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Abstract. Design flood hydrographs are jointly influenced by the spatial distribution of rainfall, antecedent wetness states, and
catchment runoff generation and routing responses. Taking the XDY Basin as the study area, this study develops a conditional
design flood hydrograph derivation framework that accounts for spatially heterogeneous rainfall and nonlinear nonstationary
routing. Ensemble Rainfall-Runoff Analysis (ERRA) is used to identify rainfall-runoff responses under different antecedent
wetness states, net rainfall intensities, and spatial subregions, based on which state-dependent unit hydrographs are constructed.
Joint frequency analysis of 96 h total rainfall depth (P96) and maximum 1 h rainfall intensity, together with a common
representative rainfall pattern and spatial-response correction, is then used to derive design flood hydrographs under lower (L)
and higher (H) antecedent wetness states. For a given return period, the L and H scenarios use the same design rainfall input.
The results show that higher antecedent wetness and greater net rainfall intensity produce stronger runoff responses and earlier
flood peaks. In the incremental model-structure comparison, the mean Nash-Sutcliffe efficiency (NSE) increased from 0.744
to 0.874. Compared with the L scenario, the H scenario increased peak discharge by 54.4%-100.0%, advanced the time to peak
by 19-27 h, and increased flood volume by 26.6%-59.9%. Event-level paired Bootstrap analysis indicates that statistical
uncertainty is concentrated mainly around the rising limb and main flood peak, while the effects of antecedent wetness exhibit
good sample stability. The proposed framework provides process-based information for design flood review, flood-control
safety assessment, and flood risk analysis.

Key words: Conditional design flood hydrograph; Spatially heterogeneous rainfall; Nonlinear nonstationary routing; State-

dependent unit hydrograph
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1 Introduction

Flooding is one of the major natural hazards threatening catchment flood-control safety and the stable operation of hydraulic
engineering systems, often causing severe casualties and economic losses (Ham et al., 2023). With changes in extreme rainfall
and evolving catchment surface conditions, reservoir inflow flood hydrographs have become increasingly complex, posing
greater challenges to flood-control operation, spillway capacity reassessment, flood risk analysis, and emergency management
(Guo et al., 2024). Design flood hydrographs are an important basis for flood-control project planning, design, and operation.
In addition to peak discharge and flood volume, they should reasonably characterize the time to peak, rising and recession
limbs, and overall hydrograph shape. For large and medium-sized reservoirs with flood-control functions, the rationality of
design flood hydrographs directly affects reservoir operation schemes, release control, and downstream flood-control safety
(Hu et al., 2024). Therefore, improving the ability of design flood hydrographs to represent actual rainfall-runoff generation
and routing mechanisms is of both scientific and engineering significance.

Design flood studies have gradually expanded from traditional typical-flood amplification and design storm-unit hydrograph
methods to regional flood frequency analysis, multivariate joint distributions, nonstationary frequency analysis, machine
learning, and climate-change scenario assessment (Hu et al., 2023; Zalnezhad et al., 2023). For example, Jarajapu et al. (2022)
combined regional flood frequency analysis with machine-learning models to estimate flood characteristics for different return
periods, while Yin et al. (2017) used Copula functions to characterize the dependence structure among flood variables. These
studies have extended design flood estimation from the perspectives of regionalization, multivariate probabilistic analysis, and
data-driven modeling, but most still focus on characteristic quantities such as peak discharge, flood volume, or specific flood
quantiles. By contrast, design storm-runoff generation and routing modeling remains an important approach for deriving
complete design flood hydrographs, and its results are jointly influenced by design rainfall structure, antecedent catchment
conditions, and rainfall-runoff response mechanisms. Previous studies have separately considered rainfall spatial distribution,
antecedent wetness, and state-dependent runoff generation and routing responses; however, their integrated and consistent
representation throughout the complete design flood derivation process remains limited.

Design rainfall is a key input to design flood hydrograph derivation, and its frequency magnitude, temporal structure, and
spatial distribution jointly affect flood response characteristics (Li et al., 2017). Conventional methods generally determine
design rainfall depth through univariate frequency analysis and construct design rainfall hyetographs using representative
rainfall patterns or equal-ratio amplification (Qian et al., 2020). With the development of multivariate frequency analysis,
increasing attention has been paid to the dependence among rainfall characteristics such as total rainfall depth and short-
duration rainfall intensity. Multivariate joint analysis can provide a more reasonable representation of the dependence among
different rainfall characteristics (Jhong and Tung, 2018). For example, Yin et al. (2017) performed bivariate analysis using
Copula functions and constructed design rainfall hyetographs. In addition to temporal structure, the spatial distribution of
rainfall also affects catchment flood responses. The same catchment-average rainfall depth may produce different outlet runoff

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

In addition to rainfall input, catchment routing response is another key factor controlling the shape of design flood hydrographs.
Owing to its simple structure and clear physical interpretation, the unit hydrograph method has been widely used to transform
design storms into design flood hydrographs (Grum et al., 2023). In particular, the Nash instantaneous unit hydrograph can
parsimoniously represent catchment routing lag and storage attenuation (Yan et al., 2015). However, conventional unit
hydrograph methods generally assume that the routing response remains stable, whereas actual responses may vary with
antecedent wetness states and net rainfall intensity (Vormoor et al., 2016). The Ensemble Rainfall-Runoff Analysis (ERRA)
proposed by Kirchner (2024) provides a means of identifying differences in rainfall-runoff responses under varying
hydrological conditions. In this study, nonstationary routing specifically refers to event-scale state-dependent and time-varying
routing responses associated with changes in antecedent wetness and net rainfall intensity, rather than nonstationarity in long-
term flood frequency distributions. Constructing unit hydrographs from the conditional response characteristics identified by
ERRA can therefore provide a more explicit representation of nonlinear and nonstationary catchment routing.

In summary, substantial progress has been made in design flood studies involving multivariate rainfall characteristics, spatial
heterogeneity, antecedent wetness, and nonlinear rainfall-runoff responses. However, the coordinated representation of these
factors throughout the complete design flood derivation process, as well as the distinction between state sensitivity and
statistical uncertainty, still requires further investigation. Accordingly, this study develops a conditional design flood
hydrograph derivation framework with four main components: (1) ERRA is used to identify rainfall-runoff response
differences under different hydrological conditions and to construct state-dependent unit hydrographs; (2) joint frequency
analysis of the 96 h total rainfall depth (Pos) and maximum 1 h rainfall intensity is combined with a common representative
rainfall pattern and spatial-response correction to construct design rainfall hyetographs; (3) the Soil Conservation Service
Curve Number (SCS-CN) runoff generation model, dynamic state-dependent routing, and a subsurface runoff model are
coupled to derive conditional design flood hydrographs under lower (L) and higher (H) antecedent wetness states, with the H
scenario representing relatively adverse antecedent conditions and the L scenario serving as a reference; and (4) historical
flood simulation, incremental model-structure comparison, and event-level paired Bootstrap analysis are conducted to evaluate
model performance and quantify the propagation of statistical uncertainty. The proposed framework provides process-based

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

2 Methods
2.1 Rainfall-Runoff Response Distribution Based on ERRA

Catchment rainfall-runoff responses exhibit pronounced nonlinear, state-dependent, and spatially heterogeneous
characteristics (Kojima and Tani, 2025). To identify these response characteristics, Ensemble Rainfall-Runoff Analysis (ERRA)

is adopted. ERRA was proposed by Kirchner, with a mathematical basis in deconvolution and unmixing methods for nonlinear,

3



94
95
96
97

98

99
100
101

102

103
104
105
106
107
108
109
110
111
112
113
114
115

116

117
118
119
120
121
122

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

nonstationary, and spatially heterogeneous systems (Kirchner, 2024). Within this framework, the input, output, and
conditioning variables are specified according to the research objectives to identify nonlinear conditional responses and multi-
input spatial responses. The resulting response characteristics are then used to support subsequent conditional routing

representation and design flood hydrograph derivation.

