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Abstract. Accurate characterization of extreme hydrological events is critical for flood risk assessment and hydraulic
engineering design, particularly in the high-value cumulative distribution function (CDF, F(x)) range that governs design
extremes. Hydrological records often consist of mixed populations of ordinary and extreme events, leading to a pronounced
“dog-leg effect” that limits the applicability of conventional extreme-value distributions such as the Gumbel and Log-
Pearson Type III. Although the Two-Component Extreme Value (TCEV) distribution is conceptually well suited to such
mixed populations, its practical application is constrained by subjective parameter initialization, uniform weighting schemes
that underrepresent right-tail extremes, and evaluation metrics with limited tail sensitivity. In this study, we propose a new
fitting method for the TCEV distribution, SR-MWS, which uses piecewise linear fitting for stable initial parameters, right-
tail-oriented weighting for extreme events, and a partitioned scoring framework to evaluate global and tail performance. The
results of the hydrological dataset indicate that SR-MWS consistently outperforms existing TCEV estimation methods in
accuracy and robustness. Further experiments based on simulated data show that this method achieves better global fitting
performance while maintaining tail accuracy comparable to the Peaks-Over-Threshold (POT) method, and is significantly
better than generalized extreme value (GEV) and Gumbel distributions in capturing extremes. By reducing subjectivity and
enhancing robustness, the proposed method provides an automated framework for extreme-event modeling applicable to

other mixed-population extreme-value problems.

1 Introduction

Heavy precipitation and flood events occur when rainfall intensity exceeds soil infiltration capacity and surface runoff
surpasses river channel conveyance. This phenomenon ranks among the most important natural hazards regarding economic
losses and human fatalities, as illustrated by the 29 October 2024 event in Spain, which caused more than 220 deaths
(Galvez-Hernandez et al., 2025; Mahmood et al., 2017). Flood hazard is not limited to any specific area or climate, but
represents a global hazard affecting diverse climatic and geographic settings worldwide (Rentschler et al., 2022).
Consequently, accurately characterizing extreme rainfall and flood behaviour is a critical foundation not only for
hydrological design and infrastructure planning, but also for probabilistic risk assessment frameworks that underpin flood

hazard mapping, insurance pricing, and climate adaptation strategies.
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A wide range of methods exists to analyse extreme hydrological events, with probabilistic modelling being one of the most
widely adopted approaches because it directly links observed records to design quantiles for given return periods (Fuller
Weston, 1914; Merz and Bloschl, 2008). However, the performance of probabilistic modelling is highly dependent on the
type of the population distribution and the basis for parameter estimation (Rossi et al., 1984). Traditional probability
methods can be divided into two categories. The first type is usually based on the generalized extreme value (GEV)
distribution and its special case Gumbel distribution, modeling the annual or seasonal maximum under the assumption of
independent and identically distributed (Clarke, 2002; Gumbel, 1941). This type of model is widely used due to its
theoretical foundation and simple form, but its dependence on a single distribution limits its ability to capture mixed
hydrological processes. The second type is the Peak-Over-Threshold (POT) method based on Generalized Pareto
Distribution (GPD), which models events that exceed a predefined threshold and is particularly effective in characterizing
tail behaviour (Davison and Smith, 1990; Pickands, 1975). However, the POT method is highly sensitive to threshold
selection and cannot provide a complete explicit expression of the distribution, often resulting in inconsistencies between tail
fitting and overall distribution representation. In addition, some empirical and semi-empirical distributions, such as the Log-
Pearson Type III (Stedinger et al., 1993; Vogel Richard and Wilson, 1996) distribution , as well as regional empirical
formulations such as SQRT-ET MAX (Etoh et al., 1987; Senent-Aparicio et al., 2023), have also been widely adopted in

engineering practice.

A major challenge for the abovementioned methods arises in regions where annual maximum precipitation or flood records
reflect mixed flood-generating mechanisms. In these settings, probability plots often exhibit the so-called “dog-leg effect” or
“separation phenomenon”, in which observations display two distinct regimes corresponding to frequent, ordinary events and
rare, extraordinary extremes (Matalas et al., 1975; Potter, 1958). This behaviour is not merely a statistical artifact but reflects
fundamentally different atmospheric processes governing ordinary and extraordinary events. This separation challenges the
fundamental assumption of homogeneous extreme-value populations and represents a key source of bias in conventional

frequency analyses based on single-distribution models.

