance probabilities. Because drought is a compound phenomenon 49 

in which duration and severity are mutually dependent, bivariate drought frequency analysis 50 

accounting for this interdependence has been widely applied (Shiau 2006). Deger et al. (2023) 51 

performed univariate and copula-based bivariate drought frequency analyses of the duration and 52 

severity of drought events identified with the streamflow drought index for the Euphrates basin in 53 

Türkiye and showed that the joint return periods revealed spatial differences in drought risk within 54 

the basin. More recently, climate change scenarios have been incorporated into bivariate drought 55 

frequency analysis to assess future drought risk (Kim et al. 2019; Singh et al. 2026). Using 19 56 

general circulation model (GCM) projections under representative concentration pathway (RCP) 57 

8.5, Kim et al. (2019) conducted a bivariate drought frequency analysis for 109 middle-sized 58 

watersheds in South Korea and found that the projected mean duration of future droughts remained 59 

similar to that of the historical period, whereas projected drought severity increased. Using 13 60 

GCM projections under Shared Socioeconomic Pathway 5-8.5 (SSP5-8.5), Singh et al. (2026) 61 

performed a conditional bivariate drought frequency analysis for a semi-arid basin in India and 62 

projected increases of 10-41% in drought severity and 12-35% in duration. 63 

Such analyses presuppose specific SSP scenarios or GCM combinations. The results therefore 64 

depend strongly on the scenarios and climate models selected. In these top-down approaches, 65 

which evaluate future impacts on the basis of climate projections, uncertainty accumulates at each 66 

step of the projection chain, and a reanalysis is required whenever new scenarios or climate models 67 

are released, which makes it difficult to incorporate uncertain projections consistently into water 68 
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management decisions (Wilby and Dessai 2010). The scenario-neutral approach was proposed to 69 

overcome these limitations: instead of starting from specific climate projections, it defines an 70 

exposure space spanning the plausible range of climate variables and systematically analyzes the 71 

system response across these climate conditions (Prudhomme et al. 2010; Brown et al. 2012; 72 

Culley et al. 2016). Prudhomme et al. (2010) introduced this concept and, for the Enrick and 73 

Roding catchments in the United Kingdom, constructed catchment-specific flood response 74 

surfaces by perturbing precipitation and temperature and combined them with multi-model climate 75 

projections, showing that flood responses differed among catchments under identical climate 76 

change conditions and that the existing design allowance of a 20% increase in flood magnitude 77 

could be exceeded under some projections. Brown et al. (2012) proposed decision scaling, in which 78 

a system response function is constructed over a wide range of climate conditions, the vulnerable 79 

domain in which system performance deteriorates is identified, and climate model projections are 80 

then combined with that domain; they applied it to an urban water supply system in Massachusetts, 81 

United States, to evaluate the risk to water supply reliability under climate change. Culley et al. 82 

(2016) derived optimal operating policies over a climate exposure range for the Lake Como water 83 

resources system in Italy, defined the failure boundary beyond which the minimum performance 84 

requirement cannot be maintained by operating policies alone as the maximum operational 85 

adaptive capacity of the system, and suggested that additional infrastructure upgrades may be 86 

required under climate conditions beyond that boundary. 87 

Existing scenario-neutral studies, however, have focused mainly on identifying the critical 88 

conditions or vulnerable domains of a system, and the system response has mostly been evaluated 89 

with a single performance indicator. In contrast, hydrological drought exhibits interdependence 90 

between duration and severity, so individual characteristics alone cannot fully describe the joint 91 
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occurrence probability of drought events. A probabilistic drought indicator that reflects the 92 

interdependence of duration and severity therefore needs to be adopted as the scenario-neutral 93 

response variable to evaluate changes in drought hazard under diverse climate conditions. Studies 94 

combining such probabilistic bivariate drought frequency analysis with the scenario-neutral 95 

approach, however, remain limited. This study therefore constructs scenario-neutral response 96 

surfaces using the joint return period of drought duration and severity as the system response 97 

variable and evaluates the probabilistic changes in hydrological drought hazard with changing 98 

climate conditions over the precipitation-temperature exposure space. 99 

The overall objective of this research is to establish a framework for assessing hydrological 100 

drought hazard under climate change and using the resulting hazard information to determine 101 

watershed-level management priorities. To address these two methodological components 102 

separately, the research is presented as a two-part series. Part 1 assesses hydrological drought 103 

hazard for 113 middle-sized watersheds in South Korea across a precipitation-temperature 104 

exposure space using a scenario-neutral approach, whereas Part 2 applies the resulting hazard 105 

information to the classification of drought management priorities. 106 

As Part 1 of the series, the present study focuses on assessing hydrological drought hazard under 107 

a range of climate conditions. Daily streamflow was simulated for each watershed using 108 

meteorological observations for 1973-2025, and bivariate drought frequency analysis was 109 

conducted to estimate the joint return period of drought duration and severity. Scenario-neutral 110 

response surfaces of the design drought return period were subsequently developed across the 111 

precipitation-temperature exposure space through climate stress testing. Finally, 72 climate 112 

projections consisting of 4 SSPs and 18 GCMs were mapped onto the response surfaces for the 113 
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near future (NF, 2026-2060) and far future (FF, 2061-2100) to evaluate changes in hydrological 114 

drought hazard under future climate conditions. 115 

 116 

2 Data and Methods 117 

2.1 Study Area and Data 118 

The study area comprises the 113 middle-sized watersheds of South Korea in East Asia (Fig. 1). 119 

South Korea lies between 33-39°N and 124-131°E with an area of about 100,472.4 km²; mean 120 

annual precipitation is approximately 1,000-1,800 mm and mean annual temperature is 11-14℃. 121 