2.1.1 ERRA Ensemble Deconvolution and Response Estimation

ERRA uses the statistical relationships between input and output time series at different lag times to identify the mean lagged
runoff response to rainfall through ensemble deconvolution and to jointly estimate the response coefficients at each lag time

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

Qu=a+) fPeite M
=0

where Q, is the runoff at time t; P,_; is the rainfall input lagged by T time steps; m is the maximum response lag; 3, is the
regression coefficient corresponding to lag t; a is the intercept; and €, is the residual term. For a computational time step of
At, the corresponding runoff response distribution (RRD) can be derived from the estimated regression coefficients.

ERRA jointly estimates the response coefficients at different lag times using least-squares deconvolution. Residual
autocorrelation correction is applied to reduce the influence of temporal correlation on the estimates, while the standard errors
of the response coefficients are used to evaluate the stability of the identified responses. Unlike a conventional unit hydrograph,
the integral of the RRD is not constrained a priori to unity; instead, its magnitude and temporal distribution mainly characterize
the response strength and lag structure between rainfall input and runoff output. Therefore, the RRD is not directly treated as
aunit hydrograph in this study. Instead, its response characteristics are extracted for the subsequent construction and refinement
of the routing model.

In the implementation, multiple historical flood events are standardized to an hourly time step. Sufficiently long intervals with
no rainfall and no rapid runoff are inserted between concatenated events to prevent overlap of lagged responses from adjacent

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

2.1.2 Identification of Conditional Net Rainfall-Rapid Surface Runoff Responses

ERRA can identify variations in runoff responses with rainfall intensity and antecedent hydrological conditions through
nonlinear deconvolution and conditional analysis (Kirchner, 2024). To focus on the rapid routing process following the
generation of net rainfall, net rainfall P. is used as the input and rapid surface runoff Qq as the output. The net rainfall is
calculated from the corrected catchment-average rainfall using the Soil Conservation Service Curve Number (SCS-CN) model,
whereas rapid surface runoff is separated from the observed total reservoir inflow using the Lyne-Hollick (LH) digital filtering

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

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

120

API5, = Z P,_; )
j=1

where APIs; denotes the 5-day Antecedent Precipitation Index (APIs) and excludes rainfall at the current time step. It is updated
hourly throughout the event. The 5-day cumulative rainfall is adopted as the antecedent wetness indicator to maintain
consistency with the conventional definition of Antecedent Moisture Condition (AMC) in the SCS-CN model, which is based
on rainfall during the preceding 5 days, while allowing the antecedent wetness state to be updated dynamically at an hourly
time step. Because all flood events in the study area occurred during the growing season, the SCS-CN growing-season AMC
classification criterion is adopted, and the boundary of 35.56 mm between AMC I and AMC 11 is used as the threshold for the
two-state classification (Nageswara Rao, 2020):

L, APIs, < 35.56
¢, = { : 3)
7 H, APIs,>35.56

where L and H denote the lower and higher antecedent wetness states, respectively. It should be noted that this rolling indicator
is used for conditional rapid-routing response identification in ERRA and for dynamic routing-state determination in
subsequent design flood simulations, but not for dynamically adjusting the runoff-generation parameters of the SCS-CN model.
The curve number (CN) is determined according to the initial antecedent wetness condition at the beginning of each event and
remains unchanged throughout the event.

The nonlinear effect of net rainfall intensity is analyzed using a continuous piecewise approach. Different segmentation
schemes are compared by considering both the number of valid samples and the characteristics of the nonlinear response
function (NRF). Candidate breakpoints of 1, 5, and 10 mm/h are examined. Based on the response reliability assessment, 5
mm/h is ultimately selected as the classification threshold, dividing net rainfall into lower-intensity (P.<5 mm/h) and higher-
intensity (P.=5 mm/h) classes. Details of the classification and reliability assessment are provided in Text S1.

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

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

(4):

K m
Qq,t =a+ Z Z Z ﬁc,k,‘rpé,c,k,t—‘r + & (4)

ceC k=17=0
where C = {L, H} is the set of antecedent wetness states; K is the number of continuous net-rainfall-intensity segments; P, .} (-
is the net rainfall variable corresponding to the k-th continuous segment under antecedent wetness state c, lagged by T time
steps; and B . is the corresponding response coefficient at lag T. The remaining symbols are defined as above.

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

constructed from the segmented response coefficients. The reliability of each conditional response is evaluated using the
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number of nonzero net rainfall samples, NRF response magnitude, proportion of positive responses, and standard errors of the
response coefficients. The resulting NRFs are used to characterize variations in rapid routing responses with net rainfall
intensity and antecedent wetness state and provide the basis for the subsequent construction of conditional Nash unit

hydrographs.

2.1.3 Identification of Spatially Heterogeneous Rainfall-Runoff Responses

ERRA can identify differences in the runoff responses of rainfall occurring at different spatial locations to catchment outlet
runoff through multi-input deconvolution and unmixing (Kirchner, 2024). Considering the potentially strong correlations
among rainfall series from different rain gauges, Thiessen polygon control areas are first used as the basic spatial units. These
units are then aggregated by jointly considering inter-station rainfall correlations, principal component analysis, the spatial
locations of rain gauges, and catchment surface characteristics, thereby reducing collinearity among inputs and improving the
identifiability of spatial responses. Assuming that the catchment is divided into S spatial units, with the rainfall series of each
unit denoted by Ps;, the multi-input deconvolution and unmixing formulation of Kirchner (2024), with total catchment outlet

runoff Q; as the response variable, can be expressed as Eq. (5):

Q=a+ Zs: i B (WP + & (5)

s=11=0
where Pg_. is the rainfall input from the s-th spatial unit lagged by T time steps; s is the response coefficient of the
corresponding spatial unit at lag t; S is the number of spatial units; and the remaining symbols are defined as above. For a
computational time step of At, the rainfall-runoff response distribution of the s-th spatial unit can be expressed as RRDg(T) =

Bs,‘r
At

Rainfall inputs from all spatial units and their lagged terms are jointly estimated within the same regression framework,
allowing the runoff responses associated with rainfall from different regions to be separated. The resulting spatial RRDs are
used to compare differences among regions in response magnitude, time to peak, and response duration. The standard errors
of the response coefficients are further used to evaluate the stability of the identified spatial responses, providing a basis for

the subsequent spatial correction of design rainfall.
2.2 Construction of Conditional Unit Hydrographs

2.2.1 Construction of the Baseline Unit Hydrograph (Nash IUH)

The Nash Instantaneous Unit Hydrograph (Nash IUH), proposed by Nash in 1957 based on the theory of cascaded linear
reservoirs, is a classical catchment routing model. Owing to its clear physical interpretation, limited number of parameters,
and computational simplicity, it has been widely applied in catchment routing simulation and design flood hydrograph

derivation (Nash, 1957). According to instantaneous unit hydrograph theory, the Nash IUH can be expressed as Eq. (6):
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where u(0, t) is the instantaneous unit hydrograph; n is the number of linear reservoirs; K is the storage constant of the linear

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

2.2.2 Conditional-Response-Driven Unit Hydrograph Refinement

To characterize differences in catchment routing responses under different antecedent wetness states and net rainfall intensities,
a family of conditional unit hydrographs, UH(C;), is constructed using the composite Nash unit hydrograph u.q(t) as the
baseline and the conditional net rainfall-surface runoff response function NRF;(t) identified by ERRA. Here, C; denotes a
condition jointly defined by antecedent wetness state and net rainfall intensity.

