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Abstract. Design flood hydrographs are jointly influenced by the spatial distribution of rainfall, antecedent wetness states, and 12 

catchment runoff generation and routing responses. Taking the XDY Basin as the study area, this study develops a conditional 13 

design flood hydrograph derivation framework that accounts for spatially heterogeneous rainfall and nonlinear nonstationary 14 

routing. Ensemble Rainfall-Runoff Analysis (ERRA) is used to identify rainfall-runoff responses under different antecedent 15 

wetness states, net rainfall intensities, and spatial subregions, based on which state-dependent unit hydrographs are constructed. 16 

Joint frequency analysis of 96 h total rainfall depth (P96) and maximum 1 h rainfall intensity, together with a common 17 

representative rainfall pattern and spatial-response correction, is then used to derive design flood hydrographs under lower (L) 18 

and higher (H) antecedent wetness states. For a given return period, the L and H scenarios use the same design rainfall input. 19 

The results show that higher antecedent wetness and greater net rainfall intensity produce stronger runoff responses and earlier 20 

flood peaks. In the incremental model-structure comparison, the mean Nash-Sutcliffe efficiency (NSE) increased from 0.744 21 

to 0.874. Compared with the L scenario, the H scenario increased peak discharge by 54.4%-100.0%, advanced the time to peak 22 

by 19-27 h, and increased flood volume by 26.6%-59.9%. Event-level paired Bootstrap analysis indicates that statistical 23 

uncertainty is concentrated mainly around the rising limb and main flood peak, while the effects of antecedent wetness exhibit 24 

good sample stability. The proposed framework provides process-based information for design flood review, flood-control 25 

safety assessment, and flood risk analysis. 26 
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1 Introduction 29 

Flooding is one of the major natural hazards threatening catchment flood-control safety and the stable operation of hydraulic 30 

engineering systems, often causing severe casualties and economic losses (Ham et al., 2023). With changes in extreme rainfall 31 

and evolving catchment surface conditions, reservoir inflow flood hydrographs have become increasingly complex, posing 32 

greater challenges to flood-control operation, spillway capacity reassessment, flood risk analysis, and emergency management 33 

(Guo et al., 2024). Design flood hydrographs are an important basis for flood-control project planning, design, and operation. 34 

In addition to peak discharge and flood volume, they should reasonably characterize the time to peak, rising and recession 35 

limbs, and overall hydrograph shape. For large and medium-sized reservoirs with flood-control functions, the rationality of 36 

design flood hydrographs directly affects reservoir operation schemes, release control, and downstream flood-control safety 37 

(Hu et al., 2024). Therefore, improving the ability of design flood hydrographs to represent actual rainfall-runoff generation 38 

and routing mechanisms is of both scientific and engineering significance. 39 

Design flood studies have gradually expanded from traditional typical-flood amplification and design storm-unit hydrograph 40 

methods to regional flood frequency analysis, multivariate joint distributions, nonstationary frequency analysis, machine 41 

learning, and climate-change scenario assessment (Hu et al., 2023; Zalnezhad et al., 2023). For example, Jarajapu et al. (2022) 42 

combined regional flood frequency analysis with machine-learning models to estimate flood characteristics for different return 43 

periods, while Yin et al. (2017) used Copula functions to characterize the dependence structure among flood variables. These 44 

studies have extended design flood estimation from the perspectives of regionalization, multivariate probabilistic analysis, and 45 

data-driven modeling, but most still focus on characteristic quantities such as peak discharge, flood volume, or specific flood 46 

quantiles. By contrast, design storm-runoff generation and routing modeling remains an important approach for deriving 47 

complete design flood hydrographs, and its results are jointly influenced by design rainfall structure, antecedent catchment 48 

conditions, and rainfall-runoff response mechanisms. Previous studies have separately considered rainfall spatial distribution, 49 

antecedent wetness, and state-dependent runoff generation and routing responses; however, their integrated and consistent 50 

representation throughout the complete design flood derivation process remains limited. 51 

Design rainfall is a key input to design flood hydrograph derivation, and its frequency magnitude, temporal structure, and 52 

spatial distribution jointly affect flood response characteristics (Li et al., 2017). Conventional methods generally determine 53 

design rainfall depth through univariate frequency analysis and construct design rainfall hyetographs using representative 54 

rainfall patterns or equal-ratio amplification (Qian et al., 2020). With the development of multivariate frequency analysis, 55 

increasing attention has been paid to the dependence among rainfall characteristics such as total rainfall depth and short-56 

duration rainfall intensity. Multivariate joint analysis can provide a more reasonable representation of the dependence among 57 

different rainfall characteristics (Jhong and Tung, 2018). For example, Yin et al. (2017) performed bivariate analysis using 58 

Copula functions and constructed design rainfall hyetographs. In addition to temporal structure, the spatial distribution of 59 

rainfall also affects catchment flood responses. The same catchment-average rainfall depth may produce different outlet runoff 60 

hydrographs under different rainfall-location patterns (Moghisi et al., 2024). Therefore, design rainfall construction should not 61 
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only reasonably represent rainfall magnitude and temporal distribution, but also account for spatial rainfall heterogeneity and 62 

differences in runoff responses among different subregions. 63 

In addition to rainfall input, catchment routing response is another key factor controlling the shape of design flood hydrographs. 64 

Owing to its simple structure and clear physical interpretation, the unit hydrograph method has been widely used to transform 65 

design storms into design flood hydrographs (Grum et al., 2023). In particular, the Nash instantaneous unit hydrograph can 66 

parsimoniously represent catchment routing lag and storage attenuation (Yan et al., 2015). However, conventional unit 67 

hydrograph methods generally assume that the routing response remains stable, whereas actual responses may vary with 68 

antecedent wetness states and net rainfall intensity (Vormoor et al., 2016). The Ensemble Rainfall-Runoff Analysis (ERRA) 69 

proposed by Kirchner (2024) provides a means of identifying differences in rainfall-runoff responses under varying 70 

hydrological conditions. In this study, nonstationary routing specifically refers to event-scale state-dependent and time-varying 71 

routing responses associated with changes in antecedent wetness and net rainfall intensity, rather than nonstationarity in long-72 

term flood frequency distributions. Constructing unit hydrographs from the conditional response characteristics identified by 73 

ERRA can therefore provide a more explicit representation of nonlinear and nonstationary catchment routing. 74 

In summary, substantial progress has been made in design flood studies involving multivariate rainfall characteristics, spatial 75 

heterogeneity, antecedent wetness, and nonlinear rainfall-runoff responses. However, the coordinated representation of these 76 

factors throughout the complete design flood derivation process, as well as the distinction between state sensitivity and 77 

statistical uncertainty, still requires further investigation. Accordingly, this study develops a conditional design flood 78 

hydrograph derivation framework with four main components: (1) ERRA is used to identify rainfall-runoff response 79 

differences under different hydrological conditions and to construct state-dependent unit hydrographs; (2) joint frequency 80 

analysis of the 96 h total rainfall depth (P96) and maximum 1 h rainfall intensity is combined with a common representative 81 

rainfall pattern and spatial-response correction to construct design rainfall hyetographs; (3) the Soil Conservation Service 82 

Curve Number (SCS-CN) runoff generation model, dynamic state-dependent routing, and a subsurface runoff model are 83 

coupled to derive conditional design flood hydrographs under lower (L) and higher (H) antecedent wetness states, with the H 84 

scenario representing relatively adverse antecedent conditions and the L scenario serving as a reference; and (4) historical 85 

flood simulation, incremental model-structure comparison, and event-level paired Bootstrap analysis are conducted to evaluate 86 

model performance and quantify the propagation of statistical uncertainty. The proposed framework provides process-based 87 

information for design flood review, flood-control safety assessment, and flood risk analysis. 88 

2 Methods 89 

2.1 Rainfall-Runoff Response Distribution Based on ERRA 90 

Catchment rainfall-runoff responses exhibit pronounced nonlinear, state-dependent, and spatially heterogeneous 91 

characteristics (Kojima and Tani, 2025). To identify these response characteristics, Ensemble Rainfall-Runoff Analysis (ERRA) 92 

is adopted. ERRA was proposed by Kirchner, with a mathematical basis in deconvolution and unmixing methods for nonlinear, 93 
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nonstationary, and spatially heterogeneous systems (Kirchner, 2024). Within this framework, the input, output, and 94 

conditioning variables are specified according to the research objectives to identify nonlinear conditional responses and multi-95 

input spatial responses. The resulting response characteristics are then used to support subsequent conditional routing 96 

representation and design flood hydrograph derivation. 97 

2.1.1 ERRA Ensemble Deconvolution and Response Estimation 98 

ERRA uses the statistical relationships between input and output time series at different lag times to identify the mean lagged 99 

runoff response to rainfall through ensemble deconvolution and to jointly estimate the response coefficients at each lag time 100 

(Kirchner, 2024). For discrete time series, the basic formulation is given by Eq. (1): 101 

𝑄𝑡 = 𝛼 +∑𝛽𝜏𝑃𝑡−𝜏

𝑚

𝜏=0

+ 𝜀𝑡 (1) 102 

where Qt is the runoff at time t; Pt−τ is the rainfall input lagged by τ time steps; m is the maximum response lag; βτ is the 103 

regression coefficient corresponding to lag τ; α is the intercept; and εt is the residual term. For a computational time step of 104 

