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Abstract

Deterministic empirical formulas often fail to capture the epistemic uncertainties of dam
failure mechanisms, leading to biased risk estimations. To address this, we propose the
Probabilistic Hydro-Risk Forecasting System (PHRFS), a stochastic framework integrating
Latin Hypercube Sampling (LHS) with HEC-RAS 2D hydrodynamic modeling. Applied
to the Honghu-Erji Reservoir (Inner Mongolia), an ensemble of 60 stratified scenarios was
generated based on a multi-model envelope of breach parameters and simulated over a
12.5 m ALOS PALSAR DEM using the Full Momentum Shallow Water Equations with the
Eulerian–Lagrangian method (SWE-ELM). The SWE-ELM simulations reveal a heavy-tailed
distribution of peak discharge (mean 2.65 × 104 m3/s; max 5.85 × 104 m3/s), significantly
exceeding deterministic estimates. Sensitivity analysis identifies a physical dichotomy:
breach depth (Db) primarily controls flood magnitude (r ≈ 0.7), whereas formation time (t f )
governs the arrival timeline. This temporal uncertainty propagates downstream, creating
a distinct longitudinal gradient in SWE-ELM-derived warning time—ranging from rapid
onset (33.0± 19.3 min) in proximal zones to a substantial lead time (33.1± 4.2 h) in the distal
Hailar District. Consequently, a moderate coupling (r = 0.65) emerges between economic
loss and loss of life, while their spatial patterns remain strongly differentiated by warning
time and exposure. Upstream settlements face high mortality risks due to insufficient
evacuation windows, whereas the downstream urban center faces high economic exposure
(∼1.57 billion CNY) but limited life loss (∼12.15 persons). These findings provide a
scientific basis for differentiating emergency strategies, shifting from immediate life-saving
in upstream reaches to asset protection in downstream areas.

Keywords: dam breach; probabilistic flood modeling; HEC-RAS 2D; epistemic uncertainty;
risk analysis; inner mongolia

1. Introduction
Dam failures are low-probability but high-consequence events that pose severe risks

to downstream ecosystems and communities [1]. Past events, such as the Banqiao dam
failure, show the severe impacts of structural collapse [2]. In recent decades, these risks
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have increased due to aging infrastructure and more frequent hydrological extremes linked
to climate change [3,4]. At the same time, population growth in floodplains has increased
exposure to rare but extreme flood events, which further raises the potential consequences
of dam failure [5]. Recent global assessments indicate that the safety of aging dams is
becoming a growing concern, with statistical analyses suggesting that approximately
23 large dam failures may occur worldwide between 2023 and 2035 [1]. This issue is
especially relevant for reservoirs located in cold–arid transition zones, such as the Honghu-
Erji Reservoir, where non-stationary hydroclimatic conditions challenge traditional safety
assumptions. Changes in precipitation patterns are expected to increase failure probability,
particularly for reservoirs designed using stationary historical flood records [3,6]. For
this reason, the development of effective Emergency Action Plans (EAPs) has become an
important component of reservoir safety management.

A key challenge in dam-break risk assessment is the prediction of breach outflow
hydrographs. Many studies estimate breach parameters using empirical regression equa-
tions based on historical failure data [7,8]. These methods are widely used because of
their simplicity, but they show strong site dependence and large uncertainty. For example,
equations developed for arch dams may perform poorly when applied to earth–rock dams
in cold regions. Physically based models (e.g., [9,10]) can represent erosion processes in
more detail, but their use in probabilistic analysis is often limited by high computational
cost and the lack of reliable geotechnical data. As a result, probabilistic approaches that
use ensembles of empirical models are often more suitable for representing epistemic
uncertainty than relying on a single deterministic simulation [11].

Another source of uncertainty arises during flood wave propagation. Dam-break
flow simulation requires solving the Saint-Venant equations. One-dimensional models
are efficient for channel flow, but they often simplify lateral flow exchange and floodplain
inundation [12]. In contrast, two-dimensional hydrodynamic models better represent rapid
flow changes and multi-directional spreading over complex terrain, which are typical of
dam-break floods [13]. Although tools such as HEC-RAS 2D are widely used, simulation
results remain sensitive to terrain representation [14]. Digital Elevation Model (DEM)
resolution affects flow routing and local inundation patterns, which makes careful DEM
selection necessary [15].

In practice, many risk assessments address these uncertainties by selecting a single
conservative breach scenario or a single DEM product. This approach treats a stochastic
process as deterministic and can lead to biased estimates of downstream risk. Such sim-
plifications may result in either overestimation of mitigation costs or underestimation of
potential life loss. Therefore, there is a need to move from deterministic estimates toward
probabilistic approaches that represent uncertainty explicitly. From a risk analysis per-
spective, this requires a framework that combines stochastic breach characterization with
hydraulic routing to quantify downstream impacts [16].

This study addresses these needs by developing a Probabilistic Hydro-Risk Forecast-
ing System (PHRFS) for the Honghu-Erji Reservoir. The framework combines multiple
breach parameter models with high-resolution two-dimensional hydrodynamic simula-
tions. Specifically, this study aims to: (1) use Latin Hypercube Sampling (LHS) to generate
an ensemble of 60 plausible breach scenarios and represent uncertainty in breach formation;
(2) simulate flood propagation using the HEC-RAS 2D model with an ALOS PALSAR
(12.5 m) DEM to produce probabilistic hazard maps; and (3) separate hydraulic outputs
into static economic loss and dynamic loss-of-life indicators.
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2. Study Area and Materials
2.1. The Yimin River Basin

The study focuses on the Yimin River Basin (Figure 1), located in Hulunbuir City,
Inner Mongolia, Northeast China (119◦18′–121◦15′ E, 47◦35′–49◦18′ N). Geographically, the
watershed lies in the ecotonal transition zone between the Greater Khingan Mountains and
the Hulunbuir grasslands.