First, NRF;(t) under each condition is smoothed and nondimensionalized to obtain a conditional correction factor that
characterizes the relative response strength at different lag times. Because routing characteristics differ between net rainfall
intensity classes, a classified refinement strategy is adopted. Under lower net rainfall intensity conditions, the scale parameter
of the Nash unit hydrograph is primarily adjusted according to the centroid lag time of the conditional response function to
represent delays or broadening of the routing process. Under higher net rainfall intensity conditions, the conditional correction
factor is used directly to modify the shape of the composite unit hydrograph, thereby representing the more concentrated
routing response associated with greater net rainfall intensity. Finally, the refined unit hydrographs are area-normalized to
obtain the final conditional unit hydrographs, as expressed in Eq. (7). Detailed formulations for constructing U, (T) under

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

Ut (G ) = <—eorri(9) )

j=1Ucorr,i (Tj)AT
where UH(C;, T) is the conditional unit hydrograph under condition C;; U¢or;(t) is the unit hydrograph refined using the
conditional response; T is the lag time; At is the computational time step; and N is the number of discrete lag-time intervals of

the unit hydrograph.

2.3 Design Rainfall Construction
2.3.1 Joint Distribution Modeling of Design Rainfall Magnitude

Based on the hourly areal rainfall series during the flood season in the XDY Basin, independent rainfall events are identified
using 24 consecutive hours without effective rainfall as the event-separation criterion. For each event, the total rainfall depth
and the maximum 1 h, 12 h, and 24 h rainfall depths are calculated. Referring to the Grades of Precipitation standard issued
by the National Meteorological Center, strong rainfall events are selected when the total rainfall depth is >50 mm and at least
one of the following criteria is satisfied: maximum 1 h rainfall >8 mm, maximum 12 h rainfall >15 mm, or maximum 24 h

rainfall >25 mm. The selected events are then standardized to a 96 h window. Events shorter than 96 h are zero-padded at the



211
212
213
214
215
216

217

218
219
220
221
222
223

224

225
226
227
228

229

230
231
232
233
234

235

236

237
238

https://doi.org/10.5194/egusphere-2026-5897

Preprint. Discussion started: 19 October 2026 EG U h

© Author(s) 2026. CC BY 4.0 License. spnere
(Omom

end, whereas for events longer than 96 h, the continuous 96 h period with the maximum cumulative rainfall is extracted. The
96 h total rainfall depth Pg¢ and maximum 1 h rainfall intensity I; are then recalculated while preserving their event-wise
pairing.

Marginal distributions are fitted separately to Pos and I;, and a Copula function is used to establish their joint distribution.
Based on the resulting joint distribution, the design total rainfall depth Pr and maximum 1 h rainfall intensity I, T are determined

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

2.3.2 Construction of the Representative Rainfall Pattern and Design Rainfall Hyetograph

After determining the design rainfall magnitude, a common representative temporal rainfall pattern is constructed based on all
historical strong rainfall events. The effective rainfall duration of each event is extracted and normalized to dimensionless time
x € [0,1]. The dimensionless cumulative rainfall curves are then interpolated onto a common time axis, and the median
cumulative curve y(x) across all events is adopted as the common representative rainfall pattern.

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

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

t
P =P y(52) 8
7 (t) Ty 9% ()
where Pr(t) is the cumulative design rainfall depth at time t, and y(t/96) is the cumulative rainfall fraction at the
corresponding dimensionless time. The cumulative rainfall process is differenced at an hourly time step to obtain the initial

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

as expressed in Eq. (9):

9%
> P =pr
t=1 9
mgxP}] ®) =1Ly
where P(t) denotes the adjusted hourly design rainfall, and I; v denotes the design maximum 1 h rainfall intensity
corresponding to return period T. During the adjustment, the timing of the main peak and the overall temporal structure are
preserved, yielding a 96 h baseline design rainfall hyetograph PP (t) that satisfies the constraints of the total design rainfall Py
and the maximum 1 h rainfall intensity I, . The subsequent spatial-response adjustment only modifies the temporal

distribution of rainfall without changing the above design-magnitude constraints.
2.4 Spatial Correction of Design Rainfall Hyetographs Based on Spatial Heterogeneity

2.4.1 Construction of the Spatial Rainfall Allocation Template

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

catchment outlet. To characterize the dynamic variation in the spatial distribution of design rainfall, a common time-varying
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spatial allocation template was constructed using all historical heavy rainfall events. For each historical event, the hourly
contribution of each subregion to the catchment-average rainfall was calculated by accounting for differences in subregion
area and then mapped onto a common dimensionless time axis. The hourly allocation ratios from all events were statistically
summarized, and their median trajectories were adopted as the representative spatial allocation template 7y, (x), satisfying Eq.

(10):
K

Zrk =1 (10)

k=1
where r (x) denotes the area-weighted contribution ratio of the k-th spatial subregion to the catchment-average rainfall at
dimensionless time x, and Kis the total number of spatial subregions. This template represents the time-varying distribution of
rainfall among different subregions rather than a fixed event-total rainfall proportion for each subregion. Details of the

calculation procedure are provided in Supplementary Text S3.

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

Based on the spatial rainfall allocation template, differences in the runoff responses of rainfall occurring in different subregions
are further considered. Using the spatially heterogeneous rainfall-runoff response distributions Ry (t) obtained in Section 2.1.3,
the positive component of each response distribution is integrated to obtain the response-efficiency index Ej, which is then

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

Ej

Fe= ) RE@BL  fo=sre (an

j=1Ej

where Ey is the spatial response-efficiency index; Rf (1) is the positive component of the response distribution for the k-th
spatial subregion; mis the maximum response lag; and By is the corresponding response-efficiency weight, with ¥X_, B, = 1.
Because By represents the relative contribution of rainfall in different subregions to runoff response at the catchment outlet,
whereas catchment-average rainfall is defined with respect to the subregion area fraction ay, a dimensionless spatial-response

modulation factor is introduced:

B
M(t) = ;a—krk(t) (12)

where ay is the area fraction of the k-th spatial subregion and 1} (t) is its spatial rainfall contribution ratio at time t. The factor
M(t)represents only the relative hydrological effectiveness of different spatial rainfall distributions at each time step and is not
used as an absolute scaling factor for the design rainfall magnitude.