About 70% of the annual precipitation is concentrated in the summer monsoon season from June 122 

to September, so that floods recur in summer and droughts in spring and winter, resulting in 123 

pronounced seasonal variability in water availability. In addition, about 70% of the territory is 124 

mountainous, and the five major river basins encompass diverse terrain including plains, coasts 125 

and islands, so hydrological responses and drought vulnerability differ among regions and 126 

regionally tailored water resources management is required. 127 

For the historical period (1973-2025), daily precipitation and daily mean, maximum and minimum 128 

temperature were collected from 57 weather stations of the Korea Meteorological Administration. 129 

The stations are marked in black in Fig. 1, and the point data were spatially aggregated into 130 

watershed-averaged series using the Thiessen polygon method. 131 

 132 

[Fig. 1 Location of the 5 major river basins and 113 middle-sized watersheds in South Korea. Jeju, 133 

Ulleung, and Dokdo islands are excluded, and hatched watersheds indicate watersheds discussed 134 

in the manuscript] 135 

 136 
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For the future period (2026-2100), GCM projections from the Coupled Model Intercomparison 137 

Project Phase 6 under the SSP scenarios were used. All four pathways (SSP1-2.6, SSP2-4.5, SSP3-138 

7.0 and SSP5-8.5), which differ in the degree of challenge to mitigation and adaptation and 139 

represent the low-emission, intermediate, high-challenge and high-emission scenarios, 140 

respectively, were used. 18 GCMs were used for each SSP, with station-scale daily projections 141 

downscaled and bias-corrected by the Rural Development Administration of Korea with the 142 

Simple Quantile Mapping (SQM) technique. SQM belongs to the family of empirical quantile-143 

mapping transformations that are widely used to downscale and bias-correct climate model output 144 

to the station scale (Gudmundsson et al. 2012; Cannon et al. 2015). Information on the GCMs used 145 

for each SSP scenario is given in Table 1. 146 

[Table 1 Information about the GCMs used in this study] 147 

 148 

2.2 Long-term Runoff Simulation 149 

Because long-term continuous observed streamflow records are not available for all middle-sized 150 

watersheds in Korea, consistent nationwide hydrological drought analysis requires a consistent set 151 

of simulated streamflow. In this study, daily streamflow was simulated for each watershed with 152 

the Génie Rural à 4 paramètres Journalier (GR4J) rainfall-runoff model. GR4J is a parsimonious 153 

conceptual rainfall-runoff model that simulates daily discharge at the watershed outlet from 154 

precipitation and potential evapotranspiration inputs (Perrin et al. 2003). It has four parameters: 155 

x1 is the maximum capacity of the production store (mm), x2 is the groundwater exchange 156 

coefficient (mm d⁻¹), x3 is the one-day-ahead maximum capacity of the routing store (mm), and 157 

x4 is the time base of the unit hydrograph UH1 (d). The model structure and detailed computations 158 

are given in Perrin et al. (2003). 159 
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Daily precipitation for 1973-2025 and potential evapotranspiration estimated from the temperature 160 

data (mean, maximum and minimum) with the Hargreaves-Samani equation was used as inputs 161 

(Hargreaves and Samani 1985). Daily inflow records of 21 multipurpose dam catchments in Korea 162 

were used for parameter calibration. To remove the influence of the initial storage states, the first 163 

year (1973) was treated as a warm-up period and excluded from the performance evaluation, so 164 

that the calibration and analysis period is 1974-2025. The modified Kling-Gupta efficiency (KGE′) 165 

was used as the objective function (Kling et al. 2012). KGE′ is a variant of the Kling-Gupta 166 

efficiency of Gupta et al. (2009) in which the variability term is expressed as the ratio of the 167 

coefficients of variation rather than the ratio of the standard deviations. KGE′ evaluates the 168 

correlation, bias and variability components separately and is defined in Eq. (1); values closer to 169 

1.0 indicate better simulation performance. 170 ܧܩܭ′ = 1− ݎ)√ − 1)2 + ߚ) − 1)2 + ߛ) − 1)2 (1) 

where ݎ is the Pearson correlation coefficient between the observed and simulated flows, ߚ is the 171 

ratio of the simulated to observed mean flow, and ߛ is the ratio of the simulated to observed 172 

coefficients of variation. The parameter search ranges were restricted to the 80% confidence 173 

intervals given by Perrin et al. (2003) (x1: 100-1,200 mm; x2: −5 to 3 mm d⁻¹; x3: 20-300 mm; x4: 174 

1.1-2.9 d) to ensure the physical plausibility of the optimum. The GR4J parameters were optimized 175 

with the differential evolution algorithm (Storn and Price 1997).  176 

Year-wise leave-one-year-out cross-validation (LOOCV) was performed for the 21 multipurpose 177 

dam catchments, and the watersheds with validation KGE′ of 0.7 or higher were selected as the 178 

final calibration watersheds. For the ungauged watersheds, the parameters were regionalized. 179 

Parameter transfer based on spatial proximity or physical similarity has been reported to 180 

outperform regression-based methods for ungauged basins (Oudin et al. 2008; Zhang and Chiew 181 
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2009). The donor search was therefore restricted to the calibrated watersheds within the same 182 

major river basin as the target watershed, and where no calibrated watershed exists in the same 183 

major river basin, all calibrated watersheds were taken as candidates. Where two or more 184 

candidates exist, three attributes, such as mean annual precipitation, the aridity index (the ratio of 185 

annual potential evapotranspiration to annual precipitation) and watershed area, were standardized 186 

by the mean and standard deviation of the calibration set, and the parameters of the calibrated 187 

watershed with the smallest Euclidean distance in the standardized space were transferred (Parajka 188 

et al. 2005). The validity of the parameter transfer was evaluated by LOOCV, in which each donor 189 

watershed was treated as ungauged and the parameters of the substitute donor selected by the same 190 

rule were applied. 191 

 192 

2.3 Definition of Drought Events 193 

Hydrological drought events were extracted with the threshold level method (Yevjevich 1967). 194 