Δt, the corresponding runoff response distribution (RRD) can be derived from the estimated regression coefficients. 105 

ERRA jointly estimates the response coefficients at different lag times using least-squares deconvolution. Residual 106 

autocorrelation correction is applied to reduce the influence of temporal correlation on the estimates, while the standard errors 107 

of the response coefficients are used to evaluate the stability of the identified responses. Unlike a conventional unit hydrograph, 108 

the integral of the RRD is not constrained a priori to unity; instead, its magnitude and temporal distribution mainly characterize 109 

the response strength and lag structure between rainfall input and runoff output. Therefore, the RRD is not directly treated as 110 

a unit hydrograph in this study. Instead, its response characteristics are extracted for the subsequent construction and refinement 111 

of the routing model. 112 

In the implementation, multiple historical flood events are standardized to an hourly time step. Sufficiently long intervals with 113 

no rainfall and no rapid runoff are inserted between concatenated events to prevent overlap of lagged responses from adjacent 114 

events. All valid time steps are then jointly incorporated into the ERRA deconvolution analysis. 115 

2.1.2 Identification of Conditional Net Rainfall-Rapid Surface Runoff Responses 116 

ERRA can identify variations in runoff responses with rainfall intensity and antecedent hydrological conditions through 117 

nonlinear deconvolution and conditional analysis (Kirchner, 2024). To focus on the rapid routing process following the 118 

generation of net rainfall, net rainfall Pe is used as the input and rapid surface runoff Qq as the output. The net rainfall is 119 

calculated from the corrected catchment-average rainfall using the Soil Conservation Service Curve Number (SCS-CN) model, 120 

whereas rapid surface runoff is separated from the observed total reservoir inflow using the Lyne-Hollick (LH) digital filtering 121 

method. 122 
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To characterize the dynamic variation in antecedent wetness during a flood event, the cumulative areal rainfall over the 123 

preceding 120 h is calculated for each valid time step t, as expressed in Eq. (2): 124 

𝐴𝑃𝐼5,𝑡 =∑𝑃𝑡−𝑗

120

𝑗=1

(2) 125 

where API5,t denotes the 5-day Antecedent Precipitation Index (API5) and excludes rainfall at the current time step. It is updated 126 

hourly throughout the event. The 5-day cumulative rainfall is adopted as the antecedent wetness indicator to maintain 127 

consistency with the conventional definition of Antecedent Moisture Condition (AMC) in the SCS-CN model, which is based 128 

on rainfall during the preceding 5 days, while allowing the antecedent wetness state to be updated dynamically at an hourly 129 

time step. Because all flood events in the study area occurred during the growing season, the SCS-CN growing-season AMC 130 

classification criterion is adopted, and the boundary of 35.56 mm between AMC I and AMC II is used as the threshold for the 131 

two-state classification (Nageswara Rao, 2020): 132 

𝑐𝑡 = {
𝐿, 𝐴𝑃𝐼5,𝑡 < 35.56

𝐻, 𝐴𝑃𝐼5,𝑡 ≥ 35.56
(3) 133 

where L and H denote the lower and higher antecedent wetness states, respectively. It should be noted that this rolling indicator 134 

is used for conditional rapid-routing response identification in ERRA and for dynamic routing-state determination in 135 

subsequent design flood simulations, but not for dynamically adjusting the runoff-generation parameters of the SCS-CN model. 136 

The curve number (CN) is determined according to the initial antecedent wetness condition at the beginning of each event and 137 

remains unchanged throughout the event. 138 

The nonlinear effect of net rainfall intensity is analyzed using a continuous piecewise approach. Different segmentation 139 

schemes are compared by considering both the number of valid samples and the characteristics of the nonlinear response 140 

function (NRF). Candidate breakpoints of 1, 5, and 10 mm/h are examined. Based on the response reliability assessment, 5 141 

mm/h is ultimately selected as the classification threshold, dividing net rainfall into lower-intensity (Pe<5 mm/h) and higher-142 

intensity (Pe≥5 mm/h) classes. Details of the classification and reliability assessment are provided in Text S1. 143 

Following the continuous piecewise nonlinear deconvolution and conditional-response framework of Kirchner (2024), the 144 

rapid runoff response under different combinations of antecedent wetness states and net rainfall intensities is expressed as Eq. 145 

(4): 146 

𝑄𝑞,𝑡 = 𝛼 +∑∑∑𝛽𝑐,𝑘,𝜏𝑃𝑒,𝑐,𝑘,𝑡−𝜏
′

𝑚

𝜏=0

𝐾

𝑘=1𝑐𝜖𝐶

+ 𝜀𝑡 (4) 147 

where C = {L, H} is the set of antecedent wetness states; K is the number of continuous net-rainfall-intensity segments; Pe,c,k,t−τ
′  148 

is the net rainfall variable corresponding to the 𝑘-th continuous segment under antecedent wetness state c, lagged by τ time 149 

steps; and βc,k,τ is the corresponding response coefficient at lag τ. The remaining symbols are defined as above. 150 

The Nonlinear Response Function (NRF) under different antecedent wetness states and net rainfall intensities is jointly 151 

constructed from the segmented response coefficients. The reliability of each conditional response is evaluated using the 152 
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number of nonzero net rainfall samples, NRF response magnitude, proportion of positive responses, and standard errors of the 153 

response coefficients. The resulting NRFs are used to characterize variations in rapid routing responses with net rainfall 154 

intensity and antecedent wetness state and provide the basis for the subsequent construction of conditional Nash unit 155 

hydrographs. 156 

2.1.3 Identification of Spatially Heterogeneous Rainfall-Runoff Responses 157 

ERRA can identify differences in the runoff responses of rainfall occurring at different spatial locations to catchment outlet 158 

runoff through multi-input deconvolution and unmixing (Kirchner, 2024). Considering the potentially strong correlations 159 

among rainfall series from different rain gauges, Thiessen polygon control areas are first used as the basic spatial units. These 160 

units are then aggregated by jointly considering inter-station rainfall correlations, principal component analysis, the spatial 161 

locations of rain gauges, and catchment surface characteristics, thereby reducing collinearity among inputs and improving the 162 

identifiability of spatial responses. Assuming that the catchment is divided into S spatial units, with the rainfall series of each 163 

unit denoted by Ps,t, the multi-input deconvolution and unmixing formulation of Kirchner (2024), with total catchment outlet 164 

runoff Qt as the response variable, can be expressed as Eq. (5): 165 

𝑄𝑡 = 𝛼 +∑∑𝛽𝑠,𝜏

𝑚

𝜏=0

𝑆

𝑠=1

(𝜏)𝑃𝑠,𝑡−𝜏 + 𝜀𝑡 (5) 166 

where Ps,t−τ  is the rainfall input from the 𝑠-th spatial unit lagged by τ time steps; βs,τ  is the response coefficient of the 167 

corresponding spatial unit at lag τ; S is the number of spatial units; and the remaining symbols are defined as above. For a 168 

computational time step of Δt, the rainfall-runoff response distribution of the 𝑠-th spatial unit can be expressed as RRDs(τ) =169 

βs,τ

Δt
. 170 

Rainfall inputs from all spatial units and their lagged terms are jointly estimated within the same regression framework, 171 

allowing the runoff responses associated with rainfall from different regions to be separated. The resulting spatial RRDs are 172 

used to compare differences among regions in response magnitude, time to peak, and response duration. The standard errors 173 

of the response coefficients are further used to evaluate the stability of the identified spatial responses, providing a basis for 174 

the subsequent spatial correction of design rainfall. 175 

2.2 Construction of Conditional Unit Hydrographs 176 

2.2.1 Construction of the Baseline Unit Hydrograph (Nash IUH) 177 

The Nash Instantaneous Unit Hydrograph (Nash IUH), proposed by Nash in 1957 based on the theory of cascaded linear 178 

reservoirs, is a classical catchment routing model. Owing to its clear physical interpretation, limited number of parameters, 179 

and computational simplicity, it has been widely applied in catchment routing simulation and design flood hydrograph 180 

derivation (Nash, 1957). According to instantaneous unit hydrograph theory, the Nash IUH can be expressed as Eq. (6): 181 
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𝑢(0, 𝑡) =
1

𝐾𝛤(𝑛)
(
𝑡

𝐾
)
𝑛−1

𝑒−
𝑡
𝐾 (6) 182 

where u(0, t) is the instantaneous unit hydrograph; n is the number of linear reservoirs; K is the storage constant of the linear 183 

reservoirs, representing the characteristic catchment routing time; and Γ(𝑛) is the Gamma function. 184 

2.2.2 Conditional-Response-Driven Unit Hydrograph Refinement 185 

To characterize differences in catchment routing responses under different antecedent wetness states and net rainfall intensities, 186 

a family of conditional unit hydrographs, UH(Ci), is constructed using the composite Nash unit hydrograph umed(τ) as the 187 

baseline and the conditional net rainfall-surface runoff response function NRFi(τ) identified by ERRA. Here, Ci denotes a 188 

condition jointly defined by antecedent wetness state and net rainfall intensity. 189 