Let PP (t) denote the baseline design rainfall hyetograph obtained in Section 2.3.2, with the main rainfall peak occurring at tp.
Under the prescribed design-frequency constraints, M(t) is used to adjust the relative rainfall allocation during non-peak

periods, yielding the spatial-response-adjusted design rainfall hyetograph defined by Eq. (13):
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Il,T' t= tp,

PR(YM(t) (13)

Pi(O) =
Rono T

(Pr—Ly) 5

T#L
where Py (t) is the spatial-response-adjusted hourly design rainfall for return period T. The method redistributes rainfall among

non-peak periods according to the spatial rainfall allocation and subregional response efficiencies while preserving the total
design rainfall Py and the maximum 1 h rainfall intensity I, t, such that ZS: ,Pr () =Pp, Pr (tp) = Iy 1. The resulting design

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

2.5 Simulation of Runoff Generation and Routing Processes
2.5.1 Runoff Generation Calculation Based on the SCS-CN Model

The SCS-CN model describes the transformation of rainfall into runoff based on the relationships among rainfall depth, initial
abstraction, and potential maximum soil retention. Owing to its parsimonious parameterization and computational convenience
it has been widely applied to estimate surface runoff generation at the catchment scale (Ajith and Barik, 2026). The basic
formulation is provided in Text S4.

For a given return period, the L and H antecedent wetness states use the same spatial-response-corrected design rainfall, while
differences in antecedent wetness are represented solely through different initial runoff-generation conditions. The L and H
states adopt the CN values corresponding to AMC I and AMC 111, respectively, and these values remain unchanged throughout

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

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

antecedent wetness state.

2.5.2 Dynamic Routing Calculation Using State-Dependent Unit Hydrographs

After obtaining the hourly net rainfall process Pe(s") (t) corresponding to the initial antecedent wetness state s, state-dependent
unit hydrographs are used to calculate direct surface runoff. To remain consistent with the conditional-response identification
in ERRA, the antecedent wetness state during the design storm is not fixed at its initial condition but is dynamically updated
according to the hourly rolling APIs 1. Following the classification criterion in Section 2.1.2, the antecedent wetness state c(t)
at time tis determined using a threshold of 35.56 mm. Meanwhile, the net rainfall intensity class k(t) is determined from the
hourly net rainfall intensity using a threshold of 5 mm/h.

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

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

m
Qéso) ) = Z Pe(so) (t—1u c(t—1), k(t-T) (™) (14)

=0

10
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where Qf;")(t) is the direct surface runoff at time t under the initial antecedent wetness state sg; Pe(s") (t — 7) is the net rainfall
depth at time t — T; c(t — 1) is the antecedent wetness state determined from the rolling API5;_. at that time step; k(t — 1) is
the corresponding net rainfall intensity class; Uc(—r), kt—) () is the conditional unit hydrograph for the corresponding state

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

2.5.3 Simulation of Subsurface Slow Flow and Total Runoff Composition

To represent the slow-response process during the flood recession stage, the contribution of subsurface slow flow is further
considered in addition to direct surface runoff. Parameters of the linear reservoir model are calibrated based on the Lyne-
Hollick (LH) baseflow separation results for representative historical flood events, and subsurface runoff is simulated using
the linear reservoir method. The subsurface slow flow and direct surface runoff are then superimposed at each time step to

obtain the total design flood hydrograph, as expressed in Eq. (15):
Qe (6) = 5 (1) + 05 (1) (15)
where Qo) (t) is the total runoff at time tunder the initial antecedent wetness state sq; QEISO)(t) is the direct surface runoff; and

QE)SO) (t) is the subsurface slow flow. Details of parameter calibration and recursive computation for the subsurface slow-flow
component are provided in Text S5.
2.6 Derivation of Conditional Design Flood Hydrographs

The conditional design flood hydrograph derivation framework developed in this study consists of four main components:
rainfall-runoff response identification, construction of conditional unit hydrographs, construction of spatially corrected design

rainfall, and coupled simulation of runoff generation and routing processes, as illustrated in Fig. 1.
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2.7 Antecedent Wetness Sensitivity and Design Flood Uncertainty Analysis
2.7.1 Antecedent Wetness Sensitivity Analysis

To quantitatively evaluate the effects of antecedent wetness on conditional design flood hydrographs, the design flood
hydrographs corresponding to the lower (L) and higher (H) antecedent wetness states are compared in pairs under the same
return period and identical design rainfall input. The relative increase in peak discharge, advance in time to peak, and relative

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

Qpu —Q
AQ, = % x 100%
ATy =Tpr = Ty (16)
Vi =V,

AV = v X 100%

L
where Qp, 1, and Q,,  are the peak discharges under the L and H states, respectively; T, and Ty, y are the corresponding times
to peak; and V|, and Vy are the corresponding flood volumes. A positive AT, indicates that the flood peak under the H state
occurs earlier than that under the L state. By comparing these metrics across different return periods, the effects of antecedent
wetness on peak discharge, flood volume, and response timing are evaluated. Because the L and H states use the same design
rainfall input, their differences primarily reflect the effects of antecedent wetness conditions and the associated runoff

generation and routing responses.

2.7.2 Uncertainty Interval Analysis of Design Flood Hydrographs

Bootstrap is a statistical method that constructs empirical ensembles through repeated resampling from a finite sample (Zahran
et al., 2022). In this study, an event-level Bootstrap approach is adopted to quantify the propagation of uncertainty associated
with historical strong-rainfall samples and joint frequency estimation into the derived design flood hydrographs, and to assess
the robustness of antecedent wetness sensitivity results. Complete historical strong-rainfall events are treated as the resampling
units, and B=1000 resamples with replacement are generated while preserving the within-event pairing between Pos and I;.
For each Bootstrap sample, the marginal distributions and Copula parameters are re-estimated, and the resulting uncertainty is
propagated through design rainfall construction and runoff generation and routing calculations to obtain an ensemble of design
flood hydrographs for each return period. Within each resampling realization, the L and H states use the same design rainfall
sample to ensure paired comparability.

The 5th, 50th, and 95th percentiles are calculated for hourly discharge, peak discharge, time to peak, and flood volume. The
percentile distributions of the paired L/H peak-discharge ratio, advance in time to peak, and relative increase in flood volume
are also calculated to characterize statistical uncertainty and the sample robustness of the sensitivity results. Finally, the L and
H antecedent wetness sensitivity scenarios are jointly presented with the Bootstrap 5th-95th percentile ranges within each state,
thereby distinguishing scenario sensitivity from statistical uncertainty and providing more complete process-based information

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

The Daqing River is one of the major river systems in the Haihe River Basin. It originates on the eastern foothills of the
Taihang Mountains and consists of northern and southern branches upstream of Dongdian, where six large mountainous
reservoirs are distributed. In this study, the catchment controlled by the XDY Reservoir, located in the upper reaches of the
Tang River on the southern branch of the Daqing River system, is selected as the study area (Fig. 2). The XDY Reservoir
controls a catchment area of 4,420 km? and has a total storage capacity of 1.258x10° m?, including a flood-regulation storage
capacity of 8.79x10% m® and a flood-control storage capacity of 3.13%10% m?. It is a large (Class I) multipurpose reservoir
primarily designed for flood control, while also serving water supply, irrigation, and hydropower generation. Both its
controlled catchment area and total storage capacity are relatively large within the region.