Figure 1. Overview of the study area. (a) location of Inner Mongolia within China; (b) location of the
Yimin River Basin within Inner Mongolia; (c) ALOS PALSAR-derived topography of the Yimin River
Basin, showing the Honghu-Erji Dam, reservoir area, towns, and river network. The Yimin River
Basin is located at 119◦18′–121◦15

′
E and 47◦35′–49◦18′ N.

https://doi.org/10.3390/w18141657

https://doi.org/10.3390/w18141657


Water 2026, 18, 1657 4 of 24

The Honghu-Erji River system constitutes the primary tributary network (Figure 1c),
with the Honghu-Erji Reservoir (shaded area) impounding runoff from the upstream
mountainous catchment. The regional topography exhibits a distinct gradient, decreasing
from the southern uplands toward the broad downstream fluvial plains. This north–
south-oriented channel geometry provides favorable conditions for rapid flood wave
propagation during extreme events, making the basin a critical domain for dam-break
inundation modeling.

As a strategic hydraulic control node, the Honghu-Erji Reservoir is anchored by a
large-scale earth–rock embankment dam. Situated in a cold-arid climatic zone, the facility
endures intense seasonal temperature fluctuations (−40 ◦C to +35 ◦C). These conditions
subject the embankment materials to severe freeze–thaw cycles, a critical factor influencing
the long-term geotechnical stability of the structure.

Climatologically, the region is governed by a cold–temperate continental monsoon
regime. The mean annual temperature ranges from −3 ◦C to 1 ◦C, and annual precipitation
varies between 350 and 450 mm, predominantly concentrated in the summer monsoon
season (June to August). Additionally, spring snowmelt contributes significantly to seasonal
runoff, driving the basin’s distinct hydrological variability.

2.2. Datasets and Model Inputs
2.2.1. Digital Elevation Model

The basin topography was represented by a 12.5 m ALOS PALSAR DEM (Figure 1c),
pre-processed to mitigate sinks and noise artifacts. Given the study’s primary focus on
breach-parameter uncertainty, a comparative DEM analysis was not performed. The 12.5 m
resolution was deemed optimal [15], providing a necessary balance between capturing
geomorphic fidelity and maintaining computational feasibility for the extensive LHS-based
stochastic simulations.Crucially, the selection of the ALOS PALSAR dataset is reinforced by
recent benchmarking from Sayeed et al. [17], who demonstrated that high-resolution DEMs
are indispensable for minimizing errors in flood depth and extent compared to coarser
global products (e.g., SRTM), a finding further corroborated by Lima et al. [18].

2.2.2. Land Use and Downstream Exposure Zones

The LULC distribution (Figure A1) reveals a concentration of built-up areas and
croplands along low-lying river valleys, creating high-exposure zones coincident with
primary flood pathways. To reflect surface heterogeneity, Manning’s roughness coefficients
(n) were assigned by integrating LULC categories with soil texture data (Table 1). This
combined parameterization captures variations in vegetation density and infiltration-
ponding behavior across the hydraulic domain.

Table 1. Manning’s roughness coefficients (n, unit: s/m1/3) assigned to land cover categories.

Type Water Grass Crop Wetland Built-Up Shrub Forest

n Value 0.025 0.035 0.040 0.045 0.060 0.080 0.100

2.2.3. Soil Data

Soil texture data (Figure A2) were extracted from the Harmonized World Soil Database
(HWSD v1.2) [19]. This dataset informed the parameterization of infiltration rates. Note that
in the context of catastrophic dam-break scenarios, vertical infiltration losses are considered
secondary to the dominant advective flow processes.
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2.2.4. Population Distribution

The spatial distribution of the exposed population was derived from the WorldPop
gridded dataset (2020) [20], which provides estimates at a resolution of ∼100 m. Prior
to risk assessment, the population and hydraulic output rasters were projected to a com-
mon consequence-analysis grid for spatial overlay. This harmonization was used only
to minimize geometric misalignment during raster algebra and does not imply popu-
lation or hydraulic information finer than the original WorldPop data or the HEC-RAS
computational mesh.

2.2.5. Reservoir Stage-Storage Curve

The dam spans an axis length of 1010.3 m with a crest elevation of 760.2 m. Hy-
drologically, the reservoir operates at a Normal Water Level (NWL) of 752.4 m. Its flood
mitigation capacity is defined by a Design Flood Level (P = 1%) of 755.40 m and an extreme
Check Flood Level (P = 0.05%) of 758.75 m. Geometric characteristics were defined by the
stage–storage relationship provided in Appendix A (Figure A3).

2.2.6. Data Summary

Table 2 summarizes the multi-source datasets integrated into the PHRFS, detailing
their specifications and specific roles in the modeling framework.

Table 2. Summary of datasets and hydraulic parameters used in the PHRFS.

Category Dataset Resolution Key Attributes Application in
PHRFS

Topography ALOS PALSAR
DEM 12.5 m

Pre-processed
for sink filling
and smoothing.

Geometric
foundation for
the 2D hydraulic
domain.

Land Cover LULC Map Basin-scale
Grassland,
forest, cropland,
built-up, etc.

Defines
exposure zones;
basis for
Manning’s n.

Soil Properties HWSD v1.2 Grid-based Soil texture and
moisture.

Informs
infiltration and
surface micro-
roughness.

Population WorldPop (2020) ∼100 m

Projected to a
common
consequence-
analysis grid.

Quantifies
human exposure
for Loss of Life
(LOL).

Reservoir Design Docs N/A
Key operating
levels (NWL,
Design, Check).

Initial boundary
conditions and
breach storage.

3. Methodology
3.1. Overview of the Probabilistic Forecasting Framework

As illustrated in Figure 2, the proposed Probabilistic Hydro-Risk Forecasting System
(PHRFS) establishes a systematic framework to propagate epistemic uncertainty from
data input to decision support. The architecture operates through five interconnected
phases. Initially, multi-source geospatial datasets—including ALOS PALSAR DEM (12.5 m)
and land use layers—are synthesized to construct geometric and roughness boundary
conditions. Central to the framework is a stochastic breach strategy that employs Latin
Hypercube Sampling (LHS) to generate N = 60 stratified failure scenarios, thereby sam-
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pling the uncertainty envelope represented by the selected breach relations and physical
constraints. These scenarios subsequently drive the HEC-RAS 2D engine, which com-
putes unsteady flood propagation using the Full Momentum Shallow Water Equations
with the Eulerian–Lagrangian method (SWE-ELM) on a sub-grid bathymetry mesh. The
resulting hydraulic outputs are then decoupled into static depth and dynamic intensity
metrics (D × V) and overlaid with socio-economic data to quantify direct consequences.
Ultimately, the ensemble results are aggregated to produce exceedance probability curves
and probabilistic risk maps, providing an evidence-based foundation for Emergency Action
Plans (EAPs).