First, NRFi(τ)  under each condition is smoothed and nondimensionalized to obtain a conditional correction factor that 190 

characterizes the relative response strength at different lag times. Because routing characteristics differ between net rainfall 191 

intensity classes, a classified refinement strategy is adopted. Under lower net rainfall intensity conditions, the scale parameter 192 

of the Nash unit hydrograph is primarily adjusted according to the centroid lag time of the conditional response function to 193 

represent delays or broadening of the routing process. Under higher net rainfall intensity conditions, the conditional correction 194 

factor is used directly to modify the shape of the composite unit hydrograph, thereby representing the more concentrated 195 

routing response associated with greater net rainfall intensity. Finally, the refined unit hydrographs are area-normalized to 196 

obtain the final conditional unit hydrographs, as expressed in Eq. (7). Detailed formulations for constructing ucorr,i(τ) under 197 

lower and higher net rainfall intensity conditions are provided in Text S1. 198 

𝑈𝐻(𝐶𝑖 , 𝜏) =
𝑢𝑐𝑜𝑟𝑟,𝑖(τ𝑗)

∑ 𝑢𝑐𝑜𝑟𝑟,𝑖(τ𝑗)∆𝜏
𝑁
𝑗=1

(7) 199 

where UH(Ci, τ) is the conditional unit hydrograph under condition Ci; ucorr,i(τ) is the unit hydrograph refined using the 200 

conditional response; τ is the lag time; Δτ is the computational time step; and N is the number of discrete lag-time intervals of 201 

the unit hydrograph. 202 

2.3 Design Rainfall Construction 203 

2.3.1 Joint Distribution Modeling of Design Rainfall Magnitude 204 

Based on the hourly areal rainfall series during the flood season in the XDY Basin, independent rainfall events are identified 205 

using 24 consecutive hours without effective rainfall as the event-separation criterion. For each event, the total rainfall depth 206 

and the maximum 1 h, 12 h, and 24 h rainfall depths are calculated. Referring to the Grades of Precipitation standard issued 207 

by the National Meteorological Center, strong rainfall events are selected when the total rainfall depth is ≥50 mm and at least 208 

one of the following criteria is satisfied: maximum 1 h rainfall ≥8 mm, maximum 12 h rainfall ≥15 mm, or maximum 24 h 209 

rainfall ≥25 mm. The selected events are then standardized to a 96 h window. Events shorter than 96 h are zero-padded at the 210 
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end, whereas for events longer than 96 h, the continuous 96 h period with the maximum cumulative rainfall is extracted. The 211 

96 h total rainfall depth P96 and maximum 1 h rainfall intensity I1 are then recalculated while preserving their event-wise 212 

pairing. 213 

Marginal distributions are fitted separately to P96 and I1, and a Copula function is used to establish their joint distribution. 214 

Based on the resulting joint distribution, the design total rainfall depth PT and maximum 1 h rainfall intensity I1,T are determined 215 

for different return periods. Details of the distribution fitting and joint frequency analysis are provided in Text S2. 216 

2.3.2 Construction of the Representative Rainfall Pattern and Design Rainfall Hyetograph 217 

After determining the design rainfall magnitude, a common representative temporal rainfall pattern is constructed based on all 218 

historical strong rainfall events. The effective rainfall duration of each event is extracted and normalized to dimensionless time 219 

x ∈ [0, 1]. The dimensionless cumulative rainfall curves are then interpolated onto a common time axis, and the median 220 

cumulative curve y(x) across all events is adopted as the common representative rainfall pattern. 221 

The design rainfall duration is uniformly set to 96 h. For a given return period T, the cumulative design rainfall process is 222 

reconstructed from the common representative rainfall pattern and the design total rainfall depth PT, as expressed in Eq. (8): 223 

𝑃𝑇(𝑡) = 𝑃𝑇 ∙  𝑦 (
𝑡

96
) (8) 224 

where PT(t)  is the cumulative design rainfall depth at time t, and y(t/96)  is the cumulative rainfall fraction at the 225 

corresponding dimensionless time. The cumulative rainfall process is differenced at an hourly time step to obtain the initial 226 

design rainfall series, which is then adjusted under the dual constraints of total rainfall depth and maximum 1 h rainfall intensity, 227 

as expressed in Eq. (9): 228 

{
 

 ∑𝑃𝑇
0(𝑡)

96

𝑡=1

= 𝑃𝑇

𝑚𝑎𝑥
𝑡
𝑃𝑇
0(𝑡) = 𝐼1,𝑇

(9) 229 

where PT
0(t)  denotes the adjusted hourly design rainfall, and I1,T  denotes the design maximum 1 h rainfall intensity 230 

corresponding to return period T. During the adjustment, the timing of the main peak and the overall temporal structure are 231 

preserved, yielding a 96 h baseline design rainfall hyetograph PT
0(t) that satisfies the constraints of the total design rainfall PT 232 

and the maximum 1 h rainfall intensity I1,T . The subsequent spatial-response adjustment only modifies the temporal 233 

distribution of rainfall without changing the above design-magnitude constraints. 234 

2.4 Spatial Correction of Design Rainfall Hyetographs Based on Spatial Heterogeneity 235 

2.4.1 Construction of the Spatial Rainfall Allocation Template 236 

According to the analysis in Section 2.1.3, rainfall occurring in different spatial subregions exhibits different responses at the 237 

catchment outlet. To characterize the dynamic variation in the spatial distribution of design rainfall, a common time-varying 238 
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spatial allocation template was constructed using all historical heavy rainfall events. For each historical event, the hourly 239 

contribution of each subregion to the catchment-average rainfall was calculated by accounting for differences in subregion 240 

area and then mapped onto a common dimensionless time axis. The hourly allocation ratios from all events were statistically 241 

summarized, and their median trajectories were adopted as the representative spatial allocation template 𝑟𝑘(𝑥), satisfying Eq. 242 

(10): 243 

∑𝑟𝑘

𝐾

𝑘=1

(𝑥) = 1 (10) 244 

where rk(x) denotes the area-weighted contribution ratio of the 𝑘-th spatial subregion to the catchment-average rainfall at 245 

dimensionless time x, and Kis the total number of spatial subregions. This template represents the time-varying distribution of 246 

rainfall among different subregions rather than a fixed event-total rainfall proportion for each subregion. Details of the 247 

calculation procedure are provided in Supplementary Text S3. 248 

2.4.2 Temporal Adjustment of Design Rainfall Based on Spatial Response-Efficiency Weights 249 

Based on the spatial rainfall allocation template, differences in the runoff responses of rainfall occurring in different subregions 250 

are further considered. Using the spatially heterogeneous rainfall-runoff response distributions Rk(τ) obtained in Section 2.1.3, 251 

the positive component of each response distribution is integrated to obtain the response-efficiency index Ek, which is then 252 

normalized to derive the response-efficiency weight βk for the 𝑘-th spatial subregion, as shown in Eq. (11): 253 

𝐸𝑘 =∑𝑅𝑘
+

𝑚

𝜏=0

(𝜏)∆𝑡, 𝛽𝑘 =
𝐸𝑘

∑ 𝐸𝑗
𝐾
𝑗=1

(11) 254 

where Ek is the spatial response-efficiency index; Rk
+(τ) is the positive component of the response distribution for the 𝑘-th 255 

spatial subregion; mis the maximum response lag; and βk is the corresponding response-efficiency weight, with ∑ βk
K
k=1 = 1. 256 

Because βk represents the relative contribution of rainfall in different subregions to runoff response at the catchment outlet, 257 

whereas catchment-average rainfall is defined with respect to the subregion area fraction ak, a dimensionless spatial-response 258 

modulation factor is introduced: 259 

𝑀(𝑡) =∑
𝛽𝑘
𝛼𝑘

𝐾

𝑘=1

𝑟𝑘(𝑡) (12) 260 

where ak is the area fraction of the 𝑘-th spatial subregion and rk(t) is its spatial rainfall contribution ratio at time t. The factor 261 

M(t)represents only the relative hydrological effectiveness of different spatial rainfall distributions at each time step and is not 262 

used as an absolute scaling factor for the design rainfall magnitude. 263 

Let PT
0(t) denote the baseline design rainfall hyetograph obtained in Section 2.3.2, with the main rainfall peak occurring at tp. 264 

Under the prescribed design-frequency constraints, M(t) is used to adjust the relative rainfall allocation during non-peak 265 

periods, yielding the spatial-response-adjusted design rainfall hyetograph defined by Eq. (13): 266 
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𝑃𝑇
∗(𝑡) = {

𝐼1,𝑇 , 𝑡 = 𝑡𝑝,

(𝑃𝑇 − 𝐼1,𝑇)
𝑃𝑇
0(𝑡)𝑀(𝑡)

∑ 𝑃𝑇
0

𝜏≠𝑡𝑝
(𝜏)𝑀(𝜏)

, 𝑡 ≠ 𝑡𝑝.
(13) 267 

where PT
∗(t) is the spatial-response-adjusted hourly design rainfall for return period T. The method redistributes rainfall among 268 

non-peak periods according to the spatial rainfall allocation and subregional response efficiencies while preserving the total 269 

design rainfall PT and the maximum 1 h rainfall intensity I1,T, such that ∑ PT
∗96

t=1
(t) = PT, PT

∗(tp) = I1,T. The resulting design 270 

rainfall hyetograph is subsequently used as the common rainfall input for runoff-generation and routing simulations. 271 