As shown in Fig. 2, the catchment controlled by the XDY Reservoir is characterized by substantial topographic relief, complex
land-surface conditions, long routing pathways, and pronounced spatial variability, resulting in heterogeneous spatial rainfall
distribution. Meanwhile, catchment wetness varies dynamically with antecedent rainfall and water-storage conditions, causing
flood responses to exhibit pronounced nonlinear and nonstationary characteristics. Therefore, conventional design flood
methods based on a fixed response structure may not adequately represent the spatiotemporal variability of rainfall-runoff

relationships in this catchment.

80°00"E 100°0'0"E 120°0'0"E 140°0'0"E " 115°0'0"E

30°0'0"N

20°0'0"N

39°0'0"N

14"0'0"E 115°0'0"E 1 16"0'0" 117°0'0"E 118°0'0"E 114°0'0"E 115°0'0"E
Basemap: USA Topo Maps (Esri); © 2021 National Geographic Socicty, i-cubced | Powered by Esri

359  Figure 2: Schematic Map of the XDY Basin and Distribution of Hydrological Stations
360 Note: Basemap credit: USA Topo Maps (Esri); copyright © 2021 National Geographic Society, i-cubed.
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The data used in this study primarily comprise two categories: hydrometeorological data and basic geospatial data. The
hydrometeorological data include the catastrophic “63.8” flood event of 1963, hourly rainfall records from five rainfall and
hydrological stations in the XDY Basin during the flood seasons (June-September) from 1974 to 2025, and the corresponding
hourly inflow discharge records of the XDY Reservoir. A total of 27 flood events and 96 strong rainfall events were extracted.
The basic geospatial data include the Digital Elevation Model (DEM), land-use, and soil-texture data. The DEM data were
obtained from the publicly available ASTER Global Digital Elevation Model V003 dataset at a spatial resolution of 30 m
(Abrams et al., 2020). Land-use data were obtained from the ESRI Global 10 m Land Use/Land Cover dataset (ESRI10) (Karra
et al., 2021), and soil-texture data were obtained from the SoilGrids 2.0 global soil information dataset at a spatial resolution

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

4. Results
4.1 Identification of Conditional Response Structures Based on ERRA
4.1.1 Identification of Nonlinear and Nonstationary Net Rainfall-Surface Runoff Responses

Based on the hourly net rainfall and rapid surface runoff series from historical flood events, ERRA is used to identify
differences in runoff responses under different antecedent wetness states and net rainfall intensities. Antecedent wetness is
characterized by the hourly rolling APl and classified into lower (L) and higher (H) states using the 35.56 mm boundary
between AMC I and AMC II under the SCS-CN growing-season criterion. Candidate breakpoints of 1, 5, and 10 mm/h are
first examined to assess response reliability. The results show that the NRF response is generally weak and less identifiable
when P, < 5mm/h, whereas both response magnitude and stability improve markedly when P, = 5mm/h. Therefore, 5 mm/h
is adopted as the final threshold for net rainfall intensity, dividing the net rainfall process into lower-intensity (P, < 5mm/h)
and higher-intensity (P, = 5mm/h) classes. Combined with the two antecedent wetness states, four hydrological conditions
are defined. The corresponding NRFs are shown in Fig. 3, while the segmentation diagnostics and reliability assessment are
provided in Tables S1-S2.

Based on this classification, the net rainfall-rapid surface runoff responses under the four conditions are identified, as shown
in Fig. 3. The NRF curves differ markedly among the conditions. Overall, higher net rainfall intensity produces a greater
response magnitude and a more concentrated response, while under the same net rainfall intensity, the response under the H
state is generally stronger than that under the L state. These results indicate that rapid routing responses following net rainfall
generation in the XDY Basin are jointly regulated by net rainfall intensity and dynamically varying antecedent wetness,

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

4.1.2 Identification of Spatially Heterogeneous Rainfall-Runoff Responses

Building on the nonlinear and nonstationary net rainfall-surface runoff responses identified in Section 4.1.1, the effects of
uneven spatial rainfall distribution on runoff responses are further examined. Based on 27 rainfall events recorded by five rain
gauges and the corresponding reservoir inflow data, the multi-station rainfall series are introduced as input variables into the

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

outlet runoff process.

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

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

cropland, and woodland. In contrast, the remaining stations are mostly located in the middle and lower reaches of the catchment,
where the terrain is relatively lower and closer to the reservoir inlet, the soils are mainly clay loam, and woodland is the
dominant land-use type. Considering the differences in rainfall-runoff responses together with catchment topography, soil

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

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

as shown in Fig. 4(d).
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(d) Spatial Heterogeneity Zoning

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

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

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

response magnitude and a more concentrated overall response, with shorter Tsg, Tgg, and Tys. In contrast, Space 2 reaches its

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

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

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

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

runoff responses and are subsequently used for the spatial correction of design rainfall hyetographs.
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Figure 5: Rainfall-Runoff Response Distributions of Space 1 and Space 2

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

Metric Space 1 Space 2
Maximum response intensity (RRD a5, ) 0.0084 0.0050
Time to peak (Tp, h) 13 5
50% response time (Tgq, h) 19 24
90% response time (Tqq, h) 47 102
95% response time (Tys, h) 82 110

4.2 Construction of Conditional Unit Hydrographs and Simulation of Surface Runoff Generation and Routing
4.2.1 Runoff Generation Calculation Based on the SCS-CN Model

The SCS-CN model is used for runoff generation calculation, with the initial abstraction coefficient A set to 0.15. The spatially
corrected catchment-average rainfall is used as input, and the 5-day cumulative rainfall prior to the onset of each event, API; ,,
is used to characterize the initial antecedent wetness condition. Because all flood events in the study area occurred during the
growing season, the SCS-CN antecedent moisture condition classification criteria are adopted. Specifically, API5, <35.56
mm, 35.56< API; , <53.34 mm, and API5, >53.34 mm are classified as AMC I, AMC II, and AMC III, respectively, and the

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

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

Here, API; , is used only to determine the initial antecedent wetness condition of each event and its corresponding CN value,
whereas the rolling APIs described in Section 2.1.2 is updated hourly throughout the flood event and used for identifying
conditional rapid-routing responses. Therefore, the CN value remains unchanged during an individual flood event and is not
dynamically adjusted according to APIs.. The resulting net rainfall process P,, calculated using the SCS-CN model, is

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

Land-use type Area (km?) Weight CNamc 11 CNamc1 CNawmc i
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
the SCS-CN model. CNanmc 1, CNamc 11, @and CN e i denote the curve numbers under dry, normal, and wet antecedent moisture conditions,
respectively.

4.2.2 Parameter Calibration of the Nash Instantaneous Unit Hydrograph Model

The Nash Instantaneous Unit Hydrograph (Nash IUH) model is adopted to represent the rapid routing process of the catchment.
Because the observed total discharge contains a baseflow component, whereas the unit hydrograph is primarily used to
characterize the surface runoff response, baseflow separation is performed prior to unit hydrograph calibration using the Lyne-
Hollick (LH) method described in Section 2.5.3, and the surface runoff component Q is extracted. The separation results show
that the net rainfall volume is generally consistent with the rapid runoff volume at the event scale, while baseflow accounts for
a certain proportion of the total runoff, indicating that unit hydrograph calibration based on baseflow separation is reasonable.
For the 27 representative flood events, the Nash unit hydrograph shape parameter n and scale parameter K are calibrated
separately. To obtain stable representative catchment parameters, the median values of the parameter sets {n;, K;} are adopted,
and the maximum lag time is set to t,,, =108 h to construct the composite Nash unit hydrograph. The resulting representative

parameters are np.q =1.3 and K,.q =20, corresponding to a time to peak of approximately 6 h, as shown in Fig. 6.