Figure 2. Methodological workflow of the proposed PHRFS. The framework is organized into
five interconnected phases, illustrating the propagation of data and epistemic uncertainty through
the modeling chain: (1) Data Acquisition and Pre-processing; (2) Stochastic Breach Framework
(N = 60 scenarios); (3) 2D Hydrodynamic Modeling; (4) Risk and Damage Quantification; and
(5) Probabilistic Risk Synthesis for decision support.
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3.2. Stochastic Breach Parameterization
3.2.1. Quantifying Epistemic Uncertainty via a Multi-Model Envelope

To rigorously propagate epistemic uncertainty across competing breach parameteri-
zations, we constructed a multi-model ensemble and applied Latin Hypercube Sampling
(LHS) to achieve stratified coverage of the resulting parameter space. This stochastic design
significantly improves space-filling properties and mitigates the clustering artifacts often
associated with naïve Monte Carlo simulations [21].

Five widely cited regression methods were selected to estimate the key breach parame-
ters: final breach width (Bf), breach depth (Db), breach formation time (t f ), and side slopes
(z). These methods include Froehlich [7,22], MacDonald and Langridge-Monopolis [23],
Von Thun and Gillette [24], and Xu and Zhang [8]. This selection integrates both geometry-
based and volume-based predictors, ensuring a comprehensive assessment of potential
failure mechanisms (Table 3).

The empirical relations were not treated as fully independent evidence streams, be-
cause several of them were derived from overlapping historical dam failure case compila-
tions. In particular, Von Thun and Gillette [24], Froehlich [22], and Froehlich [7] are related
through the broader historical embankment-dam failure literature, whereas MacDonald
and Langridge-Monopolis [23] and Xu and Zhang [8] provide complementary formulations
based on different or expanded case compilations. Therefore, the LHS ranges used here
should be interpreted as an uncertainty envelope represented by the selected empirical
relations and physical constraints, rather than the full range of possible breach uncertainty.

The stochastic parameterization was designed to represent epistemic uncertainty in
the central predictions of competing empirical methods. Where the original studies report
prediction errors or scatter around their regression equations, these residual uncertainties
indicate additional model uncertainty that is not fully resolved by simply comparing
equation means. In this study, the adopted ranges therefore combine the spread among
selected empirical predictions with site-specific physical constraints on breach geometry
and formation time. They should be interpreted as a conservative engineering envelope for
scenario generation, while acknowledging that regression residuals and database overlap
may still leave part of the full breach-model uncertainty unrepresented.

Table 3. Summary of empirical regression equations for estimating dam breach parameters.

Method Breach Width/Volume Equations Formation Time (t f ) Slope (z)

Froehlich [22] Bf = 0.1803KoV0.32
w h0.19

b t f = 0.00254V0.53
w h−0.90

b 1.4/0.9 a

Froehlich [7] Bf = 0.27KoV0.32
w h0.04

b t f = 63.2
√

Vw/(gh2
b) 1.0/0.7 a

MacDonald [23] Veroded = 0.0261(Vouthw)0.769 t f = 0.0179V0.364
eroded 0.5

Von Thun [24] Bf = 2.5hw + Cb 0.015hw ≤ t f ≤ 0.025hw 0.5

Xu & Zhang [8] Bf
hb

= ξ1(
V1/3

w
hw

)0.652eB3
t f
Tr

= ξ2(
V1/3

w
hw

)1.228eB5 Calc. Eq.

Note: Vw: Reservoir volume (m3); hb: Breach height (m); hw: Water depth above invert (m); Vout: Outflow volume
(m3); Ko : Failure mode factor. a Values for overtopping/piping respectively. ξ1, ξ2 denote geometric coefficients;
Tr is reference time (1 h).

3.2.2. Latin Hypercube Sampling (LHS)

To quantify the epistemic uncertainty arising from these empirical equations, we
transitioned from deterministic “worst-case” scenarios to a probabilistic framework. The
variability ranges of four key parameters—final breach width (B f ), breach formation time
(t f ), breach depth (Db), and side slope (z)—defined by the multi-model envelope and
physical feasibility constraints served as the boundary conditions for the sampling space
(Table 4).
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LHS was employed to generate the input vectors due to its computational efficiency
in stratifying the parameter space [25]. A total of N = 60 unique parameter sets were
generated, where each set represents a plausible realization of the dam breach event.
These scenarios were simulated using the HEC-RAS 2D engine to derive full probability
distributions of downstream flood consequences, specifically focusing on peak discharge
(Qp), flood arrival time (Tarr), maximum inundation depth (Dmax), and maximum flow
velocity (Vmax).

Because most empirical breach relations directly predict breach width and formation
time rather than breach depth, Db was derived from reservoir and dam geometry instead
of being treated as a direct output of every empirical equation. Specifically, breach depth
was defined as the difference between the initial reservoir water surface elevation and the
final breach-bottom elevation:

Db = Zinitial − Zbottom, (1)

where Zinitial was set to the check flood level (758.75 m) and Zbottom was sampled within
physically feasible breach-bottom elevations constrained by the dam and valley geometry.
The resulting Db range was therefore used as a physically constrained uncertain variable
coupled with the empirical width and formation-time estimates.

Table 4. Prior distributions and physical constraints for breach parameters used in the
stochastic framework.

Parameter Unit Prior U(min, max) Constraints Derivation/Source

Final Bottom Width (B f ) m U(20.0, 404.0) 0 < B f ≤ Lcrest

Multi-model
empirical envelope
and dam-crest
length constraint.

Formation Time (t f ) h U(0.3, 6.0) t f > 0

Multi-model
empirical envelope
from breach-
formation-time
equations.

Breach Depth (Db) m U(19.3, 32.2) 0 < Db ≤ Hdam

Derived from
Db = Zinitial − Zbottom
using the check
flood level and
feasible
breach-bottom
elevations.

Side Slope (z) – U(0.5, 3.0) z > 0

Empirical side-slope
recommendations
and physical
feasibility bounds.