2.5 Simulation of Runoff Generation and Routing Processes 272 

2.5.1 Runoff Generation Calculation Based on the SCS-CN Model 273 

The SCS-CN model describes the transformation of rainfall into runoff based on the relationships among rainfall depth, initial 274 

abstraction, and potential maximum soil retention. Owing to its parsimonious parameterization and computational convenience, 275 

it has been widely applied to estimate surface runoff generation at the catchment scale (Ajith and Barik, 2026). The basic 276 

formulation is provided in Text S4. 277 

For a given return period, the L and H antecedent wetness states use the same spatial-response-corrected design rainfall, while 278 

differences in antecedent wetness are represented solely through different initial runoff-generation conditions. The L and H 279 

states adopt the CN values corresponding to AMC I and AMC III, respectively, and these values remain unchanged throughout 280 

the 96 h design storm event. The hourly design rainfall is accumulated and input into the SCS-CN model to calculate 281 

cumulative runoff, which is then differenced to obtain the hourly net rainfall process Pe
(s0)(t), where s0 denotes the initial 282 

antecedent wetness state. 283 

2.5.2 Dynamic Routing Calculation Using State-Dependent Unit Hydrographs 284 

After obtaining the hourly net rainfall process Pe
(s0)(t) corresponding to the initial antecedent wetness state s0, state-dependent 285 

unit hydrographs are used to calculate direct surface runoff. To remain consistent with the conditional-response identification 286 

in ERRA, the antecedent wetness state during the design storm is not fixed at its initial condition but is dynamically updated 287 

according to the hourly rolling API5,T. Following the classification criterion in Section 2.1.2, the antecedent wetness state c(t) 288 

at time tis determined using a threshold of 35.56 mm. Meanwhile, the net rainfall intensity class k(t) is determined from the 289 

hourly net rainfall intensity using a threshold of 5 mm/h. 290 

Accordingly, the net rainfall at each time step is routed using the conditional unit hydrograph corresponding to c(t) and k(t) at 291 

the time when that net rainfall occurs. The direct surface runoff process is expressed as Eq. (14): 292 

𝑄𝑞
(𝑠0)(𝑡) = ∑𝑃𝑒

(𝑠0)

𝑚

𝜏=0

(𝑡 − 𝜏)𝑢 𝑐(𝑡−𝜏), 𝑘(𝑡−𝜏)(𝜏) (14) 293 
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where Qq
(s0)(t) is the direct surface runoff at time t under the initial antecedent wetness state s0; Pe

(s0)(t − τ) is the net rainfall 294 

depth at time t − τ; c(t − τ) is the antecedent wetness state determined from the rolling API5,t−τ at that time step; k(t − τ) is 295 

the corresponding net rainfall intensity class; uc(t−τ), k(t−τ)(τ) is the conditional unit hydrograph for the corresponding state 296 

combination; τ is the lag time; and m is the maximum response duration of the unit hydrograph. 297 

2.5.3 Simulation of Subsurface Slow Flow and Total Runoff Composition 298 

To represent the slow-response process during the flood recession stage, the contribution of subsurface slow flow is further 299 

considered in addition to direct surface runoff. Parameters of the linear reservoir model are calibrated based on the Lyne-300 

Hollick (LH) baseflow separation results for representative historical flood events, and subsurface runoff is simulated using 301 

the linear reservoir method. The subsurface slow flow and direct surface runoff are then superimposed at each time step to 302 

obtain the total design flood hydrograph, as expressed in Eq. (15): 303 

𝑄(𝑠0)(𝑡) = 𝑄𝑞
(𝑠0)(𝑡) + 𝑄𝑏

(𝑠0)(𝑡) (15) 304 

where Q(s0)(t) is the total runoff at time tunder the initial antecedent wetness state s0; Qq
(s0)(t) is the direct surface runoff; and 305 

Qb
(s0)(t) is the subsurface slow flow. Details of parameter calibration and recursive computation for the subsurface slow-flow 306 

component are provided in Text S5. 307 

2.6 Derivation of Conditional Design Flood Hydrographs 308 

The conditional design flood hydrograph derivation framework developed in this study consists of four main components: 309 

rainfall-runoff response identification, construction of conditional unit hydrographs, construction of spatially corrected design 310 

rainfall, and coupled simulation of runoff generation and routing processes, as illustrated in Fig. 1. 311 
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 312 

Figure 1: Framework for Conditional Design Flood Hydrograph Derivation 313 
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2.7 Antecedent Wetness Sensitivity and Design Flood Uncertainty Analysis 314 

2.7.1 Antecedent Wetness Sensitivity Analysis 315 

To quantitatively evaluate the effects of antecedent wetness on conditional design flood hydrographs, the design flood 316 

hydrographs corresponding to the lower (L) and higher (H) antecedent wetness states are compared in pairs under the same 317 

return period and identical design rainfall input. The relative increase in peak discharge, advance in time to peak, and relative 318 

increase in flood volume are used as the primary sensitivity metrics, as expressed in Eq. (16): 319 

{
 
 

 
 Δ𝑄𝑝 =

𝑄𝑝,𝐻 − 𝑄𝑝,𝐿

𝑄𝑝,𝐿
× 100%

Δ𝑇𝑝 = 𝑇𝑝,𝐿 − 𝑇𝑝,𝐻

Δ𝑉 =
𝑉𝐻 − 𝑉𝐿
𝑉𝐿

× 100%

(16) 320 

where Qp,L and Qp,H are the peak discharges under the L and H states, respectively; Tp,L and Tp,H are the corresponding times 321 

to peak; and VL and VH are the corresponding flood volumes. A positive ΔTp indicates that the flood peak under the H state 322 

occurs earlier than that under the L state. By comparing these metrics across different return periods, the effects of antecedent 323 

wetness on peak discharge, flood volume, and response timing are evaluated. Because the L and H states use the same design 324 

rainfall input, their differences primarily reflect the effects of antecedent wetness conditions and the associated runoff 325 

generation and routing responses. 326 

2.7.2 Uncertainty Interval Analysis of Design Flood Hydrographs 327 

Bootstrap is a statistical method that constructs empirical ensembles through repeated resampling from a finite sample (Zahran 328 

et al., 2022). In this study, an event-level Bootstrap approach is adopted to quantify the propagation of uncertainty associated 329 

with historical strong-rainfall samples and joint frequency estimation into the derived design flood hydrographs, and to assess 330 

the robustness of antecedent wetness sensitivity results. Complete historical strong-rainfall events are treated as the resampling 331 

units, and B=1000 resamples with replacement are generated while preserving the within-event pairing between P96 and I1. 332 

For each Bootstrap sample, the marginal distributions and Copula parameters are re-estimated, and the resulting uncertainty is 333 

propagated through design rainfall construction and runoff generation and routing calculations to obtain an ensemble of design 334 

flood hydrographs for each return period. Within each resampling realization, the L and H states use the same design rainfall 335 

sample to ensure paired comparability. 336 

The 5th, 50th, and 95th percentiles are calculated for hourly discharge, peak discharge, time to peak, and flood volume. The 337 

percentile distributions of the paired L/H peak-discharge ratio, advance in time to peak, and relative increase in flood volume 338 

are also calculated to characterize statistical uncertainty and the sample robustness of the sensitivity results. Finally, the L and 339 

H antecedent wetness sensitivity scenarios are jointly presented with the Bootstrap 5th-95th percentile ranges within each state, 340 

thereby distinguishing scenario sensitivity from statistical uncertainty and providing more complete process-based information 341 

for design flood review and flood risk analysis. 342 
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3. Study Area and Data Sources 343 

The Daqing River is one of the major river systems in the Haihe River Basin. It originates on the eastern foothills of the 344 

Taihang Mountains and consists of northern and southern branches upstream of Dongdian, where six large mountainous 345 

reservoirs are distributed. In this study, the catchment controlled by the XDY Reservoir, located in the upper reaches of the 346 

Tang River on the southern branch of the Daqing River system, is selected as the study area (Fig. 2). The XDY Reservoir 347 

controls a catchment area of 4,420 km² and has a total storage capacity of 1.258×109 m³, including a flood-regulation storage 348 

capacity of 8.79×108 m³ and a flood-control storage capacity of 3.13×108 m³. It is a large (Class I) multipurpose reservoir 349 

primarily designed for flood control, while also serving water supply, irrigation, and hydropower generation. Both its 350 

controlled catchment area and total storage capacity are relatively large within the region. 351 

As shown in Fig. 2, the catchment controlled by the XDY Reservoir is characterized by substantial topographic relief, complex 352 

land-surface conditions, long routing pathways, and pronounced spatial variability, resulting in heterogeneous spatial rainfall 353 

distribution. Meanwhile, catchment wetness varies dynamically with antecedent rainfall and water-storage conditions, causing 354 

flood responses to exhibit pronounced nonlinear and nonstationary characteristics. Therefore, conventional design flood 355 

methods based on a fixed response structure may not adequately represent the spatiotemporal variability of rainfall-runoff 356 

relationships in this catchment. 357 

 358 

Figure 2: Schematic Map of the XDY Basin and Distribution of Hydrological Stations 359 