Beyond the presence of mixed populations, the assumption of stationarity under extreme hydrological conditions is
increasingly being challenged by climate change (Fowler et al., 2021; Papalexiou and Montanari, 2019). The changes in
atmospheric circulation patterns and flood generation mechanisms have been shown to alter the statistical characteristics of
extreme events, particularly the distribution skewness and tail behaviour (Moustakis et al., 2021). De Luca et al. (2024)
demonstrated that climate driven extreme rainfall changes are closely related to changes in distribution skewness, which in
turn affects the estimation of high recurrence quantiles. From this perspective, the separation phenomenon in the annual
maximum value sequence can be understood as both a manifestation of mixed populations and a signal of hydrological

process evolution under changing climate conditions. This further increases the challenge of accurately representing the
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right-tail of the distribution, particularly under conditions where rare extreme events have become more influential and

unpredictable.

To address this issue, the Two-Component Extreme Value (TCEV) distribution (Rossi et al., 1984) was introduced to
represent annual maxima as a mixture of two exponential components and has since been applied in a variety of hydrological
studies (Cannarozzo et al., 1995; Ferro and Porto, 2006; Boni et al., 2006; Escalante-Sandoval and Reyes-Chavez, 2004).
However, existing studies reveal several fundamental limitations in the practical application of the TCEV distribution. The
determination of initial parameters often relies on manual intervention, introducing subjectivity and analyst-dependent
variability that can compromise the robustness of parameter estimation (Campos-Aranda, 2021). Moreover, parameter
estimation is commonly performed using uniform weighting and global goodness-of-fit criteria (Francés, 1998), causing
frequent events to dominate the fitting process and obscuring biases in the right-hand tail that are critical for rare-event

quantile estimation.

In this study, we propose a refined TCEV fitting framework that restores the influence of extreme events in frequency
analysis while maintaining a fully automated and objective estimation workflow. This workflow establishes a verifiable and
transferable framework aimed at enhancing the accuracy of extreme-event quantification. As such, the proposed framework
provides a methodological foundation for more credible regional frequency analysis and for the reassessment of existing

hydraulic infrastructure safety in regions affected by mixed flood-generating mechanisms.

2 Method
2.1 Basic background of the TCEYV distribution

The TCEV distribution is developed to analyze maximum hydrological events generated by two distinct physical processes.
Unlike mixture models, it avoids assigning explicit weights to each process. Instead, it models the annual occurrence of
hydrological events, including ordinary and extreme processes, as random variables. As demonstrated by Fiorentino et al.
(1987), the combined effect of these two processes results in a specific distribution, offering a framework for understanding

hydrological risk based on these underlying stochastic processes.

As Rossi et al. (1984) stated, the TCEV accounts for outliers and high skewness in the right-tail of the observed cumulative
probabilities by recognizing that the data originate from a mixture of populations. In its fundamental form, the TCEV
distribution models ordinary and extraordinary events as arising from two independent Gumbel populations, and the

Cumulative Distribution Function (CDF) can be expressed as a product of two Gumbel equations (Gumbel, 1941, 2004):
Fregy (%) = Foymprir (%) - Feumpri2(x) = exp (—exp (_a1 “(x - 51))) - exp (—exp (_az (= .32))) > (1)

3
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where a; and f; are the parameters that govern the left-tail part of the data (corresponding to the ordinary events) and a, and

B, are the parameters governing the right-tail part of the data (corresponding to the extraordinary events).

2.2 Existing TCEV estimation frameworks

Numerous TCEV parameter estimation strategies for Eq. (1) have since been proposed, including maximum likelihood
inference (Rossi et al., 1984), frameworks incorporating historical floods (Francés, 1998), entropy-based estimation
(Fiorentino et al., 1987), and simulation-driven or regionalized procedures (De Luca and Napolitano, 2023). This section

briefly outlines three state-of-art methods.