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

As indicated by the ERRA results in Section 4.1.1, the net rainfall-surface runoff response varies markedly with antecedent
wetness state and net rainfall intensity. Therefore, following the method described in Section 2.2.2, state-dependent unit
hydrographs are constructed for the four combinations of the L and H antecedent wetness states and lower and higher net
rainfall intensity classes.

As shown in Fig. 6, with increasing antecedent wetness and net rainfall intensity, the unit hydrograph peak gradually increases,
the time to peak advances, and the runoff response becomes more concentrated. The strongest response occurs under the H-
higher net rainfall intensity condition, followed by the L-higher net rainfall intensity and H-lower net rainfall intensity
conditions, whereas the L-lower net rainfall intensity condition exhibits the weakest and most delayed response. These results
indicate that the state-dependent unit hydrographs can effectively characterize nonlinear and nonstationary routing responses
under different hydrological conditions, providing a basis for the subsequent derivation of conditional design flood

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

4.3 Derivation of Design Rainfall Hyetographs
4.3.1 Determination of Design Rainfall Magnitudes for Different Return Periods

Following the method described in Section 2.3.1, a total of 96 historical strong rainfall events are selected. The 96 h total
rainfall depth Pys and maximum 1 h rainfall intensity I; within the standardized 96 h event window are extracted as the design
variables. The Lognormal, Gamma, Weibull, Exponential, Log-logistic, and three-parameter lognormal (LN3) distributions are
selected as candidate marginal distributions and comprehensively evaluated using the Kolmogorov-Smirnov (K-S) test,
Anderson-Darling (A-D) test, Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC). The results are
shown in Fig. S1 and Table S3. The LN3 distribution is selected for Pyg, with parameters § =37.52, w, =3.43, and oy, =0.73,
whereas the Lognormal distribution is selected for I, with parameters ,, =2.39 and oy, =0.42.

The joint distribution of Pyg and [ is further fitted using the Frank, Gumbel-Hougaard, and Clayton Copulas. As shown in Fig.
S2 and Table S4, the Frank Copula provides the best overall fit, with a parameter of 8 =3.20, and is therefore selected to
characterize the dependence between the two variables. Based on the joint frequency analysis, the design total rainfall depth
Pr and maximum 1 h rainfall intensity I, 1 corresponding to different return periods are determined, as summarized in Table
3.

Table 3: Design 96 h Total Rainfall Depth Pgg and Maximum 1 h Rainfall Intensity I; for Different Return Periods

Return period (a) P (mm) I} (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

The statistical characteristics of the dimensionless cumulative rainfall patterns derived from the 96 historical strong rainfall
events are shown in Fig. S3. Their overall temporal structures are relatively consistent, providing the basis for determining a
common representative temporal rainfall pattern. Based on the design total rainfall depth Pr and maximum 1 h rainfall intensity
I; 1 for different return periods listed in Table 3, the corresponding 96 h design rainfall hyetographs are constructed, as shown
in Fig. 7.

As shown in Fig. 7, both the design total rainfall depth and peak rainfall intensity increase with increasing return period,
whereas the main peak position, principal rainfall concentration period, and overall temporal structure remain nearly
unchanged. This indicates that differences among design rainfall hyetographs for different return periods are primarily reflected
in rainfall magnitude. For a given return period, the L and H antecedent wetness states use exactly the same design rainfall
input, ensuring that subsequent differences in flood responses primarily reflect the effects of antecedent wetness and the
associated runoff generation and routing conditions.
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Figure 7: Common Design Rainfall Hyetographs for Different Return Periods

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

As shown in Section 4.1.2, clear differences exist between the rainfall-runoff responses of Space 1 and Space 2. A common
time-varying spatial rainfall allocation template was constructed using all historical heavy rainfall events (Fig. S4). The results
show that the relative contribution of Space 2 is higher during the early stage of rainfall, whereas the contribution of Space 1
gradually increases and eventually exceeds that of Space 2 during the later stage, indicating pronounced time-varying spatial
allocation characteristics within the design rainfall process.

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

2 were determined as 0.64 and 0.36, respectively. After accounting for the area fractions of the two subregions, a spatial -

21



502
503
504
505
506
507
508

509
510

511

512

513
514
515
516
517
518
519

https://doi.org/10.5194/egusphere-2026-5897
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

response modulation factor was constructed and used to adjust the temporal distribution of the baseline design rainfall while
preserving the total design rainfall Pr and the maximum 1 h rainfall intensity I; 1 for the corresponding return period. As shown
in Fig. 8, taking the 10,000-year design rainfall as an example, the main peak timing and overall temporal structure remain
nearly unchanged before and after the spatial-response adjustment. The differences are mainly reflected in the redistribution
of rainfall during non-peak periods, indicating the combined effects of spatial rainfall allocation and subregional response
efficiency on the temporal pattern of design rainfall. The adjusted design rainfall hyetograph was subsequently used as the

common rainfall input for the conditional design flood simulations.
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Figure 8: Comparison of Design Rainfall Hyetographs Before and After Spatial-Response Adjustment (T=10,000 a)

4.4 Derivation of Conditional Design Flood Hydrographs
4.4.1 Surface-Subsurface Runoff Composition and Analysis of Typical Hydrographs

Under the same design rainfall input, the surface runoff, subsurface runoff, and total runoff hydrographs under the L and H
antecedent wetness states are compared. Surface runoff is generated using the SCS-CN model and routed using state-dependent
unit hydrographs, with the routing state dynamically determined according to the rolling APIs, and hourly net rainfall intensity.
Subsurface runoff is simulated using a linear reservoir model. Based on the Lyne-Hollick (LH) baseflow separation results
from representative historical flood events, the subsurface recharge coefficient and subsurface runoff memory coefficient are

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

runoff to obtain the total runoff hydrograph.
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Figure 9: Comparison of Runoff Components in Typical Design Flood Hydrographs under Different Antecedent Wetness States
(T=10,000 a)

Taking the 10,000-year return period as an example, the runoff components and total flood hydrographs are shown in Fig. 9.
Under both antecedent wetness states, the flood hydrographs are dominated by surface runoff, whereas subsurface runoff varies
more gradually and mainly contributes to the recession stage. Under the L state, the total runoff peak is approximately 2.06x10*
m?®/s and occurs at about 75 h, with a relatively smooth hydrograph. Under the H state, the peak discharge increases to
approximately 3.18%X10* m3/s and occurs earlier, at about 56 h, resulting in a more concentrated flood peak. These results
indicate that, under the same design rainfall conditions, a higher antecedent wetness state enhances both runoff generation and

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

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

The conditional design flood hydrographs under the L and H antecedent wetness states for different return periods are shown
in Fig. 10, and the corresponding characteristic metrics are summarized in Table 4. As the return period increases, both peak
discharge and flood volume increase continuously under the two states, while the time to peak generally occurs earlier.
Meanwhile, the hydrograph shapes differ markedly between the two states: the L-state hydrographs are relatively smoother
and broader, whereas the H-state hydrographs exhibit higher peaks, more concentrated responses, and earlier times to peak.