3.3. Hydraulic Modeling Setup

The propagation of the dam-break flood wave was simulated using HEC-RAS 2D
(Version 6.6), which provides an integrated framework for unsteady hydraulic routing and
explicit resolution of floodplain connectivity. The HEC-RAS 2D solver has been extensively
validated for complex unsteady flows, proving capable of accurately capturing flood wave
propagation in irregular terrains where 1D approximations fail [14,26].

https://doi.org/10.3390/w18141657
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3.3.1. 2D Hydraulic Model Configuration

To balance the computational demand of the stochastic ensemble (N = 60) with terrain
representation, the computational domain was reconstructed using a structured 2D mesh
with a global cell size of 50 m and local refinement to 30 m along the main river valley, key
downstream flow corridors, and important towns and residential areas. Breaklines were
applied along the main channel and key hydraulic corridors. The ALOS PALSAR DEM
was incorporated through HEC-RAS sub-grid bathymetry, which pre-computes elevation–
storage relationships and face conveyance properties from the underlying 12.5 m terrain.
This approach improves the representation of storage and conveyance within computational
cells, while velocity-sensitive indicators are interpreted at the computational-mesh scale.

In response to the rapidly varied nature of dam-break flow, the revised simulations
used the HEC-RAS 2D Full Momentum Shallow Water Equations with the Eulerian–
Lagrangian method (SWE-ELM). Unlike the diffusion-wave approximation, this solver
retains the local and convective acceleration terms and is therefore more appropriate for
representing inertial wave propagation, rapid flow-regime transitions, and momentum-
dominated flow immediately downstream of the breach. Because neglecting inertial terms
can attenuate peak discharge and delay near-field arrival time in dam-break routing, the
revised values of Qp and Tarr reported in the abstract and results were recalculated from
the SWE-ELM simulations rather than from diffusion-wave routing. All 60 breach scenarios
were rerun with SWE-ELM, and the exported maximum depth, maximum velocity, arrival
time, and D × V rasters were used for the subsequent consequence analysis.

3.3.2. Boundary and Initial Conditions

The simulation was driven by the upstream boundary defined by the initial reservoir
stage, where breach progression was dynamically calculated based on the LHS-generated
parametric inputs (B f , t f , Db, z). The breach outflow was computed internally by HEC-RAS
according to the prescribed breach geometry, reservoir stage, and local hydraulic conditions,
rather than being imposed as a manually redistributed point inflow across selected bound-
ary cells. A Normal Depth condition was applied at the downstream boundary, defined by
the average friction slope of the valley, to prevent artificial backwater effects. To ensure
numerical stability, an adaptive time step controlled by the Courant–Friedrichs–Lewy (CFL)
condition was employed, allowing the time step to vary dynamically (seconds to minutes)
during the rapid breach release phase.

3.4. Consequence Assessment Framework

The hydraulic results from the multi-scenario simulations (Section 3.3) are used as
inputs for the consequence assessment. This study uses a framework that combines
hydraulic hazard intensity with socio-economic exposure to estimate downstream risk in a
probabilistic manner.

3.4.1. Hydraulic Hazard Classification

Flood hazard intensity is not determined by water depth alone. Flow velocity also
affects human stability and structural damage, especially during the rapid rise of a dam-
break flood. For this reason, a combined depth–velocity (D × V) severity index was
employed to classify hazard zones. In the revised simulations, both maximum inundation
depth and maximum velocity were derived from the HEC-RAS 2D SWE-ELM results, which
retain the inertial terms required for rapidly varied dam-break flow. Recent post-flood
investigations in Northern China have demonstrated that mortality rates in flash floods are
highly sensitive to flow mechanics, with vulnerability increasing significantly as a function
of impact force and velocity [27–29]. Based on commonly used flood hazard criteria for
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people and vehicles, the inundated area was divided into six hydraulic hazard classes
(Table 5). Because velocity is solved at the computational-mesh scale, the resulting D × V
classes are interpreted as reach- to cell-scale hazard indicators rather than building-scale
impact forces.

Table 5. Hydraulic hazard classification based on the depth–velocity intensity index.

Class
Hydraulic Intensity

Interpretation
(D × V , m2/s)

I (Low) <0.3 Generally safe for people, vehicles, and buildings under
shallow-flow conditions.

II (Minor) 0.3–0.6
Unsafe for small vehicles and vulnerable pedestrians;
wading becomes difficult for children and
elderly people.

III (Moderate) 0.6–1.0
Unsafe for most vehicles and general public wading;
only trained personnel may move under
controlled conditions.

IV (Significant) 1.0–2.0 Unsafe for people and vehicles; light-frame structures
may be damaged and debris hazards increase.

V (Extreme) 2.0–4.0 High risk of structural damage and vehicle instability;
survival requires immediate refuge.

VI (Catastrophic) >4.0 Potential for severe structural failure; survival is
unlikely for people directly exposed to the flow.

In addition to hydraulic intensity, available warning time controls whether exposed
populations can evacuate before the flood peak arrives. Table 6 defines evacuation zones
using flood arrival time (Ta) and related fatality assumptions. Areas with short arrival
times have limited or no warning, while areas with longer arrival times allow for partial or
complete evacuation, depending on the available time.

Table 6. Evacuation zone classification based on flood arrival time (Ta) and fatality assumptions.

Zone Arrival Time Evacuation and Fatality Assumption

Rapid response zone Ta < 60 min No effective warning. Evacuation is unlikely. Fatality
rate depends mainly on hydraulic intensity (D × V).

Effective evacuation
zone

60 min ≤ Ta < 6 h Partial evacuation possible. Fatality rate varies with
flood severity and evacuation efficiency.

Low life-loss risk zone Ta ≥ 6 h Sufficient warning for evacuation under the model
assumptions. Fatality rate is assumed to be negligible.

3.4.2. Spatially Distributed Loss of Life (LOL) Modeling

To address the limitations of static exposure assumptions, this study adopts a dynamic,
spatially distributed approach to estimate loss of life (LOL). The method is built on the
framework of Graham [30] and is conceptually consistent with the Reclamation Conse-
quence Estimating Methodology (RCEM) widely used in dam safety risk analysis [31].
Flood arrival times (Ta) derived from HEC-RAS 2D simulations are incorporated to enable
grid-based estimation, allowing for spatial variability in flood hazard and population
exposure to be explicitly represented.

LOL is estimated by jointly considering flood hazard intensity, warning and evacua-
tion effectiveness, and population distribution. Hazard intensity is quantified using the
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depth–velocity index (D × V), while flood arrival time (Ta) is used to define evacuation ef-
fectiveness through available warning time. Fatality rates are assigned as a function of both
hydraulic intensity and effective warning time and aggregated with gridded population
data to estimate scenario-specific life loss.