Note: Basemap credit: USA Topo Maps (Esri); copyright © 2021 National Geographic Society, i-cubed. 360 
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The data used in this study primarily comprise two categories: hydrometeorological data and basic geospatial data. The 361 

hydrometeorological data include the catastrophic “63.8” flood event of 1963, hourly rainfall records from five rainfall and 362 

hydrological stations in the XDY Basin during the flood seasons (June-September) from 1974 to 2025, and the corresponding 363 

hourly inflow discharge records of the XDY Reservoir. A total of 27 flood events and 96 strong rainfall events were extracted. 364 

The basic geospatial data include the Digital Elevation Model (DEM), land-use, and soil-texture data. The DEM data were 365 

obtained from the publicly available ASTER Global Digital Elevation Model V003 dataset at a spatial resolution of 30 m 366 

(Abrams et al., 2020). Land-use data were obtained from the ESRI Global 10 m Land Use/Land Cover dataset (ESRI10) (Karra 367 

et al., 2021), and soil-texture data were obtained from the SoilGrids 2.0 global soil information dataset at a spatial resolution 368 

of 250 m (Poggio et al., 2021). 369 

4. Results 370 

4.1 Identification of Conditional Response Structures Based on ERRA 371 

4.1.1 Identification of Nonlinear and Nonstationary Net Rainfall-Surface Runoff Responses 372 

Based on the hourly net rainfall and rapid surface runoff series from historical flood events, ERRA is used to identify 373 

differences in runoff responses under different antecedent wetness states and net rainfall intensities. Antecedent wetness is 374 

characterized by the hourly rolling API5,t and classified into lower (L) and higher (H) states using the 35.56 mm boundary 375 

between AMC I and AMC II under the SCS-CN growing-season criterion. Candidate breakpoints of 1, 5, and 10 mm/h are 376 

first examined to assess response reliability. The results show that the NRF response is generally weak and less identifiable 377 

when Pe < 5mm/h, whereas both response magnitude and stability improve markedly when Pe ≥ 5mm/h. Therefore, 5 mm/h 378 

is adopted as the final threshold for net rainfall intensity, dividing the net rainfall process into lower-intensity (Pe < 5mm/h) 379 

and higher-intensity (Pe ≥ 5mm/h) classes. Combined with the two antecedent wetness states, four hydrological conditions 380 

are defined. The corresponding NRFs are shown in Fig. 3, while the segmentation diagnostics and reliability assessment are 381 

provided in Tables S1-S2. 382 

Based on this classification, the net rainfall-rapid surface runoff responses under the four conditions are identified, as shown 383 

in Fig. 3. The NRF curves differ markedly among the conditions. Overall, higher net rainfall intensity produces a greater 384 

response magnitude and a more concentrated response, while under the same net rainfall intensity, the response under the H 385 

state is generally stronger than that under the L state. These results indicate that rapid routing responses following net rainfall 386 

generation in the XDY Basin are jointly regulated by net rainfall intensity and dynamically varying antecedent wetness, 387 

exhibiting pronounced nonlinear and nonstationary characteristics. 388 
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 389 
Figure 3: Net Rainfall-Surface Runoff Response Curves under Different Hydrological Conditions 390 

4.1.2 Identification of Spatially Heterogeneous Rainfall-Runoff Responses 391 

Building on the nonlinear and nonstationary net rainfall-surface runoff responses identified in Section 4.1.1, the effects of 392 

uneven spatial rainfall distribution on runoff responses are further examined. Based on 27 rainfall events recorded by five rain 393 

gauges and the corresponding reservoir inflow data, the multi-station rainfall series are introduced as input variables into the 394 

rainfall-runoff response analysis framework to identify differences in the contributions of rainfall from different regions to the 395 

outlet runoff process. 396 

As shown in Fig. 4, the area surrounding the ZZP station is located in the upper part of the catchment, with relatively high 397 

elevation, longer routing pathways, predominantly loamy soils, and a mixed land-use pattern consisting mainly of grassland, 398 

cropland, and woodland. In contrast, the remaining stations are mostly located in the middle and lower reaches of the catchment, 399 

where the terrain is relatively lower and closer to the reservoir inlet, the soils are mainly clay loam, and woodland is the 400 

dominant land-use type. Considering the differences in rainfall-runoff responses together with catchment topography, soil 401 

properties, and land-use characteristics, the SB station is used as the boundary to divide the catchment into two spatial 402 

subregions: the area upstream of SB is defined as Space 1, whereas the area at and downstream of SB is defined as Space 2, 403 

as shown in Fig. 4(d). 404 
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    405 

(a) Elevation Distribution                               (b) Soil Texture Types  406 

    407 

(c) Land-Use Types                           (d) Spatial Heterogeneity Zoning 408 

Figure 4: Catchment Surface Characteristics of the XDY Basin 409 

On this basis, the rainfall processes of the two spatial subregions are calculated separately and used as inputs to the rainfall-410 

runoff regression equation to establish rainfall-runoff response relationships that account for spatial heterogeneity. As shown 411 

in Fig. 5 and Table 1, the response distributions of Space 1 and Space 2 differ markedly. Space 1 exhibits a greater maximum 412 

response magnitude and a more concentrated overall response, with shorter T50, T90, and T95. In contrast, Space 2 reaches its 413 

response peak earlier but shows a weaker response magnitude and a substantially longer recession tail. These differences 414 

indicate pronounced spatial heterogeneity in rainfall-runoff response within the catchment. The spatial response efficiency 415 

weights are further calculated using the method described in Section 2.4.2, yielding values of 0.64 and 0.36 for Space 1 and 416 

Space 2, respectively. These weights represent the relative contributions of rainfall from different spatial subregions to outlet 417 

runoff responses and are subsequently used for the spatial correction of design rainfall hyetographs. 418 
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 419 

Figure 5: Rainfall-Runoff Response Distributions of Space 1 and Space 2 420 

Table 1: Characteristic Metrics of Spatially Heterogeneous Rainfall-Runoff Response Distributions 421 

Metric Space 1 Space 2 

Maximum response intensity (RRDmax, h
-1) 0.0084 0.0050 

Time to peak (TP, h) 13 5 

50% response time (T50, h) 19 24 

90% response time (T90, h) 47 102 

95% response time (T95, h) 82 110 

4.2 Construction of Conditional Unit Hydrographs and Simulation of Surface Runoff Generation and Routing 422 

4.2.1 Runoff Generation Calculation Based on the SCS-CN Model 423 

The SCS-CN model is used for runoff generation calculation, with the initial abstraction coefficient λ set to 0.15. The spatially 424 

corrected catchment-average rainfall is used as input, and the 5-day cumulative rainfall prior to the onset of each event, API5,0, 425 

is used to characterize the initial antecedent wetness condition. Because all flood events in the study area occurred during the 426 

growing season, the SCS-CN antecedent moisture condition classification criteria are adopted. Specifically, API5,0 <35.56 427 

mm, 35.56≤ API5,0 ≤53.34 mm, and API5,0 >53.34 mm are classified as AMC I, AMC II, and AMC III, respectively, and the 428 

corresponding CN values are used for runoff generation calculation. The CN values for different land-use types and the 429 

composite catchment-average CN values are listed in Table 2. 430 

Here, API5,0 is used only to determine the initial antecedent wetness condition of each event and its corresponding CN value, 431 

whereas the rolling API5,t described in Section 2.1.2 is updated hourly throughout the flood event and used for identifying 432 

conditional rapid-routing responses. Therefore, the CN value remains unchanged during an individual flood event and is not 433 

dynamically adjusted according to API5,t . The resulting net rainfall process Pe , calculated using the SCS-CN model, is 434 

subsequently used as input to the conditional Nash unit hydrograph routing calculation. 435 
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Table 2: CN Values under Different Antecedent Moisture Conditions in the XDY Basin 436 

Land-use type Area (km²) Weight CNAMC II CNAMC I CNAMC III 

Woodland 2385.96 53.98% 60 40 80 

Cropland 1124.88 25.45% 65 45 85 

Grassland 834.54 18.88% 53 32 75 

Building area 65.70 1.49% 69 51 86 

Water bodies and water conservancy facilities 8.92 0.20% 100 100 100 

Average — — 60.16 39.99 80.41 

Note: All flood events analyzed in this study occurred during the flood season (June-September), corresponding to the growing season in 437 
the SCS-CN model. CNAMC I, CNAMC II, and CNAMC III denote the curve numbers under dry, normal, and wet antecedent moisture conditions, 438 
respectively. 439 

4.2.2 Parameter Calibration of the Nash Instantaneous Unit Hydrograph Model 440 

The Nash Instantaneous Unit Hydrograph (Nash IUH) model is adopted to represent the rapid routing process of the catchment. 441 

Because the observed total discharge contains a baseflow component, whereas the unit hydrograph is primarily used to 442 

characterize the surface runoff response, baseflow separation is performed prior to unit hydrograph calibration using the Lyne-443 