For each day ߬, the threshold discharge ܳ0(߬) was computed as the 20% non-exceedance quantile 195 

of all discharge values within a ±15-day window centered on ߬ pooled over the entire record (ܳ80) 196 

and was smoothed with a 30-day moving average (Hisdal et al. 2004; Van Loon 2015). A period 197 

during which the discharge continuously falls below the threshold was defined as one drought 198 

event; the duration is the number of consecutive days below the threshold, and the severity is the 199 

accumulated difference between the threshold and the actual discharge over that period. 200 

Adjacent drought events were pooled with the inter-event criterion (IC) (Tallaksen et al. 1997; 201 

Fleig et al. 2006). Two successive events were merged when the inter-event time ݐ௜ is at most the 202 

critical interval ݐ௖ and the ratio of the excess volume above the threshold during the interval ݒ௜ to 203 

the severity of the preceding event ݏ௜ is at most the threshold ߩ௖. The pooling condition is defined 204 
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in Eq. (2), and two successive events are merged when ܯ௜ = 1. When two events are merged, the 205 

duration of the pooled event is the sum of the two durations and the intervening interval. Its severity 206 

is the sum of severities of two events subtracting the excess volume accumulated during the inter-207 

event interval. 208 

௜ܯ = 1 ௜ݐ] ≤ ௖ݐ  and 
௩೔௦೔ ≤  ௖]   (2)ߩ

where ܯ௜ is the pooling indicator for the ݅th pair of successive drought events, ݐ௜ is the inter-event 209 

time, ݐ௖ is the critical inter-event time, ݒ௜ is the excess volume above the threshold during the inter-210 

event interval, ݏ௜  is the severity of the preceding drought event, and ߩ௖ is the critical pooling 211 

threshold. The critical interval was set to ݐ௖ = 5 days (Tallaksen et al. 1997; Fleig et al. 2006). ߩ௖ 212 

was determined for each watershed as the upper candidate ߩ at which the change in the final 213 

number of drought events ܰ(ߩ), computed while varying the candidate value from 0 to 1 in 214 

increments of 0.05, is largest. 215 ߩ௖ = ,௞+1ߩ   ݇ = arg max௞ (௞+1ߩ)ܰ| − |(௞ߩ)ܰ , ௞ߩ   ∈ {0,0.05, � ,1}  (3) 

where ߩ௞ is the ݇th candidate value of the pooling threshold, ܰ(ߩ௞) is the final number of drought 216 

events obtained using ߩ௞, and ݇ is the index that maximizes the absolute change in the number of 217 

drought events between adjacent candidate thresholds. If the event count was identical for all 218 

candidate values of ߩ ௖ߩ , = 0.5  was applied. Events with a duration of 5 days or less were 219 

excluded from the analysis. 220 

 221 

2.4 Bivariate Drought Frequency Analysis 222 

To estimate the joint return period of drought duration and severity, copula-based bivariate 223 

frequency analysis was applied (Salvadori and De Michele 2004; Shiau 2006). Following the 224 
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theorem of Sklar (1959), the joint distribution ܪ(݀,  of the two variables is expressed as the 225 (ݏ

combination of the marginal distributions and a copula function. 226 

,݀)ܪ (ݏ = ,(݀)஽ܨ)ܥ ((ݏ)ௌܨ = ,ݑ)ܥ  (4) (ݒ

where ܪ(݀,  ஽(݀) 227ܨ ,is the joint cumulative distribution function of drought duration and severity (ݏ

and ܨௌ(ݏ) are their marginal cumulative distribution functions, ܥ(⋅) is the copula function, and 228 ݑ = (݀)஽ܨ  and ݒ = (ݏ)ௌܨ  are the corresponding non-exceedance probabilities. The marginal 229 

distributions of duration and severity were fitted by maximum likelihood among 8 candidates: the 230 

exponential, normal, gamma, lognormal, Weibull, generalized extreme value (GEV), generalized 231 

Pareto (GPD) and Gumbel distributions. For each watershed, the distribution with the largest p-232 

value in the Kolmogorov-Smirnov (KS) test was selected as the best marginal distribution (Coles 233 

2001). The Clayton, Frank and Gumbel copulas of the Archimedean family were considered as 234 

candidates for the dependence structure. The parameter of each copula was estimated by maximum 235 

likelihood, and the copula with the largest log-likelihood was selected as the best model for each 236 

watershed (Genest and Favre 2007). For a bivariate drought event, two types of joint exceedance 237 

conditions can be considered: the OR and AND conditions (Salvadori and De Michele 2004; Shiau 238 

2006). The OR condition represents an event in which either drought duration or severity exceeds 239 

a specified level, whereas the AND condition represents an event in which both duration and 240 

severity exceed their specified levels simultaneously. Because this study focuses on drought events 241 

characterized by both long duration and high severity, the AND condition was adopted to quantify 242 

the joint exceedance probability of two drought characteristics. The joint exceedance probability 243 

under the AND condition was computed as follows. 244 

௜݌ = ܦ)ܲ ≥ ݀௜ , ܵ ≥ (௜ݏ = 1 − ௜ݑ − ௜ݒ + ௜ݑ)ܥ ,  ௜) (5)ݒ
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where ݌௜  is the joint exceedance probability of the ݅th drought event, ܦ  and ܵ denote drought 245 

duration and severity, respectively, ݀௜ and ݏ௜ are the observed duration and severity of event ݅, and 246 ݑ௜ = ௜ݒ ஽(݀௜) andܨ =  In this study, the observed event with the smallest joint exceedance 247 .(௜ݏ)ௌܨ

probability pi  was defined as the design drought, and the corresponding joint exceedance 248 

probability was set to p∗. The joint return period of the design drought TDS was computed from the 249 

mean inter-event arrival time E(L) and p∗ as follows (Shiau 2006). 250 

஽ܶௌ =
∗݌(ܮ)ܧ  (6) 

where E(L) is the mean inter-arrival time of drought events (year). 251 

 252 

2.5 Scenario-neutral Response Surfaces 253 

Hydrological sensitivity to climate change was evaluated with the scenario-neutral approach 254 