The total loss of life for each stochastic scenario Sk is calculated as

LOLk =
N

∑
i=1

[POPi · F(Di, Vi, Tw,i)] (2)

where POPi is the population count in analysis cell i, derived from the WorldPop dataset
and overlaid with the hydraulic outputs on the common consequence-analysis grid, and
F(·) is the fatality rate function defined by hydraulic intensity (D × V) and warning
time (Tw).

The effective warning time (Tw) is defined as the time between the release of an official
warning and the arrival of the flood front. Flood arrival time (Ta) represents the physical
travel time of the flood wave. A dissemination delay (∆tdelay) of 30–60 min is included
to represent information transmission and response delays under regional emergency
conditions. The effective warning time is therefore calculated as Tw = max(0, Ta − ∆tdelay).
Based on the resulting warning time and evacuation efficiency, the floodplain is divided
into three evacuation zones (Table 6).

3.4.3. Economic Loss Assessment

Direct economic damage was quantified using Depth-Damage Functions (DDFs).
While maximum asset values were derived from local statistical yearbooks (Table 7), the
fractional damage susceptibility curves were cross-referenced with the global flood damage
guidelines developed by the Joint Research Centre [32]. This approach ensures that the
non-linear relationship between inundation depth and asset depreciation is consistent with
international standards, particularly for residential and agricultural assets. Furthermore,
a velocity-based correction was applied to account for total structural failure induced by
high-momentum flows. Specifically, for grid cells where the hydraulic intensity exceeded a
critical threshold (D × V > 4.0 m2/s), a damage ratio of 100% was assigned regardless of
the static inundation depth. The total economic loss is calculated as

Ltotal =
N

∑
i=1

M

∑
j=1

(
Ai,j · Vmax,j · α(hi)

)
(3)

where

• Ltotal is the total aggregated economic loss;
• Ai,j is the area of land use type j within grid cell i;
• Vmax,j is the maximum asset value (replacement cost) per unit area for land use type j;
• α(hi) is the damage percentage (0–100%) corresponding to the maximum water depth

hi, subject to the velocity override condition mentioned above.

Table 7. Economic parameters for land use categories used in flood loss estimation.

ID Category Unit Value a Depth-Damage Reference/Basis
(CNY/m2) Sensitivity

1 Cropland 4.5 High Statistical Yearbook
2 Forest 8.0 Low Restoration Cost
3 Shrubland 5.0 Low Restoration Cost
4 Grassland 1.2 Medium Animal Husbandry Value
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Table 7. Cont.

ID Category Unit Value a Depth-Damage Reference/Basis
(CNY/m2) Sensitivity

5 Water 0 None –
6 Barren 0 None –
7 Built-up 1200 High Housing Construction Cost
8 Wetland 0.5 Low Ecosystem Service (Partial)

Note: ID corresponds to the classification code in the GLC_FCS30 dataset. a Unit values are estimated based on
regional market prices (2024 level) and replacement costs.

4. Results
4.1. Probabilistic Breach Outflow Dynamics

The proposed PHRFS sampled the uncertainty envelope represented by the selected
empirical breach relations and physical constraints, generating a peak discharge (Qp)
distribution that extends beyond the limitations of single deterministic equations. The
application of LHS generated N = 60 plausible breach scenarios, resulting in a substantial
range of hydraulic loading conditions.

As illustrated in Figure 3a, the peak discharges exhibited significant variability, rang-
ing from a minimum of 6213 m3/s to a maximum of 58,525 m3/s, with a mean value of
26,490 m3/s. The empirical breach relations were used to define the stochastic ranges of
breach width, breach depth, side slope, and formation time, whereas Qp was obtained
from the revised SWE-ELM hydraulic simulations rather than from a single empirical
peak-flow equation.

However, exclusive reliance on a single deterministic relation or parameter set would
fail to capture the “heavy-tailed” risk revealed by the PHRFS, particularly where the upper
quantile (10% of stochastic scenarios) produced discharges exceeding 45,800 m3/s. By
integrating the multi-model envelope, the system effectively mitigates the site-specific bias
inherent in individual regression methods.

Figure 3 presents an integrated analysis of how epistemic uncertainty in breach param-
eters propagates to the dam-breach outflow response. The sensitivity analysis (Figure 3c–f)
shows that breach depth (Db) has the strongest control over peak discharge (Qp), with
a clear positive correlation (Pearson’s r ≈ 0.7). This reflects the role of breach depth in
controlling the effective hydraulic head driving the outflow. Breach formation time (Tf )
exhibits a negative correlation with Qp (Figure 3d), as shorter formation times lead to more
rapid release of reservoir storage. In contrast, final breach width (B f ) and side slope (Z)
show weaker correlations with peak discharge, indicating a secondary influence under the
sampled parameter ranges.

The ensemble of dam-breach hydrographs derived from the 60 LHS scenarios
(Figure 3g) shows substantial variability in peak magnitude and rising limb shape, while
recession behavior is more consistent across scenarios. The ensemble mean is consistently
lower than the upper envelope, and the worst-case hydrograph exceeds the mean by a
large margin, reflecting the spread introduced by parameter uncertainty.

To assess whether the identified sensitivity patterns are supported by a sufficient
sample size, a convergence analysis of Qp was performed (Figure 3b). The cumulative
mean of peak discharge stabilizes as the number of simulations increases and shows limited
variation beyond approximately 40 realizations. At the same time, the 95% confidence inter-
val of the cumulative mean progressively narrows with increasing sample size, indicating
that the LHS ensemble provides a stable statistical representation of peak discharge for the
subsequent analysis.
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Figure 3. Probabilistic characterization and sensitivity analysis of dam-breach peak discharge (Qp)
based on 60 Latin Hypercube Sampling (LHS) scenarios. (a) Probability distribution of Qp, shown
by a normalized histogram and a kernel density curve. The red dashed line marks the sample
mean (26.49 × 103 m3/s). (b) Convergence analysis of the cumulative mean of Qp as the number of
simulations increases. The shaded area shows the 95% confidence interval of the cumulative mean,
and the vertical dashed line indicates the convergence threshold (N ≈ 50). (c–f) Sensitivity of Qp to
key breach parameters, including final breach width (B f ), formation time (Tf ), breach depth (Db), and
side slope (Z). Scatter plots show LHS samples, while dashed lines indicate linear trends. Pearson
correlation coefficients (r) are reported for each parameter. (g) Ensemble of dam-breach outflow
hydrographs generated from the 60 scenarios. The solid line shows the ensemble mean, the shaded
area represents the 95% uncertainty band, and the dotted line shows the worst-case envelope.