Hollick (LH) method described in Section 2.5.3, and the surface runoff component Qq is extracted. The separation results show 444 

that the net rainfall volume is generally consistent with the rapid runoff volume at the event scale, while baseflow accounts for 445 

a certain proportion of the total runoff, indicating that unit hydrograph calibration based on baseflow separation is reasonable. 446 

For the 27 representative flood events, the Nash unit hydrograph shape parameter n and scale parameter K are calibrated 447 

separately. To obtain stable representative catchment parameters, the median values of the parameter sets {ni, Ki} are adopted, 448 

and the maximum lag time is set to tmax =108 h to construct the composite Nash unit hydrograph. The resulting representative 449 

parameters are nmed =1.3 and Kmed =20, corresponding to a time to peak of approximately 6 h, as shown in Fig. 6. 450 

4.2.3 Construction of State-Dependent Unit Hydrographs Based on Nonlinear and Nonstationary Responses 451 

As indicated by the ERRA results in Section 4.1.1, the net rainfall-surface runoff response varies markedly with antecedent 452 

wetness state and net rainfall intensity. Therefore, following the method described in Section 2.2.2, state-dependent unit 453 

hydrographs are constructed for the four combinations of the L and H antecedent wetness states and lower and higher net 454 

rainfall intensity classes. 455 

As shown in Fig. 6, with increasing antecedent wetness and net rainfall intensity, the unit hydrograph peak gradually increases, 456 

the time to peak advances, and the runoff response becomes more concentrated. The strongest response occurs under the H-457 

higher net rainfall intensity condition, followed by the L-higher net rainfall intensity and H-lower net rainfall intensity 458 

conditions, whereas the L-lower net rainfall intensity condition exhibits the weakest and most delayed response. These results 459 

indicate that the state-dependent unit hydrographs can effectively characterize nonlinear and nonstationary routing responses 460 

under different hydrological conditions, providing a basis for the subsequent derivation of conditional design flood 461 

hydrographs. 462 
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 463 

Figure 6: State-Dependent Unit Hydrographs under Different Hydrological Conditions 464 

4.3 Derivation of Design Rainfall Hyetographs 465 

4.3.1 Determination of Design Rainfall Magnitudes for Different Return Periods 466 

Following the method described in Section 2.3.1, a total of 96 historical strong rainfall events are selected. The 96 h total 467 

rainfall depth P96 and maximum 1 h rainfall intensity I1 within the standardized 96 h event window are extracted as the design 468 

variables. The Lognormal, Gamma, Weibull, Exponential, Log-logistic, and three-parameter lognormal (LN3) distributions are 469 

selected as candidate marginal distributions and comprehensively evaluated using the Kolmogorov-Smirnov (K-S) test, 470 

Anderson-Darling (A-D) test, Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). The results are 471 

shown in Fig. S1 and Table S3. The LN3 distribution is selected for P96, with parameters ξ =37.52, μln =3.43, and σln =0.73, 472 

whereas the Lognormal distribution is selected for I1, with parameters μln =2.39 and σln =0.42. 473 

The joint distribution of P96 and I1 is further fitted using the Frank, Gumbel-Hougaard, and Clayton Copulas. As shown in Fig. 474 

S2 and Table S4, the Frank Copula provides the best overall fit, with a parameter of θ =3.20, and is therefore selected to 475 

characterize the dependence between the two variables. Based on the joint frequency analysis, the design total rainfall depth 476 

PT and maximum 1 h rainfall intensity I1,T corresponding to different return periods are determined, as summarized in Table 477 

3. 478 

Table 3: Design 96 h Total Rainfall Depth 𝐏𝟗𝟔 and Maximum 1 h Rainfall Intensity 𝐈𝟏 for Different Return Periods 479 

Return period (a) P (mm) I1 (mm/h) 

20 302.82 20.28 

100 455.36 29.10 

200 526.47 35.97 

500 622.72 39.56 

2,000 777.87 43.94 

10,000 966.43 48.71 
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4.3.2 Construction of Conditional Design Rainfall Hyetographs 480 

The statistical characteristics of the dimensionless cumulative rainfall patterns derived from the 96 historical strong rainfall 481 

events are shown in Fig. S3. Their overall temporal structures are relatively consistent, providing the basis for determining a 482 

common representative temporal rainfall pattern. Based on the design total rainfall depth PT and maximum 1 h rainfall intensity 483 

I1,T for different return periods listed in Table 3, the corresponding 96 h design rainfall hyetographs are constructed, as shown 484 

in Fig. 7. 485 

As shown in Fig. 7, both the design total rainfall depth and peak rainfall intensity increase with increasing return period, 486 

whereas the main peak position, principal rainfall concentration period, and overall temporal structure remain nearly 487 

unchanged. This indicates that differences among design rainfall hyetographs for different return periods are primarily reflected 488 

in rainfall magnitude. For a given return period, the L and H antecedent wetness states use exactly the same design rainfall 489 

input, ensuring that subsequent differences in flood responses primarily reflect the effects of antecedent wetness and the 490 

associated runoff generation and routing conditions. 491 

 492 

Figure 7: Common Design Rainfall Hyetographs for Different Return Periods 493 

4.3.3 Adjustment of the Design Rainfall Hyetograph Based on Spatially Heterogeneous Rainfall-Runoff Responses 494 

As shown in Section 4.1.2, clear differences exist between the rainfall-runoff responses of Space 1 and Space 2. A common 495 

time-varying spatial rainfall allocation template was constructed using all historical heavy rainfall events (Fig. S4). The results 496 

show that the relative contribution of Space 2 is higher during the early stage of rainfall, whereas the contribution of Space 1 497 

gradually increases and eventually exceeds that of Space 2 during the later stage, indicating pronounced time-varying spatial 498 

allocation characteristics within the design rainfall process. 499 

Further incorporating the spatial differences in rainfall-runoff response, the response-efficiency weights of Space 1 and Space 500 

2 were determined as 0.64 and 0.36, respectively. After accounting for the area fractions of the two subregions, a spatial-501 
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response modulation factor was constructed and used to adjust the temporal distribution of the baseline design rainfall while 502 

preserving the total design rainfall PT and the maximum 1 h rainfall intensity I1,T for the corresponding return period. As shown 503 

in Fig. 8, taking the 10,000-year design rainfall as an example, the main peak timing and overall temporal structure remain 504 

nearly unchanged before and after the spatial-response adjustment. The differences are mainly reflected in the redistribution 505 

of rainfall during non-peak periods, indicating the combined effects of spatial rainfall allocation and subregional response 506 

efficiency on the temporal pattern of design rainfall. The adjusted design rainfall hyetograph was subsequently used as the 507 

common rainfall input for the conditional design flood simulations. 508 

 509 

Figure 8: Comparison of Design Rainfall Hyetographs Before and After Spatial-Response Adjustment (T=10,000 a) 510 

4.4 Derivation of Conditional Design Flood Hydrographs 511 

4.4.1 Surface-Subsurface Runoff Composition and Analysis of Typical Hydrographs 512 

Under the same design rainfall input, the surface runoff, subsurface runoff, and total runoff hydrographs under the L and H 513 

antecedent wetness states are compared. Surface runoff is generated using the SCS-CN model and routed using state-dependent 514 

unit hydrographs, with the routing state dynamically determined according to the rolling API5,t and hourly net rainfall intensity. 515 

Subsurface runoff is simulated using a linear reservoir model. Based on the Lyne-Hollick (LH) baseflow separation results 516 

from representative historical flood events, the subsurface recharge coefficient and subsurface runoff memory coefficient are 517 

calibrated as cg =0.15 and kb =0.975, respectively. The simulated subsurface runoff is then superimposed on the surface 518 

runoff to obtain the total runoff hydrograph.  519 

https://doi.org/10.5194/egusphere-2026-5897
Preprint. Discussion started: 19 October 2026
c© Author(s) 2026. CC BY 4.0 License.



23 

 

 520 

(a) Lower Antecedent Wetness State (L)              (b) Higher Antecedent Wetness State (H) 521 

Figure 9: Comparison of Runoff Components in Typical Design Flood Hydrographs under Different Antecedent Wetness States 522 

(T=10,000 a) 523 

Taking the 10,000-year return period as an example, the runoff components and total flood hydrographs are shown in Fig. 9. 524 

Under both antecedent wetness states, the flood hydrographs are dominated by surface runoff, whereas subsurface runoff varies 525 

more gradually and mainly contributes to the recession stage. Under the L state, the total runoff peak is approximately 2.06×104 526 

m³/s and occurs at about 75 h, with a relatively smooth hydrograph. Under the H state, the peak discharge increases to 527 

approximately 3.18×104 m³/s and occurs earlier, at about 56 h, resulting in a more concentrated flood peak. These results 528 

indicate that, under the same design rainfall conditions, a higher antecedent wetness state enhances both runoff generation and 529 

rapid routing responses, leading to a markedly larger and earlier flood peak. 530 

4.4.2 Characteristics of Conditional Design Flood Hydrographs under Different Antecedent Wetness States 531 

The conditional design flood hydrographs under the L and H antecedent wetness states for different return periods are shown 532 

in Fig. 10, and the corresponding characteristic metrics are summarized in Table 4. As the return period increases, both peak 533 

discharge and flood volume increase continuously under the two states, while the time to peak generally occurs earlier. 534 