(Prudhomme et al. 2010; Brown et al. 2012). Instead of using scenario projections directly as inputs, 255 

the response of the design drought return period was first constructed over an exposure space in 256 

which precipitation and temperature changes were imposed systematically, and the climate 257 

projections were then overlaid on the response surface. 258 

 259 

2.5.1 Generation of the Climate Stress Time Series 260 

Climate stress time series under precipitation and temperature changes were generated with a 261 

multi-site stochastic weather generator (Richardson 1981; Wilks 1998; Steinschneider and Brown 262 

2013). Daily precipitation occurrence was simulated with a monthly first-order two-state Markov 263 

chain, and wet-day precipitation amounts were generated from the inverse of the monthly, station-264 

specific empirical cumulative distribution function. The precipitation change was applied using 265 

the following change-factor approach. 266 
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௧ܲ∗ = ௧ܲ (1 +
Δܲ
100

) (7) 

where ௧ܲ and ௧ܲ∗ are the baseline and perturbed daily precipitation on day ݐ, respectively, and Δܲ 267 

is the annual precipitation change (%). Daily temperature was generated with the daily 268 

climatological mean and residuals simulated using a first-order autoregressive process to preserve 269 

temporal persistence (Richardson 1981), and the temperature change was applied as follows. 270 

௧ܶ∗ = ௧ܶ + Δܶ (8) 

where ௧ܶ  and ௧ܶ∗  are the baseline and perturbed daily temperature, respectively, and Δܶ is the 271 

temperature change (℃). Spatial dependence among stations was reproduced with the normal-272 

score transformation and a Gaussian copula. 273 

The exposure space consisted of combinations of Δܲ and Δܶ. Its range was set to cover the range 274 

of changes of the four SSPs, 18 GCM projections used in this study, with Δܲ from −20 to +80% 275 

(5% intervals, 21 levels) and Δܶ from 0 to +11 ℃ (1℃ intervals, 12 levels), giving 252 climate 276 

conditions in total. For each climate condition a 53-year climate series was generated, and the 277 

runoff simulation, drought event extraction and bivariate frequency analysis of Sections 2.2-2.4 278 

were applied to compute the joint return period of the design drought ஽ܶௌ. The marginal and copula 279 

families, the design drought and the threshold discharge were fixed at the baseline selections, and 280 

only the distribution parameters were re-estimated for each climate condition. 281 

 282 

2.5.2 Construction of the Response Surface and Definition of the Baseline 283 

The watershed-specific climate response surface was constructed by smoothing the ஽ܶௌ values 284 

computed at the 252 climate conditions over the Δܲ − Δܶ plane with multivariate locally weighted 285 

regression (LOESS; Cleveland 1979; Cleveland and Devlin 1988). 286 
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ܶ̂஽ௌ = ݂(Δܲ,Δܶ) (9) 

where  ܶ஽ௌ is the design drought return period estimated from the response surface and ݂(⋅) is the 287 

LOESS response surface after back-transformation to the return-period scale. The adequacy of the 288 

response surfaces was evaluated with the coefficient of determination (𝑅2) and the root mean 289 

square error of the log-space residuals at the 252 nodes. 290 

A nonparametric smoother was adopted so that no functional form is imposed on the stress-291 

response relationship. The two perturbation axes were standardized by their mean and standard 292 

deviation, and at each query point a locally linear fit with tricube weights was obtained over the ݇ 293 

nearest nodes, where ݇ is the span fraction of the 252 nodes (span 0.5) subject to a minimum of 294 

12 nodes. 295 

The fit near the baseline was additionally diagnosed with the sign disagreement rate, defined as 296 

the proportion of nodes at which the sign of the change relative to the baseline value differs 297 

between the fitted surface and the directly simulated node value before smoothing. 298 

Three baseline concepts are defined in this study. First, the baseline point is the condition 299 

(Δܲ, Δܶ) = (0, 0), in which no change is imposed on precipitation or temperature. It corresponds 300 

to the observed climate of 1974-2025 to which the weather generator was calibrated. Second, the 301 

baseline return period is the return period estimated by the response surface at the baseline point, 302 

defined as follows. 303 

஽ܶௌ0  =  ݂(0, 0) (10) 

where ஽ܶௌ0  is the baseline return period estimated from the response surface at (ܲ߂, Δܶ) = (0, 0). 304 

Third, the baseline isoline is the contour of the response surface satisfying ܶ̂஽ௌ  =  ஽ܶௌ0 ; it separates 305 

the region in which the return period falls below the baseline from the region in which it rises 306 

above. 307 
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The baseline return period ஽ܶௌ0  is distinct from ஽ܶௌ  computed directly from the simulated 308 

streamflow in Section 2.4: the former is a value on the smoothed surface, whereas the latter is 309 

estimated directly from the individual drought events. All change ratios reported for the climate 310 

projections are taken relative to the baseline value of the same fitted surface, so that the reference 311 

and the compared value originate from the same generated-climate data set and the sampling 312 

difference between the generated and the observed series does not enter the change ratio. The 313 

agreement between the two values was evaluated with the rank correlation coefficient. 314 

 315 

2.5.3 Local Sensitivities and the Compensating Precipitation Ratio 316 

Although the response surface describes the overall response of the design drought return period 317 

across the precipitation-temperature exposure space, it does not directly quantify the magnitude of 318 

the response to each climate variable near the baseline condition. Local sensitivities were therefore 319 

calculated to compare the responses to changes in precipitation and temperature among watersheds. 320 