4.2. Probabilistic Propagation and Warning Windows

The simulation results show how the flood wave changes as it moves from the dam to
the downstream plain. Figure 4 illustrates these changes at three key locations. In the first
zone (Honghu-Erji Town, ∼3 km), the settlement faces the immediate impact of the breach
outflow (Figure 4a). The analysis shows that the flood front arrives almost instantly (Mean
Tarr = 33.0 ± 19.3 min), and the peak flow follows very quickly at Tp = 122.3 ± 61.6 min.
Because the warning time before first inundation is extremely short, organized evacuation is
nearly impossible. Therefore, Honghu-Erji is a “Zero-Warning Zone” where safety depends
on the strength of buildings. As the flood moves to the middle zone (Yimin Town, ∼45 km),
it changes slightly (Figure 4b). Although the river channel reduces the flow, the wave
remains powerful, with scenario peak discharges averaging 12,720 m3/s and reaching up
to 19,651 m3/s. The arrival time is delayed to about 7.0 ± 1.8 h (419.8 ± 105.2 min), and the
peak flow arrives at Tp = 468.7 ± 105.9 min. The time between first arrival and peak flow
remains short (Tp − Tarr ≈ 48.9 min). Thus, automated early warning systems are needed
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to use this brief time effectively. Further downstream in the Hailar District (∼120 km), the
flood wave spreads out significantly (Figure 4c). Floodplain storage and friction reduce
the mean scenario peak discharge from 12,720 m3/s at Yimin Town to 1438 m3/s at Hailar,
corresponding to an attenuation of about 88.7%. The arrival time is delayed to 33.1 ± 4.2 h
(1988.5 ± 249.2 min). The peak flow arrives later at Tp = 39.5 ± 4.5 h (2369.7 ± 271.3 min).
This delay gives people enough time to reach safety. However, the flood lasts longer,
shifting the main risk from fast-moving water to long-term flooding, which threatens
underground infrastructure.

Figure 4. Spatiotemporal evolution of flood wave dynamics at three strategic downstream receptors.
(a) Proximal Zone (Honghu-Erji Town, ∼3 km): The section experiences an instantaneous hydraulic
shock with negligible lag time, constituting a “Zero-Warning” high-risk zone. (b) Transitional Zone
(Yimin Town, ∼45 km): The hydrograph retains impulsive energy but exhibits a discernible arrival
delay, offering a finite yet critical evacuation window. (c) Distal Zone (Hailar District, ∼120 km): The
wave undergoes significant diffusive attenuation and temporal dispersion. The widened uncertainty
band reflects the cumulative stochasticity in flood arrival times. Note: The orange dashed line
indicates the worst-case envelope, while the solid colored line represents the ensemble mean.

4.3. Spatial–Temporal Characteristics of Hydraulic Hazards
4.3.1. Spatial Decoupling of Hydrodynamic Variables

A comparative analysis of Figure 5a,b reveals a distinct spatial decoupling between
static and dynamic hazard components. The maximum inundation depth (Dmax) is pre-
dominantly topographically controlled, with deep-water zones (>5.0 m) accumulating
in agricultural depressions. This distribution suggests that while asset damage may be
widespread due to submergence, it does not necessarily correlate with immediate life
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safety risks. Conversely, high-velocity zones (>3.0 m/s) are strictly confined to the main
river thalweg.Notably, the floodplain exhibits a characteristic “High-Depth, Low-Velocity”
regime (V < 1.0 m/s); although sufficient to cause structural degradation, the reduced
dynamic intensity allows for feasible wading or vehicle evacuation, provided adequate
warning time is available.

Figure 5. Spatial–temporal distribution of hydrodynamic hazard indicators under the worst-case
breach scenario. (a) Maximum Inundation Depth (Dmax): Highlighting deep-water accumulation
in the reservoir backwater and low-lying floodplains. (b) Maximum Flow Velocity (Vmax): Showing
high-velocity jets confined to the main channel. (c) Hydraulic Hazard Index (D × V): Identifying
“Critical Instability Zones” where specific force exceeds human stability thresholds (>1.5 m2/s).
(d) Flood Arrival Time (Tarr): Illustrating the longitudinal gradient of warning time, ranging from
<30 min in upstream Yimin Town to >30 h in downstream Hailar.

4.3.2. Zonation of Critical Instability

Figure 5c synthesizes depth and velocity into the Hydraulic Hazard Index, establish-
ing a spatially explicit basis for risk stratification. Zone I: The High-Intensity Core. A
catastrophic corridor characterized by D × V > 4.0 m2/s dominates the primary channel
and the immediate breach path (Class VI). In this zone, the momentum flux is sufficient to
induce total failure of reinforced concrete structures, rendering survival unlikely for any
exposed population regardless of protective measures. Zone II: The Transitional Hazard
Belt. Surrounding the core, a transitional zone exhibits intensities between 1.0 and 4.0 m2/s
(Class IV–V). While masonry structures face a significant collapse risk, the primary threat
to life in the distal fringe arises from the loss of pedestrian and vehicular stability. This
creates a “conditional survival zone” where safety is contingent upon reaching vertical
refuge immediately. Zone III: The Low-Intensity Downstream Zone. Downstream areas
are characterized by lower hydraulic intensity (D × V < 1.0 m2/s) and slower floodplain
flow than the upstream breach corridor. Under the evacuation assumptions adopted in
this study, these hydraulic conditions correspond to substantially lower life-loss potential,
provided that residents receive timely warnings.
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4.3.3. Longitudinal Gradient of Arrival Time

The spatial–temporal evolution of the flood front (Figure 5d) establishes the warning
window as the primary determinant for risk mitigation. The analysis reveals a pronounced
upstream–downstream gradient: proximal settlements endure an immediate shock where
the flood front arrives in less than 1 h (Tarr < 60 min), precluding organized evacuation.
This temporal constraint serves as the key driver for the mortality clusters observed in
Honghu-Erji Town. In contrast, significant channel attenuation and floodplain storage delay
the arrival time to >30 h in the Hailar District. This substantial lead time (Tarr ≫ Tsafe)
effectively neutralizes the lethal potential of the flood in high-exposure urban areas, en-
suring that evacuation from low-velocity inundation zones can be completed prior to the
peak stage.