As shown in Table 4, under the L state, peak discharge increases from 3247.6 m?® s™* for the 20-year return period to 20,604.0
m?® s7! for the 10,000-year return period, while flood volume increases from 6.570x10® to 32.516x10® m?*. Under the H state,
peak discharge increases from 5917.4 to 31,815.0 m* s, and flood volume increases from 10.504 X108 to 41.180x10® m®. For
the same return period, the H state generally exhibits a larger peak discharge and flood volume, together with an earlier time

to peak, indicating that antecedent wetness can markedly influence both the magnitude and shape of design flood hydrographs.
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Figure 10: Conditional Design Flood Hydrographs for Different Return Periods under Different Antecedent Wetness States
Table 4: Characteristic Metrics of Conditional Design Flood Hydrographs under Different Antecedent Wetness States

Antecedent wetness state  Return period (a) ~ Peak discharge (m?/s) Time to peak (h) Flood volume (10® m?)
20 3247.6 86 6.570
100 6305.4 84 11.954
Lower antecedent wetness 200 8714.2 83 14.661
state (L) 500 12,254.3 82 18.423
2,000 16,084.7 78 24.687
10,000 20,604.0 75 32.516
20 5917.4 59 10.504
100 12,612.2 58 18.511
Higher antecedent 200 15,291.3 57 21.616
wetness state (H) 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.

4.5 Sensitivity and Uncertainty Analysis of Conditional Design Flood Hydrographs
4.5.1 Antecedent Wetness Sensitivity Analysis

Under identical design rainfall conditions, antecedent wetness has a pronounced influence on design flood responses. As shown
in Table 5, the higher antecedent wetness state (H) produces larger peak discharges and flood volumes and earlier flood peaks
across all return periods. Compared with the lower antecedent wetness state (L), the H scenario increases peak discharge by
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
width is smaller under the H scenario than under the L scenario, indicating a faster and more concentrated flood response under
higher antecedent wetness conditions.

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

while the advance in time to peak decreases from 27 h to 19 h. By contrast, although peak-discharge sensitivity varies
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nonlinearly with return period, the increase remains approximately 54%-55% over the 500-10,000-year range. These results
indicate that, as design rainfall magnitude increases, rainfall itself increasingly dominates the overall flood volume and
response timing, whereas antecedent wetness continues to exert a strong influence on extreme peak discharge.

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

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 26 474
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

Based on 1,000 event-level paired Bootstrap samples, ensembles of design flood hydrographs are obtained for the L and H
antecedent wetness states at different return periods. The time-varying 5th, 50th, and 95th percentile hydrographs are shown
in Fig. 11, while the percentile statistics of peak discharge, time to peak, and flood volume for each state are provided in Table
S5. The L and H scenarios represent antecedent wetness sensitivity scenarios rather than the lower and upper bounds of
uncertainty. Overall, uncertainty is concentrated mainly along the rising limb and around the main flood peak. The 5th-95th
percentile ranges of peak discharge and flood volume generally widen with increasing return period, indicating that uncertainty
arising from historical-event sampling and statistical estimation of design rainfall can propagate into the derived design flood
hydrographs.

The paired L/H results obtained from the same Bootstrap samples are summarized in Table S6. Across the different return
periods, the median H/L peak-discharge ratio ranges from 1.54 to 1.95, with the 5th percentile consistently greater than 1. The
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
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
remaining greater than 0. These results indicate that the effects of antecedent wetness on peak discharge, peak timing, and
flood volume are robust to event-sample variability. The L/H comparison represents sensitivity to antecedent wetness state,
whereas the 5th-95th percentile range within each state represents statistical uncertainty. These percentiles are empirical
percentiles of the Bootstrap ensemble under the specified model structure and parameter settings and should not be interpreted

as statistical confidence intervals.
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Figure 11: Bootstrap Uncertainty Ranges of Design Flood Hydrographs under Different Return Periods and Antecedent Wetness
States

5. Discussion

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

According to the flood-control planning of the XDY Reservoir, the current design flood standard corresponds to a 500-year
return period, while the check flood standard corresponds to a 10,000-year return period. The corresponding standard design
flood hydrographs are shown in Fig. 12. As indicated by Fig. 12 and Table 6, the conditional design flood hydrographs under
different antecedent wetness states differ markedly from the existing standard hydrographs.

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
standard hydrograph, and the time to peak occurs later. In contrast, the peak discharge under the H state is slightly higher than
the existing standard, the time to peak occurs earlier, and the flood volume is larger. These results indicate that, under the same
design rainfall conditions, the lower antecedent wetness state is associated with weaker runoff generation and routing responses,
whereas the higher antecedent wetness state enhances runoff generation and rapid routing, resulting in a more adverse
combination of peak discharge and flood volume.

Overall, the existing standard hydrograph represents a single engineering design scenario, whereas the conditional design flood
framework further characterizes differences in peak discharge, flood volume, time to peak, and hydrograph shape under
different antecedent wetness states. It therefore provides richer process-based information for design flood review and flood

risk scenario analysis.
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Figure 12: Comparison of Conditional Design Flood Hydrographs with the Existing Standard Hydrographs for Representative
Return Periods
Table 6: Comparison of Characteristic Metrics between Conditional Design Flood Hydrographs and Existing Design Standards

for Representative Return Periods

Return period (a) Scenario Peak discharge (m®/s) Time to peak (h) Flood volume (10® m?)
Existing standard 18021 69 19.25
500 L state 12254 82 18.42
H state 18922 57 2591
Existing standard 30300 69 32.37
10000 L state 20604 75 32.52
H state 31815 56 41.18

5.2 Model Applicability and Structural Validation
5.2.1 Validation Using Historical Extreme Flood Simulations

To evaluate the applicability of the developed runoff generation and routing model to historical extreme floods, two major
flood events, 19630801 and 20230728, are selected for simulation. The model adopts the spatial response relationships,
conditional unit hydrographs, and runoff generation and routing parameters determined uniformly in the preceding analyses.
No event-specific recalibration or parameter adjustment is performed during validation, thereby avoiding the influence of
event-specific tuning on model evaluation. The spatial-heterogeneity-corrected catchment-average rainfall is used as input,
and the simulated and observed flood hydrographs are compared in Fig. 13.

Model performance is evaluated using the relative peak discharge error AP,, time-to-peak error AT, relative flood volume
error AR, and Nash-Sutcliffe efficiency (NSE). As shown in Table 7, the NSE values for the two flood events are 0.80 and
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%,
and the relative flood volume errors are 26.89% and 14.62%, respectively. These results indicate that, under a unified parameter

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

conditional design flood hydrographs.
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Figure 13: Rainfall-Runoff Simulations of Historical Extreme Flood Events Using the Coupled Model

Table 7: Performance Evaluation Metrics for Historical Extreme Flood Simulations

Flood event NSE Flood volume error (AR;) (%)  Peak discharge error (AP.) (%) Time-to-peak error (AT,) (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

To quantitatively evaluate the incremental contribution of each methodological component to flood simulation performance,
five historical flood events representing different antecedent wetness states and rainfall intensity levels are selected, and four
runoff generation and routing schemes, M0-M3, are established. MO uses Thiessen-weighted areal rainfall and the Nash unit
hydrograph. M1 introduces spatial-response-corrected rainfall. M2 further incorporates an RRD-based unit hydrograph
refinement, while M3 additionally introduces nonlinear state-dependent unit hydrographs. Model performance is evaluated
using NSE, | AP. I, | AR, |, and | AT, |. All schemes use a unified parameter setting, and the results are shown in Fig. 14.
Comparison between M0 and M1 shows that the spatially heterogeneous rainfall correction increases NSE by 0.05-0.08 across
the five events and reduces flood volume errors in all cases, with the largest error decreasing from 22.22% to 8.13%. After
further introducing the RRD-based unit hydrograph refinement, M2 generally achieves additional improvements in peak
discharge, flood volume, and time-to-peak errors. Compared with M2, M3 further reduces peak discharge and flood volume
errors for all events, while the time-to-peak error is further improved by 1-2 h for three events.