Meanwhile, the hydrograph shapes differ markedly between the two states: the L-state hydrographs are relatively smoother 535 

and broader, whereas the H-state hydrographs exhibit higher peaks, more concentrated responses, and earlier times to peak. 536 

As shown in Table 4, under the L state, peak discharge increases from 3247.6 m³ s⁻¹ for the 20-year return period to 20,604.0 537 

m³ s⁻¹ for the 10,000-year return period, while flood volume increases from 6.570×10⁸ to 32.516×10⁸ m³. Under the H state, 538 

peak discharge increases from 5917.4 to 31,815.0 m³ s⁻¹, and flood volume increases from 10.504×10⁸ to 41.180×10⁸ m³. For 539 

the same return period, the H state generally exhibits a larger peak discharge and flood volume, together with an earlier time 540 

to peak, indicating that antecedent wetness can markedly influence both the magnitude and shape of design flood hydrographs. 541 
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 542 

(a) Lower Antecedent Wetness State (L)         (b) Higher Antecedent Wetness State (H) 543 

Figure 10: Conditional Design Flood Hydrographs for Different Return Periods under Different Antecedent Wetness States 544 

Table 4: Characteristic Metrics of Conditional Design Flood Hydrographs under Different Antecedent Wetness States 545 

Antecedent wetness state Return period (a) Peak discharge (m³/s) Time to peak (h) Flood volume (10⁸ m³) 

Lower antecedent wetness 

state (L) 

20 3247.6 86 6.570 

100 6305.4 84 11.954 

200 8714.2 83 14.661 

500 12,254.3 82 18.423 

2,000 16,084.7 78 24.687 

10,000 20,604.0 75 32.516 

Higher antecedent 

wetness state (H) 

20 5917.4 59 10.504 

100 12,612.2 58 18.511 

200 15,291.3 57 21.616 

500 18,922.1 57 25.907 

2,000 24,969.9 57 32.786 

10,000 31,815.0 56 41.180 

Note: All design flood hydrographs were standardized to a unified duration of 200 h. 546 

4.5 Sensitivity and Uncertainty Analysis of Conditional Design Flood Hydrographs 547 

4.5.1 Antecedent Wetness Sensitivity Analysis 548 

Under identical design rainfall conditions, antecedent wetness has a pronounced influence on design flood responses. As shown 549 

in Table 5, the higher antecedent wetness state (H) produces larger peak discharges and flood volumes and earlier flood peaks 550 

across all return periods. Compared with the lower antecedent wetness state (L), the H scenario increases peak discharge by 551 

54.4%-100.0%, advances the time to peak by 19-27 h, and increases flood volume by 26.6%-59.9%. In addition, the peak 552 

width is smaller under the H scenario than under the L scenario, indicating a faster and more concentrated flood response under 553 

higher antecedent wetness conditions. 554 

As the return period increases, the relative effects of antecedent wetness on flood volume and peak timing generally decrease. 555 

The increase in flood volume declines from 59.9% for the 20-year return period to 26.6% for the 10,000-year return period, 556 

while the advance in time to peak decreases from 27 h to 19 h. By contrast, although peak-discharge sensitivity varies 557 
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nonlinearly with return period, the increase remains approximately 54%-55% over the 500-10,000-year range. These results 558 

indicate that, as design rainfall magnitude increases, rainfall itself increasingly dominates the overall flood volume and 559 

response timing, whereas antecedent wetness continues to exert a strong influence on extreme peak discharge. 560 

Table 5: Sensitivity of Conditional Design Flood Hydrographs to Antecedent Wetness State for Different Return Periods 561 

Return period (a) Increase in peak discharge (%) Advance in time to peak (h) Increase in flood volume (%) 

20 82.2 27 59.9 

100 100.0 26 54.9 

200 75.5 26 47.4 

500 54.4 25 40.6 

2,000 55.2 21 32.8 

10,000 54.4 19 26.6 

4.5.2 Uncertainty Analysis of Design Flood Hydrographs 562 

Based on 1,000 event-level paired Bootstrap samples, ensembles of design flood hydrographs are obtained for the L and H 563 

antecedent wetness states at different return periods. The time-varying 5th, 50th, and 95th percentile hydrographs are shown 564 

in Fig. 11, while the percentile statistics of peak discharge, time to peak, and flood volume for each state are provided in Table 565 

S5. The L and H scenarios represent antecedent wetness sensitivity scenarios rather than the lower and upper bounds of 566 

uncertainty. Overall, uncertainty is concentrated mainly along the rising limb and around the main flood peak. The 5th-95th 567 

percentile ranges of peak discharge and flood volume generally widen with increasing return period, indicating that uncertainty 568 

arising from historical-event sampling and statistical estimation of design rainfall can propagate into the derived design flood 569 

hydrographs. 570 

The paired L/H results obtained from the same Bootstrap samples are summarized in Table S6. Across the different return 571 

periods, the median H/L peak-discharge ratio ranges from 1.54 to 1.95, with the 5th percentile consistently greater than 1. The 572 

median advance in time to peak under the H state relative to the L state ranges from 19 to 26 h. The median increase in flood 573 

volume decreases from 59.9% for the 20-year return period to 26.6% for the 10,000-year return period, with the 5th percentile 574 

remaining greater than 0. These results indicate that the effects of antecedent wetness on peak discharge, peak timing, and 575 

flood volume are robust to event-sample variability. The L/H comparison represents sensitivity to antecedent wetness state, 576 

whereas the 5th-95th percentile range within each state represents statistical uncertainty. These percentiles are empirical 577 

percentiles of the Bootstrap ensemble under the specified model structure and parameter settings and should not be interpreted 578 

as statistical confidence intervals. 579 
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 580 

Figure 11: Bootstrap Uncertainty Ranges of Design Flood Hydrographs under Different Return Periods and Antecedent Wetness 581 

States 582 

5. Discussion 583 

5.1 Comparison between Conditional Design Flood Hydrographs and the Conventional Single Design Flood 584 

Hydrograph 585 

According to the flood-control planning of the XDY Reservoir, the current design flood standard corresponds to a 500-year 586 

return period, while the check flood standard corresponds to a 10,000-year return period. The corresponding standard design 587 

flood hydrographs are shown in Fig. 12. As indicated by Fig. 12 and Table 6, the conditional design flood hydrographs under 588 

different antecedent wetness states differ markedly from the existing standard hydrographs. 589 

For both the 500-year and 10,000-year return periods, the peak discharge under the L state is lower than that of the existing 590 

standard hydrograph, and the time to peak occurs later. In contrast, the peak discharge under the H state is slightly higher than 591 

the existing standard, the time to peak occurs earlier, and the flood volume is larger. These results indicate that, under the same 592 

design rainfall conditions, the lower antecedent wetness state is associated with weaker runoff generation and routing responses, 593 

whereas the higher antecedent wetness state enhances runoff generation and rapid routing, resulting in a more adverse 594 

combination of peak discharge and flood volume. 595 

Overall, the existing standard hydrograph represents a single engineering design scenario, whereas the conditional design flood 596 

framework further characterizes differences in peak discharge, flood volume, time to peak, and hydrograph shape under 597 

different antecedent wetness states. It therefore provides richer process-based information for design flood review and flood 598 

risk scenario analysis. 599 
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 600 

(a) T = 500 a                                                         (b) T = 10,000 a 601 

Figure 12: Comparison of Conditional Design Flood Hydrographs with the Existing Standard Hydrographs for Representative 602 

Return Periods 603 

Table 6: Comparison of Characteristic Metrics between Conditional Design Flood Hydrographs and Existing Design Standards 604 

for Representative Return Periods 605 

Return period (a) Scenario Peak discharge (m³/s) Time to peak (h) Flood volume (10⁸ m³) 

500 

Existing standard 18021 69 19.25 

L state 12254 82 18.42 

H state 18922 57 25.91 

10000 

Existing standard 30300 69 32.37 

L state 20604 75 32.52 

H state 31815 56 41.18 

5.2 Model Applicability and Structural Validation 606 

5.2.1 Validation Using Historical Extreme Flood Simulations 607 

To evaluate the applicability of the developed runoff generation and routing model to historical extreme floods, two major 608 

flood events, 19630801 and 20230728, are selected for simulation. The model adopts the spatial response relationships, 609 

conditional unit hydrographs, and runoff generation and routing parameters determined uniformly in the preceding analyses. 610 

No event-specific recalibration or parameter adjustment is performed during validation, thereby avoiding the influence of 611 

event-specific tuning on model evaluation. The spatial-heterogeneity-corrected catchment-average rainfall is used as input, 612 

and the simulated and observed flood hydrographs are compared in Fig. 13. 613 

Model performance is evaluated using the relative peak discharge error ΔPc, time-to-peak error ΔTc, relative flood volume 614 

error ΔRc, and Nash-Sutcliffe efficiency (NSE). As shown in Table 7, the NSE values for the two flood events are 0.80 and 615 

0.85, respectively, while the time-to-peak error is 0 h for both events. The relative peak discharge errors are 1.24% and 8.83%, 616 

and the relative flood volume errors are 26.89% and 14.62%, respectively. These results indicate that, under a unified parameter 617 

setting, the model can reasonably reproduce the flood peaks, times to peak, and overall hydrograph variations of the two 618 
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historical extreme flood events, providing event-scale evidence of model applicability for the subsequent derivation of 619 

conditional design flood hydrographs. 620 

  621 

(a) 19630801                                                                            (b) 20230728 622 