The first optimization method, named TCEV-IML, is based on a continuous substitution process (Campos-Aranda, 2021).
This method uses a specific update formula to calculate new parameters and monitor the logarithmic maximum likelihood
function to gradually optimize the TCEV parameters until convergence. The second optimization method, named TCEV-
MOF, aims to maximize an objective function (Campos-Aranda, 2021), which is the negative version of the logarithmic
maximum likelihood function. It employs the Rosenbrock (Rosenbrock, 1960) algorithm to find the optimal parameters. The
third optimization method, named TCEV-MCS, solves the TCEV parameters through statistical tests. It estimates the
“ordinary event” parameters via the maximum likelihood method, while identifying the “extreme event” parameters using
the Monte Carlo method (Kottegoda and Rosso, 2008). The detailed procedure is described in De Luca and Napolitano
(2023).

In summary, TCEV-IML employs continuous substitution, TCEV-MOF leverages the Rosenbrock algorithm to maximize
the maximum likelihood function, and TCEV-MCS combines statistical tests with Monte Carlo simulations. Although these
methods differ in their optimization strategies, they typically rely on global fitting criteria that assign equal importance
throughout the distribution. In the context of climate change, the skewness and tail characteristics of extreme value
distributions are evolving (De Luca et al., 2024), which further increases the complexity of parameter estimation. Therefore,
there is a growing need for an estimation framework that can effectively characterize right-tail behaviour. This paper

compares the proposed method with these three established methods to validate its effectiveness and robustness.

2.3 A Slope-Ratio guided Multi-Weighting Scheme (SR-MWS) method

The proposed SR-MWS method can be divided into four steps, including data processing and empirical CDF calculation,
TCEV applicability diagnosis via slope-ratio criterion, nonlinear optimization of TCEV parameters with multi-weighting
scheme, and selecting the optimal scheme by a partitioned scoring framework. The process is illustrated as a flow chart in

Fig. 1.
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Figure 1: Flowchart of the SR-MWS method.

2.3.1 Data processing and empirical CDF calculation

The input data represent annual maximum series (either precipitation or flow series). The Weibull formula (Weibull, 1939) is

employed to calculate the CDF from observations.
Fx) = —, 2)

where, { is the rank of the data point (sorted in ascending order) and N is the total number of observations. Other alternatives
can be found in scientific literature (Blom, 1958; Gringorten, 1963; Cunnane, 1978; Hazen, 1914), and a review of them can
be found in Helsel and Hirsch (2002). However, regardless of the alternative selected to calculate the CDF, the ‘dog-leg
effect’ is going to remain. It does not affect the aim of the present work, so we have selected the simplest and most

mainstream approach.
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2.3.2 TCEYV applicability diagnosis via slope-ratio criterion

A key property of the Gumbel distribution is that its CDF, Fgypype.(X), can be linearized by applying a double negative

logarithmic transformation. Applying this transformation yields a new variable Z, which plots as a straight line:

Z = —=In (—In (Feympr (%)) = ax — af, (3)

here, a is the slope parameter and must always be positive. (—af3) is the intercept value of the line at the origin.

Under the transformation defined by Eq. (3), the TCEV distribution is characterized by two linear segments. We set a
minimum segment length (bpmin = 3) to ensure sufficient data points for reliable fitting. The optimal breakpoint (xybp) was
determined by minimizing the Root Mean Square Error (RMSE) of the bilinear model through an iterative search. This
identifies the threshold where the slope transitions between ordinary and extreme events. After the piecewise linear fitting

stage, the whole dataset is split into two defined parts,

4)

{Zl = a,x + ¢; (lower segment)
Z, = a,x + ¢, (upper segment)’

The four linear parameters (a,, ¢;, a,, ¢,) obtained above are then used to calculate the four initial parameters for the TCEV

distribution (Eq. (5)).

c

B :_a_i
a,=a, (5)

_&

b=

A preliminary TCEV distribution can be constructed by directly using initial parameters (a,, 3;, a5, B2). This approach
reduces the probability of falling into equifinality problems (Valdes-Abellan et al., 2018), which arise when parameters from
two individually fitted Gumbel distributions are combined. Although the TCEV parameters obtained by directly combining
the two Gumbels is suboptimal, the shape parameters from both Gumbels are useful for analyzing the uniqueness and

uncertainty of the final parameters (Beven and Binley, 1992).