Overall, from MO to M3, the mean NSE across the five events increases from 0.744 to 0.874, the mean absolute peak discharge
error decreases from 13.67% to 6.80%, the mean absolute flood volume error decreases from 18.31% to 6.45%, and the mean
absolute time-to-peak error decreases from 3.8 h to 1.4 h. These results indicate that both spatially heterogeneous rainfall
correction and state-dependent routing improve the simulation of key flood characteristics, including peak discharge, flood

volume, and time to peak, with the complete M3 model showing the best overall simulation performance.
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Figure 14: Comparison of Historical Flood Simulation Performance among the M0-M3 Incremental Model Structures

5.3 Limitations and Future Research

Although the conditional design flood hydrograph derivation method developed in this study can represent differences in flood
responses under varying antecedent wetness states and catchment response conditions, several limitations remain and warrant
further investigation.

First, the classification of antecedent wetness states is still relatively simplified. In actual catchments, wetness varies
continuously and is influenced by multiple factors, including antecedent rainfall, soil moisture, groundwater level, and
catchment storage conditions. In this study, antecedent wetness is generalized into lower and higher states, which facilitates

engineering application and interpretation but cannot fully characterize differences in runoff generation and routing under
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intermediate wetness conditions. Future studies could incorporate soil moisture, antecedent precipitation indices, groundwater
levels, and related information to develop continuous or multi-level indicators of antecedent wetness.

Second, this study mainly uses event-level Bootstrap analysis to characterize the propagation of uncertainty associated with
historical strong-rainfall samples and joint frequency estimation. Future work could further incorporate parameter uncertainty
and model structural uncertainty to provide a more comprehensive assessment of uncertainty in design flood hydrographs.

In addition, the proposed framework is validated only in the XDY Basin, and its applicability under different climatic,
topographic, and land-surface conditions remains to be further examined. Comparative applications across different types of
catchments could be conducted to evaluate the regional applicability and transferability of the method.

Finally, the engineering performance of conditional design flood hydrographs requires further evaluation. This study mainly
analyzes differences among scenarios in terms of peak discharge, flood volume, and hydrograph shape, without further
coupling the results with reservoir operation or flood risk models. Future studies could use conditional design flood
hydrographs as inputs to reservoir operation and risk assessment models to quantitatively evaluate their effects on indicators
such as maximum reservoir water level, maximum release discharge, and downstream flood risk, thereby further assessing

their engineering applicability.

5.4 Engineering Implications of Conditional Design Flood Hydrographs

The primary purpose of engineering design floods is to determine hydrological loads that are critical to flood-control safety
(Tramblay et al., 2024; Kim et al., 2026). For a given design storm, antecedent wetness can markedly affect runoff generation,
peak discharge, and time to peak. Accordingly, engineering design often adopts a higher antecedent wetness state to represent
relatively adverse conditions. However, the catchment does not necessarily remain highly wet before every extreme rainfall
event. Although using only a wet antecedent scenario may provide a conservative estimate, it cannot adequately reflect the
sensitivity of design floods to variations in antecedent conditions or their corresponding engineering implications (Poudel et
al., 2026; Guo et al., 2022).

Therefore, both lower (L) and higher (H) antecedent wetness scenarios are retained in this study. The H scenario represents
the flood response under relatively adverse antecedent conditions, whereas the L scenario serves as a reference for quantifying
the effects of antecedent wetness on peak discharge, flood volume, and time to peak, as well as for evaluating the
conservativeness of assuming a wet antecedent condition. In practical reservoir operation, the L scenario may also provide
useful information for avoiding excessive prerelease or unnecessary reservation of flood-control storage, thereby helping
balance flood-control safety and water-resource utilization.

On this basis, the conditional design flood framework further incorporates statistical uncertainty within each antecedent
wetness state. For flood-control safety checks, greater attention may be given to the H scenario and its adverse flood response.
For design flood review, comparison of reservoir operation schemes, and risk analysis, the L and H scenarios can be considered
together with their corresponding uncertainty ranges. In this way, conditional design flood hydrographs can provide more

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

Taking the XDY Basin as the study area, this study develops a conditional design flood hydrograph derivation method that
accounts for spatially heterogeneous rainfall and nonlinear nonstationary routing. Conditional rainfall-runoff responses are
identified using ERRA, and design flood hydrographs under different antecedent wetness states, together with their statistical
uncertainty, are derived by integrating state-dependent unit hydrographs, spatially corrected design rainfall, and event-level
paired Bootstrap analysis. The main conclusions are as follows.

(1) Rainfall-runoff responses in the XDY Basin exhibit pronounced state dependence and spatial variability. Increases in net
rainfall intensity and antecedent wetness both strengthen and concentrate rapid runoff responses, while clear differences in
runoff response are also observed among different spatial subregions.

(2) State-dependent unit hydrographs can characterize the nonlinear and nonstationary features of catchment routing. As net
rainfall intensity and antecedent wetness increase, the unit hydrograph peak becomes higher and the time to peak occurs earlier.
From MO to M3, the mean NSE increases from 0.744 to 0.874. The NSE values for the two historical extreme flood events are
0.80 and 0.85, respectively, indicating good model applicability.

(3) A design rainfall hyetograph framework is constructed that jointly accounts for rainfall magnitude, temporal structure, and
spatial response differences. Design rainfall magnitude is determined through joint frequency analysis of total rainfall depth
and maximum 1 h rainfall intensity, and spatial correction is then conducted by combining a representative rainfall pattern
with regional response differences. For a given return period, the L and H states use the same design rainfall input.

(4) Antecedent wetness has a pronounced influence on conditional design flood hydrographs. Compared with the L state, the
H state increases peak discharge by 54.4%-100.0%, advances the time to peak by 19-27 h, and increases flood volume by
26.6%-59.9%. As the return period increases, the increase in flood volume and the advance in time to peak generally decrease.
(5) Event-level paired Bootstrap results indicate that statistical uncertainty is concentrated mainly along the rising limb and
around the main flood peak, and generally expands with increasing return period. The paired L/H results further show that the
effects of antecedent wetness are robust to event-sample variability. The conditional design flood framework can therefore
represent both state sensitivity and statistical uncertainty, providing support for flood-control safety assessment, design flood

review, and reservoir operation risk analysis.

Code and data availability

The rainfall and hydrological datasets used in this study were provided by the Hydrographic Bureau of the Haihe River Water
Conservancy Commission, MWR, and the Hebei Baoding Hydrological Survey and Research Center. These datasets are
subject to access restrictions imposed by the data providers and therefore cannot be publicly deposited. Researchers interested
in accessing the original datasets may contact the corresponding author; access may be granted subject to approval by the
respective data providers. The model code developed in this study is available from the corresponding author upon reasonable

request.
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