Because precipitation increase and warming generally affect the return period in opposite 321 

directions, the compensating precipitation ratio was defined to quantify the precipitation increase 322 

required to offset the effect of warming. The local sensitivities near the baseline point were 323 

computed as in Eq. (11). 324 

ܵ௉  =  
log ௙(ℎ௉ ,0) − log ௙(−ℎ௉ ,0)2ℎು ,      ்ܵ  =  

log ௙(0,ℎ்) − log௙(0,−ℎ்)2ℎ೅    (11) 

where ℎ௉ = 5%  and ℎ் = 1 ℃ are the finite-difference step sizes for precipitation and 325 

temperature, respectively, and ܵ௉ and ்ܵ are the local sensitivities of log ஽ܶௌ to precipitation and 326 

temperature changes, respectively. ܵ௉ > 0 indicates that an increase in precipitation makes the 327 

design drought rarer, and ்ܵ  < 0 that warming makes a drought of the same magnitude more 328 

frequent. Absolute values of the two sensitivities were used when comparing major river basins. 329 
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The ratio of the two sensitivities was then defined as the compensating precipitation ratio. 330 

௖ߨ  =  − ்ܵܵ௉ (12) 

where ߨ௖  is the compensating precipitation ratio (%/℃), defined as the increase in annual 331 

precipitation required to offset the effect of 1 ℃ of warming on the design drought return period. 332 

The larger the value, the greater the increase in precipitation required for a watershed to offset the 333 

effects of warming. 334 

The direction of the response over the whole exposure space was evaluated with the Spearman 335 

rank correlation of Δܲ − ܶ̂஽ௌ and Δܶ − ܶ̂஽ௌ over 252 nodes. 336 

 337 

2.5.4 Deterioration Area Fraction 338 

The size of the region in which the return period falls below the baseline over the whole exposure 339 

space was defined as the deterioration area fraction. 340 

ௗ௘௧ܨ  =  
1௚ܰ ∑૤[ܶ̂஽ௌ,௜  <  ஽ܶௌ0 ]ே೒

௜=1  (13) 

where ܨdet is the deterioration area fraction, ௚ܰ = 252 is the total number of evaluation nodes, ݅ 341 

denotes the node index,  ૤(⋅)  is the indicator function that equals 1 when  ܶ஽ௌ,௜ < ஽ܶௌ0  and 0 342 

otherwise, and  ܶ஽ௌ,௜ is the return period estimated from the response surface at node ݅. ܨௗ௘௧ ranges 343 

from 0 to 1. A larger value indicates that the deteriorating region occupies a larger proportion of 344 

the examined exposure space. It was interpreted as an index for comparing watershed climate-345 

response characteristics independently of where the projections of a particular scenario or climate 346 

model lie. 347 

 348 

2.5.5 Projection of the Climate Scenarios and Change Metrics 349 
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The future climate change impact was assessed by projecting the NF and FF precipitation and 350 

temperature changes (Δ ௚ܲ , Δ ௚ܶ) of the 18 GCMs under the four SSP scenarios onto the response 351 

surfaces, and the design drought return period under each climate projection was computed as 352 

follows. 353 

ܶ̂஽ௌ,௚ = ݂(Δ ௚ܲ,Δ ௚ܶ) (14) 

where  ܶ஽ௌ,௚ is the design drought return period estimated for climate projection ݃, and Δ ௚ܲ and 354 Δ ௚ܶ  are the precipitation and temperature changes associated with projection ݃ , respectively. 355 

Projection ݃ is defined by the combination of SSP ݏ, period ݐ, and GCM ݇. Projection points 356 

outside the exposure space were clipped to its boundary. For each SSP-period combination the 357 

median of the 18 GCM projections was compared with the baseline return period to obtain the 358 

change ratio. 359 

௦,௧ߜ  =  

median௚∈ீೞ,೟  ܶ̂஽ௌ,௚  −  ஽ܶௌ0
஽ܶௌ0  ×  100 (15) 

where ߜ௦,௧ is the percentage change in the ensemble-median design drought return period for SSP 360 ݏ and period ݐ relative to the baseline, and ܩ௦,௧  is the set of ݊ = 18 GCM projections for the 361 

corresponding SSP-period combination. Separately from the central tendency of the ensemble, the 362 

proportion of projections with a return period below the baseline was also computed. 363 

௦,௧ݍ  =  
1݊ ∑ ૤[ܶ̂஽ௌ,௚  <  ஽ܶௌ0 ]௚∈ீೞ,೟  (16) 

where ݍ௦,௧ is the proportion of GCM projections for SSP ݏ and period ݐ in which the projected 364 

design drought return period is below the baseline return period. A watershed with ߜ௦,௧ > 0 and 365 ݍ௦,௧ > 0 is one in which the design drought becomes rarer at the ensemble median while becoming 366 

more frequent under some projections, so that the unfavourable projections are not revealed by the 367 
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central tendency alone. Differences in climate sensitivity among the major river basins were 368 

analyzed with the Kruskal-Wallis test. 369 

 370 

3 Results 371 

3.1 Long-term Runoff Simulation Results 372 

After calibration against the daily inflow records of the 21 multipurpose dam catchments and year-373 

wise LOOCV, seven watersheds met the validation criterion of KGE′ ≥ 0.7 (Table 2). The 7 374 

watersheds that met the validation criterion were used as donors, and for the remaining 106 middle-375 

sized watersheds the GR4J parameters were estimated by regionalization based on the major river 376 

basin constraint and physical similarity. Daily streamflow for 1974-2025 was thereby simulated 377 

for all 113 middle-sized watersheds and used as input to the hydrological drought analysis. 378 

[Table 2 Parameters and performance of the GR4J model for the 7 calibrated watersheds (NSE, 379 