To objectively evaluate the effectiveness of this piecewise linear analysis and determine the applicability of the TCEV
distribution, we employ a slope-ratio criterion (R = al/az), where a; and a, represent the slopes of the first and second

segments, respectively. In this study, we rejected the application of the TCEV distribution when the difference between the
two segments was not sufficiently clear. The SR-MWS method is applied only when the slope ratio (R > 1.5) confirms the

proper growth pattern and supplementary evidence supports bimodal behaviour. This ensures SR-MWS method is used for

6



170

175

180

185

https://doi.org/10.5194/egusphere-2026-2664
Preprint. Discussion started: 11 June 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

datasets that clearly show two-phase extreme value traits and avoids overcomplicating things when simpler methods can

accurately capture the data’s behaviour.

2.3.3 Nonlinear optimization of TCEV parameters with MWS

This paper introduces a multi-weighting scheme (MWS) designed to more accurately characterize the right-tail of the
distribution, a priority given that under climate change extreme events are becoming both more influential and uncertain. We
evaluated three different weighting schemes to improve the fit for extreme values (i.e., high F(x)). The core idea was to
assign greater importance to these points during optimizing by incorporating weights into the RMSE minimization
framework. This leads to a weighted RMSE (WRMSE) (Eq. (6)) where the standard RMSE is modified to emphasize
specific regions of the distribution (Wojtczak et al., 2024; Wojtczak et al., 2020). The WRMSE is calculated as:

1 2 .
WRMSE = J;Z§V=1(yi —Vrer) *w; (=1,2,3), (6)

where N is the number of data points, y; and y,.f are the fitted and empirical CDF values, respectively, and w; denotes the

three weighting schemes, including linear weighting according to the CDF (Eq. (7)), quadratic weighting according to the
CDF (Eq. (8)), and exponential weighting according to the CDF (Eq. (9)).

w, = F(x)/mean(F(x) , (7
w, = (F()* /mean((F(x))") , ®)
ws = e /mean(ef ™) , )

The normalization of the weighting schemes (as shown in Fig. 2) serves two key purposes. First, it ensures that the average
weight across all data points is approximately 1, preserving the overall scale of the target statistic WRMSE and preventing
numerical instability during optimization. Second, it preserves the differences in relative importance between data points. As
visualized in Fig. 2, the normalized schemes clearly demonstrate how different weighting schemes distribute importance

relative to the average level, showing particularly the relative emphasis in the high F(x) region (extreme events).
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Figure 2: Comparison of weighting schemes before and after normalization. (a) Raw weighting scheme. (b) Normalized weighting
scheme.

Each weighting scheme emphasizes the importance of extreme events to a different degree. The optimization was carried out
through an iterative process in which the parameters (ot;, 3;, o, 3,) were repeatedly adjusted to minimize the WRMSE.
This iterative refinement progressively improved the match between the fitted TCEV distribution and the observations. As
the three proposed weighting schemes focus more on the high F(x) values, the application of any of them during
optimization improves the fit in the right-tail of the distribution at the cost of worsening fit in the left-tail. In this study, we
considered that a homogeneous weighting scheme, which assigns the same importance to all data, was not adequate, as it

results in a poorer fit in the domain of high F(x) values, which is most critical for hydrological design.

2.3.4 Selecting the optimal scheme by a partitioned scoring framework

Through nonlinear optimization, we obtained three sets of refined TCEV distribution parameters. To identify the optimal
weighting scheme and its parameters (o, B, ®,, B,) for achieving high accuracy in the medium-to-high F(x) range, we
implemented a structured scoring framework. This framework divided the F(x) range into five consecutive intervals ([0, 0.2),
[0.2,0.4), [0.4, 0.6), [0.6, 0.8), and [0.8, 1.0]) along with the overall interval [0, 1.0]. The RMSE of each weighting scheme
was calculated for every interval. These RMSE values were used not only to select the optimal weighting scheme but also to
further analyze the performance of different TCEV distribution fitting methods across the defined intervals. These intervals
correspond to progressively higher return periods, with the interval [0.6, 0.8) representing events with return periods of
approximately 2.5 to 5 years, and the interval [0.8, 1.0] capturing more extreme events with return periods exceeding 5 years,
extending to 200 years at F(x)=0.995 and beyond. Based on this, we defined three key evaluation areas to guide the final

selection.
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We set the high-value interval [0.8, 1.0] as the main area of focus and assigned it a maximum of 60 points. The adjacent
interval [0.6, 0.8) was designated as the secondary focus area, and was allocated 30 points to it. The overall performance
across the entire dataset [0, 1.0] was also considered and was assigned 10 points for it. To calculate the score of a weighting
scheme within each evaluation interval, we used the normalized ratio method. Thus, the scheme with the best performance
(the lowest RMSE) in a given domain received the maximum points allocated to that domain. The scoring formula is as

follows:

RMSE pmin i
RMSE\, k

S = P, X , (10)

where, S, is the score awarded to the weighting scheme for the evaluation interval k. P, is the maximum points allocated to
an interval k (i.e., 60, 30, or 10 points). RMSE, ;. . is the lowest RMSE value achieved by any weighting scheme within the

interval k. RMSE,, ;, is the RMSE of the weighting scheme w being evaluated in the interval k.

The weighting scheme with the highest aggregate score across all three intervals was selected as optimal, thereby
determining its corresponding parameters (o, B, @z, B;). The TCEV distribution fitting curve, identified through this
structured and objective framework, accurately captured the right-tail of the data, especially at high F(x) values.
Consequently, the proposed SR-MWS method provides a robust and reliable basis for estimation and can accurately predict

the intensity values and return periods of extreme hydrological events that fall outside the historical record.

2.4 Benchmark methods

To ensure faimess and comprehensiveness in the evaluation, this paper compares the proposed framework with three widely
used benchmark methods, including the GEV distribution, the Gumbel distribution, and the POT method. For the GEV and
Gumbel methods, parameters are estimated using maximum likelihood estimation (MLE), which is widely applied in
hydrological frequency analysis due to its high statistical efficiency and consistency (Coles et al., 2001). The Gumbel
distribution is a special case of the GEV distribution when the shape parameter equals zero. For the POT method, the
threshold is set at the 80th percentile of the observed data, and exceedances are modeled using a GPD, whose parameters are
also estimated via MLE. All benchmark methods are implemented within a unified framework, using the same dataset and

evaluation metrics to ensure comparability.

3 Dataset
3.1 Hydrological data

We selected several datasets, drawn from already published research studies and directly from weather stations (like Alicante

weather station), to validate the proposed SR-MWS method. These datasets, shown in Fig. 3, cover a wide range of



https://doi.org/10.5194/egusphere-2026-2664
Preprint. Discussion started: 11 June 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere\

240 recording periods from 31 to 155 years. Cases 7 and 8 were specifically chosen to demonstrate the usefulness of the
piecewise linear fitting described in Sect. 2.3.2. The datasets include both flood flow measurements (m?/s) and precipitation
records (mm). This multi-type data assessment approach transcends the limitations of a single data source, making the

parameter estimation results more practically applicable and reliable.
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245  Figure 3: Location of cases (station/river) with corresponding flow, precipitation, and recording periods. Case 1: Beargrass Creek
(Haan et al., 1994); Case 2: Santa Cruz (Molina-Aguilar et al., 2018); Case 3: E-25 Rio Turia (Francés, 1995); Case 4: Huites
(Aranda, 1999); Case 5: La Cuiia (Gomez et al., 2010); Case 6: St. Mary’s River ; Case 7: Espumoso (Clarke, 2002); Case 8: Passo
Bela Vista (Clarke, 2002); Case 9: Subiaco (De Luca and Napolitano, 2023); Case 10: Alicante weather station.

The TCEV parameter values for the datasets, obtained using the existing estimation methods described in Sect. 2.2, are
250 summarized in Table 1. We systematically applied mathematically equivalent transformations to these parameters to unify
findings from the literature into the expression form adopted in this study. For Case 10, corresponding reference data were

unavailable, so it was analyzed only with the method proposed in this paper.

Table 1: TCEYV fitting parameters for seven cases from different estimation methods.