4.4. Probabilistic Consequence Analysis: Risk Decoupling

To visually verify the transition from exposure to consequence, Figure 6 presents a
side-by-side comparison of population density and simulated fatality distribution. While
the population (Figure 6a) is clustered in the upstream settlements (Honghu-Erji and Yimin
Towns) and the downstream Hailar District, the fatality distribution (Figure 6b) reveals a
distinct spatial contraction.

Figure 6. Spatial heterogeneity of population exposure and simulated loss of life (LOL). (a) Population
Density (Pd): Clustered in both riverside towns and distal urban districts. (b) Fatality Density (Ld):
Strictly confined to upstream high-velocity zones. The comparison visually confirms the “Spatial
Decoupling” effect, where downstream urban centers (Hailar) show high population but near-zero
fatalities due to sufficient warning time.

Significant loss of life (LOL) is strictly confined to the proximal reach (Honghu-Erji
Town) and the narrow riparian corridor of Yimin Town. In Honghu-Erji Town, two critical
conditions converge: (i) high hydraulic intensity (D × V > 1.0 m2/s) and (ii) minimal
warning time (Tarr < 1 h). In contrast, Yimin Town benefits from a longer warning window
of approximately 6 h. However, the high flow velocity within its narrow river corridor still
poses a significant risk to anyone who fails to evacuate in time.
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Notably, despite Hailar District having the highest population density in the basin,
the fatality density there is near-zero. This spatial pattern corroborates the decisive role
of the temporal variable in our framework: the adequate lead time (>30 h) available in
distal reaches successfully decouples high population exposure from high mortality risk.
In these downstream areas, the hazard is effectively transformed from a life-threatening
surge into a manageable economic displacement event, as residents have sufficient time to
exit Class II–III hazard zones before the arrival of the flood peak.

The stochastic simulations reveal distinct distributional characteristics for the
two consequence dimensions (Figure 7). The estimated economic loss concentrates around
a mean of 1.57 billion CNY, driven by widespread inundation of downstream assets. In
contrast, the life loss exhibits a low mean of 12.15 persons (Figure 7d). Unlike deterministic
estimates that might assume static exposure, our dynamic evacuation modeling indicates
that catastrophic mass-fatality events are rare outliers in this basin.

Figure 7. Integrated probabilistic risk assessment of economic loss and loss of life (LOL). (a) Scatter
plot illustrating the correlation between economic damage and human casualties (r = 0.65). (b) Com-
parative risk profiles via dual-axis Exceedance Probability Curves (EPCs), where the red and blue
curves represent the EPCs for economic loss and LOL, respectively. (c) Frequency distribution of eco-
nomic loss, with the blue bars and blue curve representing the histogram and kernel density estimate,
respectively; the dashed vertical line indicates the mean economic loss (Mean: 1.57 billion CNY).
(d) Frequency distribution of life loss, with the red bars and red curve representing the histogram
and kernel density estimate, respectively; the dashed vertical line indicates the mean LOL (Mean:
12.15 persons).

A critical finding is presented in Figure 7a, which investigates the relationship between
financial and human consequences. The analysis yields a moderate positive correlation
(r = 0.65), while also showing that the two consequence dimensions are not spatially equiv-
alent: scenarios with high economic damages, often corresponding to broad downstream
inundation, do not necessarily produce proportional fatalities. This partial decoupling is
attributed to the role of warning time: downstream urban areas benefit from sufficient
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lead time for evacuation, restricting residual life risks primarily to the immediate upstream
vicinity of the dam.

5. Discussion
5.1. Model Robustness and Comparative Performance

Given the absence of observed dam-break hydrographs for the Honghu-Erji Reservoir,
this study does not aim to reproduce a specific historical event but rather to quantify the
propagation of epistemic uncertainty. To validate the plausibility of the PHRFS, the stochas-
tic ensemble was benchmarked against established deterministic regression methods.

The comparative analysis reveals that deterministic estimates can strongly depend
on the selected breach relation and hydraulic-routing assumptions, because empirical
breach equations primarily constrain breach geometry and formation time rather than
the full routed hydrograph. Reliance on a single deterministic parameter set therefore
masks critical tail risks. The probabilistic forecast generated by PHRFS exposes a “risk
profile” with heavy tails, where the upper quantile (10% probability) yields discharges
exceeding 45,800 m3/s. This confirms that deterministic “point estimation” fails to capture
low-probability, high-consequence scenarios, whereas the proposed framework successfully
uncovers these hidden hazards.

Furthermore, it is pertinent to contextualize this physics-based approach within the
emerging landscape of data-driven hydrology. While recent advances in deep learning,
such as Transformer-based models and LSTM networks, offer rapid real-time forecasting
capabilities [33,34], their application is fundamentally constrained by the need for extensive
historical training datasets. In the context of dam breaches—which are rare, “black swan”
events with virtually no site-specific training samples—the proposed PHRFS remains
the most robust methodology. By generating synthetic yet physically plausible hazard
scenarios, it overcomes the data scarcity barrier that currently limits the applicability of AI
surrogates in catastrophic risk assessment.

5.2. Uncertainty Propagation and Parameter Sensitivity

Using LHS (N = 60) for stratified parameter coverage, this study quantifies the
propagation of breach uncertainties. Results confirm the site-specific sensitivity empha-
sized by Schmitz et al. [35], revealing a clear physical dichotomy: (1) Magnitude control:
Breach depth (Db) dominates peak discharge (r ≈ 0.70) by controlling the hydraulic head.
(2) Timing control: Breach formation time (t f ) governs the flood arrival time (Tarr). No-
tably, uncertainty in t f generates a temporal variability of ∼4.2 h (249.2 min) downstream.
This significant dispersion invalidates deterministic arrival predictions, necessitating the
adoption of probabilistic arrival windows to avoid dangerous delays or premature safety
declarations in emergency response.