Nash–Sutcliffe efficiency; KGE′, modified Kling–Gupta efficiency; cal., calibration; val., 380 

validation)] 381 

 382 

3.2 Estimation of the Design Drought Return Period 383 

Drought events were identified by applying the variable threshold level method (ܳ80) and the IC 384 

method to the simulated daily streamflow for 1974-2025. The GEV distribution was selected as 385 

the best marginal distribution of drought duration in 101 of the 113 watersheds and the lognormal 386 

distribution in 12 watersheds (Table 3). The median p-value of the KS test was 0.30, although in 387 

three watersheds all candidate distributions were rejected at the 0.05 significance level and the 388 

distribution with the best goodness of fit was applied. For drought severity, the lognormal 389 

distribution was selected most frequently, in 59 watersheds, followed by the GEV in 24, the GPD 390 
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in 23 and the Weibull in seven watersheds. The severity marginals satisfied the KS test at the 0.05 391 

level in all watersheds. For the dependence structure between duration and severity, the Gumbel 392 

copula was selected from 104 watersheds and the Clayton copula in nine watersheds. 393 

 394 

[Table 3 Selected marginal distributions and copula families of drought duration and severity by 395 

major river basin (GEV, generalized extreme value; LN, lognormal; GPD, generalized Pareto; 396 

WBL, Weibull)] 397 

 398 

The median duration of the design droughts was 147 days, with an interquartile range of 87-194 399 

days and a full range of 35-311 days. The median severity of the design droughts was about 19.2 400 

million m³, with an interquartile range of about 9.1-31.7 million m³ and a full range of about 0.51-401 

79.7 million m³, showing large differences among watersheds. 402 

஽ܶௌ had a national median of 29.8 years, with an interquartile range of 19.5-45.2 years. By return 403 

period class, 31 watersheds were below 20 years, 57 between 20 and 50 years, 11 between 50 and 404 

100 years and 14 above 100 years. The medians by major river basin were 33.5 years for the 405 

Nakdong River basin, 32.8 for the Han River basin, 31.1 for the Seomjin River basin, 23.4 for the 406 

Yeongsan River basin and 21.5 for the Geum River basin. The comparatively short return periods 407 

of the Geum River basin and Yeongsan River basin indicate that their design droughts can recur 408 

relatively frequently. By contrast, 11 of the 14 watersheds exceeding 100 years belong to the Han 409 

River basin, where the joint exceedance probability of the design event is very small and the return 410 

period is estimated in the extrapolation range of the fitted distributions. 411 

 412 

3.3 Response Surfaces of the Return Period 413 
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The watershed-specific goodness of fit (𝑅2) of the response surfaces ranged from 0.568 to 0.932, 414 

with a median of 0.879. 𝑅2 was 0.8 or higher in 103 of the 113 watersheds (91.2%), indicating 415 

overall good agreement. The ஽ܶௌ estimated at the baseline point of the response surface ranged 416 

from 10.8 to 198.9 years with a median of 46.5 years across watersheds. The median of the 417 

baseline-period ஽ܶௌ computed directly from the baseline simulated streamflow was 29.8 years, and 418 

the rank correlation between the two values was 0.834. 419 𝑅² of the response surface was below 0.8 in ten watersheds, including five in the Han River basin, 420 

four in the Nakdong River basin, and one in the Seomjin River basin. These watersheds included 421 

cases with long baseline return periods lying in the extrapolation range, such as the Lower Imjin 422 

River watershed (#1023) and Wangpicheon watershed (#2401). The response surfaces showed that 423 

in every watershed the design drought return period decreases with decreasing precipitation and 424 

rising temperature (Fig. 2). The rank correlation of log ஽ܶௌ with the precipitation change had a 425 

median of 0.848 across watersheds and a minimum of 0.509. The rank correlation with the 426 

temperature change had a median of −0.240 and a maximum of −0.123, negative in every 427 

watershed. The representative watersheds in Figs. 2 and four watersheds were selected as those 428 

with the largest deterioration area fraction within each major river basin. 429 

 430 

[Fig. 2 Scenario-neutral response surfaces of the design drought return period (TDS ) for the 431 

representative watersheds selected from each major river basin] 432 

 433 

The median local sensitivities across watersheds computed at the baseline point (Δܲ, Δܶ) = (0,0) 434 

indicated that log ஽ܶௌ increased by 0.041 per 1% increase in precipitation and decreased by 0.103 435 

per 1℃ of warming. Because these are changes in the log return period, they correspond to an 436 
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increase of about 4.2% in the return period per 1% increase in precipitation and a decrease of about 437 

9.8% per 1℃ of warming. 438 

The baseline-point sensitivities differed among major river basins. The absolute values of both the 439 

precipitation and the temperature sensitivity were largest in the Yeongsan River basin and smallest 440 

in the Han River basin, and the differences among major river basins were statistically significant 441 

(Kruskal-Wallis, p < 0.001 and p = 0.002, respectively). The compensating precipitation ratio, 442 

defined by the slope of the baseline isoline, had a national median of a 2.64% increase in 443 

precipitation per 1℃ of warming, with no significant difference among major river basins (p = 444 

0.366) (Fig. 3).  445 

[Fig. 3 Distributions of the response-surface sensitivities by major river basin: (a) precipitation 446 

sensitivity and (b) temperature sensitivity] 447 

 448 

3.4 Climate Change Impact Assessment Based on the Response Surfaces 449 

When the SSP-wise GCM projections were overlaid on the response surfaces, the range of change 450 

in the design drought return period differed by SSP and analysis period (Fig. 4). Based on the 451 

GCM ensemble median for each watershed, the national median change in ஽ܶௌ  was +16.6% 452 

(SSP3-7.0) to +33.3% (SSP5-8.5) in the NF and +33.5% (SSP3-7.0) to +55.3% (SSP5-8.5) in the 453 

FF, an increase relative to the baseline for all SSP-period combinations. Among the SSPs, the 454 

increase in return period was smallest under SSP3-7.0 and largest under SSP5-8.5. 455 

 456 

[Fig. 4 SSP�GCM projections for the NF and FF overlaid on the scenario-neutral response surfaces 457 

for the representative watersheds selected from each major river basin] 458 

 459 
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At the level of individual GCM projection points, the proportion of points at which the return 460 

period decreased relative to the baseline ஽ܶௌ was 13.5-31.3% across the SSP-period combinations: 461 