Figure 13: Rainfall-Runoff Simulations of Historical Extreme Flood Events Using the Coupled Model 623 

Table 7: Performance Evaluation Metrics for Historical Extreme Flood Simulations 624 

Flood event NSE Flood volume error (ΔRc) (%) Peak discharge error (ΔPc) (%) Time-to-peak error (ΔTc) (h) 

19630801 0.80 26.89 1.24 0 

20230728 0.85 14.62 8.83 0 

5.2.2 Incremental Comparison of Model Structures 625 

To quantitatively evaluate the incremental contribution of each methodological component to flood simulation performance, 626 

five historical flood events representing different antecedent wetness states and rainfall intensity levels are selected, and four 627 

runoff generation and routing schemes, M0-M3, are established. M0 uses Thiessen-weighted areal rainfall and the Nash unit 628 

hydrograph. M1 introduces spatial-response-corrected rainfall. M2 further incorporates an RRD-based unit hydrograph 629 

refinement, while M3 additionally introduces nonlinear state-dependent unit hydrographs. Model performance is evaluated 630 

using NSE, ∣ ΔPc ∣, ∣ ΔRc ∣, and ∣ ΔTc ∣. All schemes use a unified parameter setting, and the results are shown in Fig. 14. 631 

Comparison between M0 and M1 shows that the spatially heterogeneous rainfall correction increases NSE by 0.05-0.08 across 632 

the five events and reduces flood volume errors in all cases, with the largest error decreasing from 22.22% to 8.13%. After 633 

further introducing the RRD-based unit hydrograph refinement, M2 generally achieves additional improvements in peak 634 

discharge, flood volume, and time-to-peak errors. Compared with M2, M3 further reduces peak discharge and flood volume 635 

errors for all events, while the time-to-peak error is further improved by 1-2 h for three events. 636 

Overall, from M0 to M3, the mean NSE across the five events increases from 0.744 to 0.874, the mean absolute peak discharge 637 

error decreases from 13.67% to 6.80%, the mean absolute flood volume error decreases from 18.31% to 6.45%, and the mean 638 

absolute time-to-peak error decreases from 3.8 h to 1.4 h. These results indicate that both spatially heterogeneous rainfall 639 

correction and state-dependent routing improve the simulation of key flood characteristics, including peak discharge, flood 640 

volume, and time to peak, with the complete M3 model showing the best overall simulation performance. 641 
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      642 

(a) Nash-Sutcliffe Efficiency (NSE)       (b) Relative Peak Discharge Error (𝚫𝐏𝐜) 643 

      644 

(c) Relative Flood Volume Error (𝚫𝐑𝐜)              (d) Time-to-Peak Error (𝚫𝐓𝐜) 645 

 646 

Figure 14: Comparison of Historical Flood Simulation Performance among the M0-M3 Incremental Model Structures 647 

5.3 Limitations and Future Research 648 

Although the conditional design flood hydrograph derivation method developed in this study can represent differences in flood 649 

responses under varying antecedent wetness states and catchment response conditions, several limitations remain and warrant 650 

further investigation. 651 

First, the classification of antecedent wetness states is still relatively simplified. In actual catchments, wetness varies 652 

continuously and is influenced by multiple factors, including antecedent rainfall, soil moisture, groundwater level, and 653 

catchment storage conditions. In this study, antecedent wetness is generalized into lower and higher states, which facilitates 654 

engineering application and interpretation but cannot fully characterize differences in runoff generation and routing under 655 
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intermediate wetness conditions. Future studies could incorporate soil moisture, antecedent precipitation indices, groundwater 656 

levels, and related information to develop continuous or multi-level indicators of antecedent wetness. 657 

Second, this study mainly uses event-level Bootstrap analysis to characterize the propagation of uncertainty associated with 658 

historical strong-rainfall samples and joint frequency estimation. Future work could further incorporate parameter uncertainty 659 

and model structural uncertainty to provide a more comprehensive assessment of uncertainty in design flood hydrographs. 660 

In addition, the proposed framework is validated only in the XDY Basin, and its applicability under different climatic, 661 

topographic, and land-surface conditions remains to be further examined. Comparative applications across different types of 662 

catchments could be conducted to evaluate the regional applicability and transferability of the method. 663 

Finally, the engineering performance of conditional design flood hydrographs requires further evaluation. This study mainly 664 

analyzes differences among scenarios in terms of peak discharge, flood volume, and hydrograph shape, without further 665 

coupling the results with reservoir operation or flood risk models. Future studies could use conditional design flood 666 

hydrographs as inputs to reservoir operation and risk assessment models to quantitatively evaluate their effects on indicators 667 

such as maximum reservoir water level, maximum release discharge, and downstream flood risk, thereby further assessing 668 

their engineering applicability. 669 

5.4 Engineering Implications of Conditional Design Flood Hydrographs 670 

The primary purpose of engineering design floods is to determine hydrological loads that are critical to flood-control safety 671 

(Tramblay et al., 2024; Kim et al., 2026). For a given design storm, antecedent wetness can markedly affect runoff generation, 672 

peak discharge, and time to peak. Accordingly, engineering design often adopts a higher antecedent wetness state to represent 673 

relatively adverse conditions. However, the catchment does not necessarily remain highly wet before every extreme rainfall 674 

event. Although using only a wet antecedent scenario may provide a conservative estimate, it cannot adequately reflect the 675 

sensitivity of design floods to variations in antecedent conditions or their corresponding engineering implications (Poudel et 676 

al., 2026; Guo et al., 2022). 677 

Therefore, both lower (L) and higher (H) antecedent wetness scenarios are retained in this study. The H scenario represents 678 

the flood response under relatively adverse antecedent conditions, whereas the L scenario serves as a reference for quantifying 679 

the effects of antecedent wetness on peak discharge, flood volume, and time to peak, as well as for evaluating the 680 

conservativeness of assuming a wet antecedent condition. In practical reservoir operation, the L scenario may also provide 681 

useful information for avoiding excessive prerelease or unnecessary reservation of flood-control storage, thereby helping 682 

balance flood-control safety and water-resource utilization. 683 

On this basis, the conditional design flood framework further incorporates statistical uncertainty within each antecedent 684 

wetness state. For flood-control safety checks, greater attention may be given to the H scenario and its adverse flood response. 685 

For design flood review, comparison of reservoir operation schemes, and risk analysis, the L and H scenarios can be considered 686 

together with their corresponding uncertainty ranges. In this way, conditional design flood hydrographs can provide more 687 

targeted process-based information for flood-scenario selection and risk identification under different engineering objectives. 688 
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6. Conclusions 689 

Taking the XDY Basin as the study area, this study develops a conditional design flood hydrograph derivation method that 690 

accounts for spatially heterogeneous rainfall and nonlinear nonstationary routing. Conditional rainfall-runoff responses are 691 

identified using ERRA, and design flood hydrographs under different antecedent wetness states, together with their statistical 692 

uncertainty, are derived by integrating state-dependent unit hydrographs, spatially corrected design rainfall, and event-level 693 

paired Bootstrap analysis. The main conclusions are as follows. 694 

(1) Rainfall-runoff responses in the XDY Basin exhibit pronounced state dependence and spatial variability. Increases in net 695 

rainfall intensity and antecedent wetness both strengthen and concentrate rapid runoff responses, while clear differences in 696 

runoff response are also observed among different spatial subregions. 697 

(2) State-dependent unit hydrographs can characterize the nonlinear and nonstationary features of catchment routing. As net 698 

rainfall intensity and antecedent wetness increase, the unit hydrograph peak becomes higher and the time to peak occurs earlier. 699 

From M0 to M3, the mean NSE increases from 0.744 to 0.874. The NSE values for the two historical extreme flood events are 700 

0.80 and 0.85, respectively, indicating good model applicability. 701 

(3) A design rainfall hyetograph framework is constructed that jointly accounts for rainfall magnitude, temporal structure, and 702 

spatial response differences. Design rainfall magnitude is determined through joint frequency analysis of total rainfall depth 703 

and maximum 1 h rainfall intensity, and spatial correction is then conducted by combining a representative rainfall pattern 704 

with regional response differences. For a given return period, the L and H states use the same design rainfall input. 705 

(4) Antecedent wetness has a pronounced influence on conditional design flood hydrographs. Compared with the L state, the 706 

H state increases peak discharge by 54.4%-100.0%, advances the time to peak by 19-27 h, and increases flood volume by 707 

26.6%-59.9%. As the return period increases, the increase in flood volume and the advance in time to peak generally decrease. 708 

(5) Event-level paired Bootstrap results indicate that statistical uncertainty is concentrated mainly along the rising limb and 709 

around the main flood peak, and generally expands with increasing return period. The paired L/H results further show that the 710 

effects of antecedent wetness are robust to event-sample variability. The conditional design flood framework can therefore 711 

represent both state sensitivity and statistical uncertainty, providing support for flood-control safety assessment, design flood 712 

review, and reservoir operation risk analysis. 713 
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