Cases Methods a, By a, B>
TCEV-IML 0.063 39.419 0.0216 -11.291
: TCEV-MOF 0.123 27.918 0.023 -19.230
TCEV-IML 0.003 633.791 0.0005 -3129.644
2 TCEV-MOF 0.004 729.148 0.0006 -1274.060

10
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TCEV-IML 0.026 61.386 0.0007 -2775.673
. TCEV-MOF 0.027 60.849 0.0009 -1913.150
TCEV-IML 0.002 1221.718 0.0002 -5227.123
! TCEV-MOF 0.002 1445.455 0.0002 -6417.100
TCEV-IML 0.006 257.179 0.001 -1009.472
: TCEV-MOF 0.006 280.490 0.001 -1157.490
TCEV-IML 0.010 308.361 0.0056 -63.048
¢ TCEV-MOF 0.010 315.582 0.007 165.375
9 TCEV-MCS 0.066 59.756 0.0219 -45.407

3.2 Simulated data

We evaluate the performance of the proposed method under controlled conditions and compare it with the benchmark
methods described in Sect. 2.4. To this end, simulated datasets were generated from several distributions commonly used in
hydrological frequency analysis, including TCEV, GEV, lognormal distribution, exponential distribution, and Pareto
distribution. These distributions cover a wide range of statistical features, particularly in terms of skewness and tail
behaviour. The sample size for each dataset was randomly selected from the set {30, 50, 100, 200} to cover both small and
large sample scenarios commonly encountered in hydrological applications. For each dataset, the theoretical CDF was
computed according to Eq. (2) and used as a reference for evaluation. To ensure statistical robustness, 200 simulated datasets
were generated independently. This simulation framework enables comparison between the proposed method and the
benchmark methods in Sect. 2.4 under diverse conditions, with evaluation focusing on both overall fitting accuracy and tail

modeling capability.

4 Results
4.1 TCEV applicability diagnosis

Based on the piecewise linear fitting analysis, the slope-ratio criterion R was used to evaluate the applicability of the TCEV
distribution (see Sect. 2.3.2). The results of this diagnosis for the ten cases are presented in Fig. 4. It is clear that in most
cases, the R values exceed 1.5. In contrast, Cases 7 and 8 yielded R values below 1.5 (0.28 and 0.5, respectively), suggesting
that the TCEV distribution may not be the optimal choice for these particular datasets. Therefore, the subsequent analysis

was continued only with the remaining eight cases that met the criterion.

11
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According to our proposed criteria, these datasets should be set aside in favor of alternative modeling approaches, such as
linear fitting or others, which may better capture the underlying patterns. This recommendation is consistent with previous
research by Clarke (2002), who analyzed the same dataset using General Linear Models (GLM) combined with a Gumbel

distribution.

4.2 Optimizing TCEV parameters through WRMSE minimization

After obtaining the initial parameters through piecewise linear fitting, we optimized the TCEV distribution parameters by
minimizing the WRMSE using multiple weighting schemes that assign greater weight to right-tail observations. The
comparison of the three weighting schemes across eight representative cases is shown in Fig. 5, reflecting their effects on
TCEV parameter estimation. Starting from identical initial values, the parameters under all weighting schemes progressively
stabilized with increasing iterations, indicating convergence. This convergence was accompanied by a substantial reduction

in WRMSE, with decreases exceeding 70% in most cases.

The three weighting schemes differ in their performance across cases. To identify the optimal weighting scheme, we
conducted a comprehensive evaluation using the scoring framework in Sect. 2.3.4. The scheme with the highest score is
regarded as the optimal choice, and its corresponding TCEV distribution parameters are summarized in Table 2. As
illustrated in Fig. 6 and Fig. 7, the quadratic weighting scheme achieved the highest overall score in six cases (Cases 1, 2, 3,
5, 6 and 10), establishing it as the optimal choice. The linear scheme performed best in Case 4, while the exponential scheme

was optimal in Case 9.

Table 2: The final selected parameters (a1, 1, @2, B>).