19.6-31.3% in the NF and 13.5-24.4% in the FF. The proportion of decreasing points was highest 462 

in the NF of SSP3-7.0 (31.3%) and lowest in the FF of SSP5-8.5 (13.5%). 463 

The spread of the GCM projections widened toward the FF. The range of the GCM-wise national 464 

median ஽ܶௌ was 30.0-110.6 years in the NF and 34.7-162.8 years in the FF, and the width of the 465 

range widened from 59.2-73.2 years to 85.5-128.1 years for every SSP. Within the same SSP, 466 

moreover, the return period increased for some GCMs and decreased for others, with the widest 467 

spread in the FF of SSP5-8.5. The possibility of decreasing return periods in the lower tail of the 468 

GCM projections therefore needs to be evaluated separately from the central tendency. 469 

 470 

4 Discussion 471 

In the climate change impact assessment, the GCM ensemble median indicated an increase in the 472 

design drought return period relative to the baseline for all SSP-period combinations, which means 473 

a lower probability of occurrence of a drought event of the same magnitude. At the level of 474 

individual GCM projection points, however, the return period decreased at 13.5-31.3% of the 475 

points, with change ratios of −35.2 to +187.7%, indicating that the central tendency of the 476 

ensemble alone may not adequately reflect some unfavorable projections. Previous studies have 477 

also shown that the direction and magnitude of future drought changes can vary substantially 478 

among climate projections and regions. Kim et al. (2019), based on 19 RCP8.5 climate projections 479 

for 109 middle-sized watersheds in South Korea, reported that future drought duration remained 480 

generally similar to that of the control period, whereas drought severity increased in most 481 

projections, with considerable differences in drought risk among GCMs and river basins. 482 
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Madadgar and Moradkhani (2013), in contrast, projected decreases in drought duration and 483 

severity in the Upper Klamath River Basin, with all 5 GCM projections producing longer drought 484 

return periods than those of the historical period, although substantial GCM-related uncertainty 485 

remained. At a broader spatial scale, Forzieri et al. (2014) found that future streamflow droughts 486 

became more severe and persistent across much of southern Europe but decreased in northern and 487 

northeastern Europe, with greater disagreement among model projections in transition regions. 488 

Although these studies differ in drought definition, spatial scale, and climate forcing, their results 489 

demonstrate that future drought hazard may vary in both magnitude and direction depending on 490 

the climate projection and regional hydrological response. 491 

The present results provide a hydrological interpretation of these projection-dependent differences 492 

through the precipitation-temperature response surfaces. In every watershed, the design drought 493 

return period increased with increasing precipitation and decreased with rising temperature, and 494 

the compensating precipitation ratio had a national median of 2.64% per 1℃ of warming. At the 495 

ensemble median, the precipitation increase per 1℃ of warming exceeded the compensating 496 

precipitation ratio for every SSP-period combination, resulting in an increase in the return period. 497 

In contrast, the return period decreased under some individual GCM projections for which the 498 

precipitation increase was insufficient to offset the effect of warming. 499 

Compared with previous scenario-neutral applications, the methodological contribution of the 500 

present study lies primarily in the response variable used to characterize climate sensitivity. 501 

Previous studies have evaluated climate responses using measures such as flood magnitude, water-502 

supply reliability, or operational performance (Prudhomme et al. 2010; Brown et al. 2012; Culley 503 

et al. 2016). In contrast, the present study uses the joint return period of drought duration and 504 

severity as the response variable, allowing changes in the occurrence probability of a bivariate 505 
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hydrological drought event to be evaluated directly over the precipitation-temperature exposure 506 

space. Furthermore, applying the same framework to 113 middle-sized watersheds provides a 507 

consistent basis for comparing watershed-specific climate sensitivity and for identifying the 508 

climate conditions under which drought hazard increases or decreases. 509 

This study has several limitations. First, long-term observed streamflow is not available for all 113 510 

middle-sized watersheds, and the GR4J parameters from seven donor watersheds that met the 511 

validation criteria were therefore regionalized to the remaining watersheds. Considering the 512 

regionalization uncertainty, the results should be interpreted with a focus on the relative 513 

differences among watersheds rather than on the absolute values of individual watersheds. 514 

Second, the direction of change estimated from the response surface showed relatively high 515 

uncertainty near the baseline. Because the disagreement in the direction of change between the 516 

direct simulations and the response surface was large at points where the magnitude of change was 517 

small, the results in the region adjacent to the baseline should be interpreted with caution. 518 

Third, the climate stress test compares the responses to changes in climate conditions while 519 

keeping the drought definition and the probabilistic structure set for the baseline condition, so the 520 

threshold discharge, the marginal distributions, the copula family and the design drought selected 521 

in the baseline period were fixed and only the distribution parameters were re-estimated for each 522 

climate condition. Changes in the distributional form of drought events or in the dependence 523 

structure between duration and severity under long-term climate change are therefore not reflected, 524 

and this assumption needs to be considered when interpreting the results. 525 

 526 

5 Conclusion 527 
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This first paper of a two-part series quantified the hydrological drought hazard of the 113 middle-528 

sized watersheds of South Korea within a scenario-neutral framework. Daily streamflow for 1974-529 

2025 was simulated with the GR4J model, drought events were defined with the variable threshold 530 

level method and inter-event pooling, and the design drought return period was estimated by 531 

copula-based bivariate frequency analysis of duration and severity. Scenario-neutral response 532 

surfaces of the return period were constructed from 252 precipitation-temperature perturbation 533 

combinations, with watershed-specific 𝑅2 values of 0.568-0.932. When the projections of the 18 534 