5.3. The Role of Early Warning and Risk Decoupling

A pivotal finding is the differentiated relationship between economic loss and
loss of life (r = 0.65), mechanistically mediated by warning time (Tw). Consistent
with Jiao et al. [36], our results confirm that fatality distribution is non-linear and time-
dependent. Upstream settlements (e.g., Honghu-Erji) face a “Zero-Warning” shock
(Tarr < 60 min), where the narrow evacuation window concentrates fatalities (∼12), necessi-
tating automated sensor-linked alerts. In contrast, the downstream Hailar District benefits
from a >30 h safety window, which weakens the translation from high asset exposure to
mortality [5]. By incorporating these dynamic arrival times, the model underscores that the
primary value of EWS lies in managing the time variable.
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5.4. Implications for Emergency Decision-Making

This probabilistic framework improves emergency decision-making in three ways.
First, it replaces fixed safety boundaries with continuous risk levels. This helps identify
“Hidden Risk Zones” that appear safe under average conditions but still require evacuation
planning. Second, it supports the use of probability-based evacuation triggers (e.g., issuing
warnings when the probability of Tarr < 1 h exceeds 5%). This approach accounts for
the uncertainty in breach formation time. Finally, quantifying risk probabilities helps
allocate resources more effectively. It suggests directing structural investments toward
likely hazards, while using financial tools to manage rare, extreme events.

5.5. Limitations and Future Work

Despite the robust probabilistic framework, this study acknowledges several limita-
tions. First, the breach-parameter ranges represent the uncertainty envelope of selected
empirical relations and physical constraints, but they do not explicitly sample the full
regression-residual uncertainty of each empirical equation; partial overlap among histor-
ical case databases may also reduce the effective independence of the selected formulas.
Second, the hydraulic simulations adopted a clear-water assumption, neglecting sediment
transport and bed morphological evolution, which are common in earth-dam failures.
Third, the 12.5 m DEM resolution, while superior to global datasets, may oversimplify flow
paths in the complex urban environments of the Hailar District compared to LiDAR data.
Fourth, although the SWE-ELM solver improves the representation of rapidly varied flow
relative to the diffusion-wave approximation, velocity-sensitive indicators such as Vmax

and D × V are still interpreted at the computational-mesh scale and should not be treated
as building-scale impact forces. Fifth, the evacuation model assumes rational response
behavior; future iterations should incorporate agent-based modeling to simulate traffic
dynamics and social compliance. Finally, given the cold–arid context, future research
should investigate the compounding effects of river ice breakup and freeze–thaw cycles on
flood propagation dynamics.

6. Conclusions
This study developed a Probabilistic Hydro-Risk Forecasting System (PHRFS) to

quantify the propagation of epistemic uncertainties in dam breach modeling. The main
conclusions are as follows:

1. Identification of Heavy-Tailed Risks: Deterministic empirical formulas typically cap-
ture only part of the response distribution and fail to represent extreme scenarios. The
stochastic ensemble analysis shows that the upper 10% quantile of peak discharge
(>45,800 m3/s) is significantly higher than deterministic estimates. This highlights
the critical need for probabilistic safety margins in risk assessment.

2. Differentiated Economic and Life-Safety Risks: A moderate positive correlation
(r = 0.65) was observed between economic loss and loss of life, but their spatial
patterns remain differentiated by warning time and exposure. Sensitivity analysis
attributes this to distinct parameter controls: breach depth (Db) primarily drives flood
magnitude, whereas formation time (t f ) governs the arrival timeline. In downstream
areas, the significant arrival delay (>30 h) weakens the translation from high economic
exposure (∼1.57 billion CNY) to mortality risk.

3. Implications for Emergency Management: The identification of an upstream “Zero-
Warning” zone (<60 min) underscores the necessity for automated early warning
systems. In contrast, the substantial safety buffer in downstream reaches suggests that
emergency response should prioritize property protection over immediate evacuation.

https://doi.org/10.3390/w18141657

https://doi.org/10.3390/w18141657


Water 2026, 18, 1657 20 of 24

Future research will focus on integrating real-time data assimilation to further reduce
predictive uncertainty.
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HEC-RAS Hydrologic Engineering Center—River Analysis System
WSE Water Surface Elevation
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Appendix A
Appendix A.1. Land Use and Land Cover (LULC)

The spatial heterogeneity of surface roughness in the hydraulic model was param-
eterized based on the Land Use and Land Cover (LULC) classification (Figure A1). The
dataset reveals that the Yimin River Basin is predominantly characterized by grassland
in the alluvial plains, with forest and shrubland concentrated in the mountainous upper
reaches. Agricultural activities (cropland) and built-up areas are spatially clustered along
the river valley, representing the primary exposure zones. This LULC map served as the
primary basis for assigning spatially distributed Manning’s roughness coefficients (n) in
the HEC-RAS 2D domain. Distinct roughness values were calibrated for each land cover
class to accurately simulate flow resistance across the floodplain.
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Figure A1. Spatial distribution of Land Use and Land Cover (LULC) classes in the Yimin River
Basin. The classification identifies key roughness zones, including water bodies, built-up land, forest,
grassland, and cropland.

Appendix A.2. Soil Properties

Soil texture and physical properties were derived from the Harmonized World Soil
Database (HWSD v1.2) to characterize surface permeability and refine roughness parame-
terization (Figure A2). While infiltration losses during a catastrophic dam-break event are
secondary to advection, soil data were integrated to account for the spatial variability of
surface micro-topography and saturation potential. The dominant soil types in the basin
influence both the initial abstraction of the flood wave and the stability of the river banks.
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Figure A2. Soil texture distribution map derived from the Harmonized World Soil Database (HWSD
v1.2), used to characterize infiltration potential and surface physical properties across the study area.

Appendix A.3. Reservoir Characteristics and Storage Capacity

The hydraulic boundary conditions for the breach simulation were defined by the
geometric characteristics of the Honghu-Erji Reservoir. Figure A3 illustrates the stage–
storage curve, describing the non-linear relationship between water surface elevation
and reservoir capacity. The breach simulations were initialized at the Check Flood Level
(P = 0.05%) to represent the most critical loading condition (Worst-Case Scenario).
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Figure A3. Stage–storage curve of the Honghu-Erji Reservoir. The curve defines the relationship
between pool elevation (m) and available storage capacity (103 m3), serving as the volumetric
boundary condition for the unsteady flow routing.
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