Case a, B1 a, B,
1 0.092 26.144 0.0209 -22.465
2 0.005 807.508 0.0004 -2553.194
3 0.019 52.440 0.0004 -4729.926
4 0.001 1362.312 0.0002 -5874.290
5 0.005 253716 0.0011 -1254.509
6 0.009 335.271 0.0085 35.376
9 0.100 50.410 0.0499 48.464
10 0.044 43.454 0.0059 -514.482
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Figure 5: TCEV distribution parameters evolution and WRMSE reduction rate comparison across cases with different weighting
schemes. Each case contains four sub-graphs. In each subgraph, the horizontal axis represents the number of iterations, and the
vertical axis represents the value of the corresponding parameter. The blue, orange, and yellow lines represent the linear,

305 quadratic, and exponential weighting schemes, respectively. At the bottom of each case, the initial WRMSE value and the
WRMSE reduction rates under the three weighting schemes are provided.
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In most cases, at least one of the optimal weighting scheme achieves full marks in the two intervals of [0.6, 0.8) and [0.8,
1.0]. The superior performance of the optimal scheme is particularly evident in the critical medium-to-high interval [0.6, 1.0].
In Fig. 7, the optimal fitted values within the zoomed-in [0.8, 1.0] interval are close to the diagonal line. This is clearly
demonstrated in Fig. 6, where the darkest blue cells within this interval indicate the lowest RMSE values, highlighting the
scheme’s robustness in extreme value fitting, precisely the primary objective of this study. Notably, while the exponential
weighting scheme achieved the best (lowest) overall RMSE across the entire distribution [0, 1.0] (as shown in the rightmost
column of Fig. 6), its performance in the critical high-value range was often suboptimal (except Case 9). This indicates a
trade-off where the exponential scheme provides a balanced global fit, but can sacrifice precision in the tail region that is

most critical for extreme value analysis.

Our selection strategy prioritizes guaranteeing precision in the most critical interval ([0.8, 1.0]) first, and then seeks to extend
robust performance to the interval ([0.6, 0.8)). This approach ensures a more balanced and reliable fit, rather than overfitting
to either isolated extremes or the entire of the data. Notably, the optimal weighting scheme varies across cases, suggesting a
potential influence of data distribution attributes. The potential mechanisms underlying these performance differences will

be explored in Sect. 5.

4.3 Comparison of SR-MWS versus existing methods

To visually assess the fitting accuracy, Fig. 8 compares the RMSE of various fitting methods across different F(x) intervals
for each case. The RMSE of the comparison methods (TCEV-IML, TCEV-MOF, and TCEV-MCS) exhibited significant
fluctuations. For instance, while these methods showed relatively low RMSE in low-value intervals, their RMSE increased
significantly as F(x) rose into the median interval such as [0.6, 0.8), indicating increased prediction errors and reduced
accuracy. In contrast, the proposed SR-MWS method maintained low and stable RMSE values especially in medium-to-high
intervals [0.6, 1.0]. This performance demonstrates the effectiveness of the SR-MWS weighting scheme, which better

captures data characteristics, reduces prediction bias, and thus enhances right-tail prediction.

Next, we applied the partitioned scoring framework proposed in Sect. 2.3.4 to quantitatively evaluate the fitting performance
from anothor perspective. The results for the different methods are presented in Fig. 9. The intersection point of the TCEV
distribution fitted F(x) curve with a given return period line defines the estimated severity of an extreme event at that period.
To facilitate clear demonstration and in-depth analysis, we utilized the transformation function —In(—In(F(x))), which serves
to accentuate the differences between methods in assessing this severity. In the figure, the intersection points vary across
methods, indicating that the choice of fitting method directly influences the estimated severity of an extreme event. This has
direct practical implications, as differing estimates affect decision-makers' judgment of event severity and consequently
determine the scale and cost of flood control facilities in hydraulic engineering design. Therefore, selecting an appropriate

fitting method is critical for accurate risk assessment and rational planning of engineering measures.
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extreme events. The blue vertical axis on the left corresponds to the F(x), and the red vertical axis on the right is the
transformation function —In(—In(F(x))). The diamond symbols represent observed. The dash-dotted, dashed, dotted, and solid lines
represent the fitting curves of the TCEV-IML, TCEV-MOF, TCEV-MCS and SR-MWS method, respectively. Red horizontal lines
360 indicate different return periods, and the total score for each method is also annotated.

19



365

370

375

380

https://doi.org/10.5194/egusphere-2026-2664
Preprint. Discussion started: 11 June 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

The proposed SR-MWS method consistently outperforms the other approaches across the tested cases. It achieves perfect
scores (100 points) in Cases 1, 2, 4, and 9, and attains the highest total score in all cases except Case 5. This superior and
stable performance is particularly evident in medium-to-high F(x) intervals, which are most relevant for extreme-event
characterization, as well as in the overall assessment. These results demonstrate the robustness and reliability of SR-MWS

for extreme-value analysis.