GCMs under the four SSPs were overlaid on the response surfaces, the design drought return 535 

period increased relative to the baseline for all SSP-period combinations at the GCM ensemble 536 

median, whereas the return period decreased at 13.5-31.3% of the individual projection points and 537 

the spread of the projections widened toward the FF. 538 

The baseline design droughts, the response surfaces and the SSP-GCM projection overlays 539 

constructed here provide a transferable basis for watershed-level drought hazard assessment. By 540 

using the joint return period of drought duration and severity as the system response, the 541 

framework extends scenario-neutral climate stress testing to probabilistic bivariate hydrological 542 

drought assessment. The contrasting effects of precipitation change and warming, together with 543 

the differences between the ensemble-median and individual GCM responses, also indicate that 544 

hydrological drought hazard cannot be fully characterized by the central tendency of climate 545 

projections alone. Because the response surfaces describe hydrological responses over the broader 546 

precipitation-temperature exposure space, newly available climate projections can be evaluated 547 

within the same framework without repeating the hydrological simulation chain. These hazard 548 

products provide direct inputs to the risk-informed drought management assessment developed in 549 
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Part 2, in which watersheds exposed to greater hazard under adverse projections are distinguished 550 

from those that remain relatively stable. 551 
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Table 1 Information about the GCMs used in this study 

No Model Institution 

Atmospheric 

resolution 

(Lon × Lat) 

1 GFDL-ESM4 
Geophysical Fluid Dynamics 

Laboratory (USA) 
360×180 

2 MRI-ESM2-0 
Meteorological Research 

Institute (Japan) 
320×160 

3 CNRM-CM6-1 Centre National de Recherches 

Meteorologiques (France) 

24572 grids distributed 

over 128 latitude circles 4 CNRM-ESM2-1 

5 IPSL-CM6A-LR 
Institute Pierre-Simon Laplace 

(France) 
144×143 

6 MPI-ESM1-2-HR Max Planck Institute for 

Meteorology (Germany) 

384×192 

7 MPI-ESM1-2-LR 192×96 

8 UKESM1-0-LL Met Office Hadley Centre (UK) 192×144 

9 ACCESS-CM2 

Commonwealth Scientific and 

Industrial Research 

Organisation, Australian 

Research Council Centre of 

Excellence for Climate System 

Science (Australia) 

192×144 

10 ACCESS-ESM1-5 

Commonwealth Scientific and 

Industrial Research Organisation 

(Australia) 

192×145 

11 CanESM5 

Canadian Centre for Climate 

Modelling and Analysis 

(Canada) 

128×64 

12 INM-CM4-8 Institute for Numerical 

Mathematics (Russia) 

180×120 

13 INM-CM5-0 180×120 

14 EC-Earth3 EC-Earth-Consortium 512×256 

15 MIROC6 

Japan Agency for Marine-Earth 

Science and 

Technology/Atmosphere and 

256×128 



16 MIROC-ES2L 

Ocean Research 

Institute/National Institute for 

Environmental Studies/RIKEN 

Center for Computational 

Science (Japan) 

128×64 

17 NorESM2-LM 

NorESM Climate modeling 

Consortium consisting of 

CICERO (Norway) 

144×96 

18 KACE-1-0-G 

National Institute of 

Meteorological Sciences/Korea 

Meteorological Administration 

(Korea) 

192×144 

 

 

Table 2 Parameters and performance of the GR4J model for the 7 calibrated watersheds (NSE, 

Nash–Sutcliffe efficiency; KGE′, modified Kling–Gupta efficiency; cal., calibration; val., 

validation)  

Wate

rshed 

code 

X₁ 
(mm) 

X₂ 
(mm 

d⁻¹) X₃ 
(mm) 

X₄ 
(day) 

NSE 

(cal.) 

NSE 

(val.) 

KGE′ 
(cal.) 

KGE′ 
(val.) 

1012 100.000 2.571 28.894 1.100 0.806 0.772 0.790 0.771 

2015 230.147 1.317 26.785 1.158 0.857 0.785 0.929 0.822 

2018 100.000 1.577 25.184 1.169 0.836 0.793 0.902 0.825 

3001 100.000 1.360 22.164 1.100 0.810 0.747 0.892 0.794 

4001 100.000 0.757 20.000 1.202 0.765 0.653 0.855 0.754 

4007 146.844 −0.262 46.527 1.172 0.829 0.749 0.914 0.801 

5101 1041.152 −5.000 27.347 1.150 0.736 0.668 0.868 0.732 
 

 

 



Table 3 Selected marginal distributions and copula families of drought duration and severity 

by major river basin (GEV, generalized extreme value; LN, lognormal; GPD, generalized 

Pareto; WBL, Weibull) 

Major 

river 

basin 

Duration 

marginal 
Severity marginal Copula 

GEV LN GEV GPD LN WBL Gumbel Clayton 

Han 23 7 0 11 15 4 21 9 

Nakdong 30 3 8 7 18 0 33 0 

Geum 19 2 3 2 13 3 21 0 

Seomjin 15 0 2 3 10 0 15 0 

Yeongsan 14 0 11 0 3 0 14 0 

Total 101 12 24 23 59 7 104 9 
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Figures 

 

 

Fig. 1 Location of the 5 major river basins and 113 middle-sized watersheds in South Korea. Jeju, 

Ulleung, and Dokdo islands are excluded, and hatched watersheds indicate watersheds discussed in the 

manuscript 

 



   

2 

 
Fig. 2 Scenario-neutral response surfaces of the design drought return period (TDS) for the representative 

watersheds selected from each major river basin 



   

3 

 

Fig. 3 Distributions of the response-surface sensitivities by major river basin: (a) precipitation sensitivity 

and (b) temperature sensitivity 



   

4 

 
 

Fig. 4 SSP�GCM projections for the NF and FF overlaid on the scenario-neutral response surfaces for 

the representative watersheds selected from each major river basin 

 


	01WRMCRIMSONPart1v2TWK
	03WRMCRIMSONPart1Tablev2TWK
	02WRMCRIMSONPart1Figurev2TWK