A detailed analysis of the successful application of SR-MWS to Case 10 is presented in Fig. 9. The TCEV distribution
provides quantitative estimates of extreme precipitation for key return periods: 100.4 mm (10-year), 132.2 mm (25-year),
172.3 mm (50-year), 261.4 mm (100-year), and 377.5 mm (200-year). This clearly highlights the distribution's ability to
simulate low-frequency extreme events. Notably, a sharp decline is observed in the probability for events exceeding
approximately 130 mm, indicating that such events are relatively rare. These quantitative estimates, such as the precipitation
corresponding to different return periods, provide crucial references for engineering design and disaster preparation. They
help in understanding the potential scale of high-impact precipitation scenarios and in formulating appropriate strategies to

reduce the associated risks.

For Case 5, we specifically analyzed the fitting residuals of SR-MWS and TCEV-MOF, as shown in Fig. 10. In the interval
[0.9, 1] (red box), the residual of the SR-MWS method was relatively close to 0, indicating that SR-MWS fitted these
extreme flood data better than TCEV-MOF. In contrast, the residual of TCEV-MOF in the interval [0.8, 0.9) (blue box) was
relatively small, indicating better fitting performance in that region. This reveals differences in the adaptability of the two
methods across different data intervals. Although SR-MWS did not exceed TCEV-MOF in terms of overall scores, its RMSE
was within 0.005 (as shown in Fig. 8). The performance advantage of SR-MWS became more pronounced as events become
more extreme, as evidenced by its superior performance in the high-value interval [0.9, 1.0]. This gives it a clear competitive

edge over traditional methods in application scenarios that demand high predictive accuracy for extreme events.
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Figure 10: Residual analysis in Case 5 between TCEV-MOF and SR-MWS methods. The horizontal axis represents the F(x), and
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The histogram shows the corresponding extreme flood (m?/s) (right vertical axis) across the F(x) values. Boxes are used to highlight
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4.4 Comparison of SR-MWS with benchmark methods

This section evaluates the performance of SR-MWS in comparison with representative benchmark methods from both global
and tail perspectives. The global RMSE comparison of different methods is shown in Fig. 11. The results show that SR-
MWS achieves the lowest median RMSE (0.025) and demonstrates the best overall fitting performance among all methods.
The median RMSE of the GEV distribution is 0.031, while the Gumbel method shows a moderate level of performance
(0.048). In contrast, the POT method exhibits significantly higher errors (0.079), reflecting its limitation in representing the
full distribution due to its focus on threshold exceedances. In addition, the interquartile range of SR-MWS is more compact
than other methods, indicating higher stability and robustness across different datasets. The POT method shows substantial

variability, suggesting high sensitivity to data fluctuations when applied to full distribution fitting.
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Figure 11: Global RMSE comparison of SR-MWS and benchmark methods based on simulated datasets.
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The tail RMSE (F>0.8), which evaluates the ability of each method to capture extreme events, is illustrated in Fig. 12. Since
the POT method is specifically designed to model exceedances, it achieves the lowest median tail RMSE (0.013), as
expected. SR-MWS also demonstrates competitive tail performance (0.015), outperforming the GEV (0.021) and Gumbel
(0.034). This indicates that SR-MWS can effectively capture extreme behaviour, even though it is not explicitly designed as
405 a tail-focused method. In contrast, the Gumbel distribution performs the worst in the tail region, reflecting its limited

flexibility in modeling heavy-tailed distributions.
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Figure 12: Tail RMSE comparison (F>0.8) of SR-MWS and benchmark methods based on simulated datasets.
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The comparison results reveal a clear trade-off among the benchmark methods. The POT method performs well in tail
modeling but is less effective in fitting the overall distribution. In contrast, the GEV and Gumbel methods provide more
balanced performance, but struggle to accurately capture extreme events. SR-MWS, however, achieves strong performance
in both global and tail evaluations. It outperforms all benchmark methods in overall fitting accuracy while maintaining tail
performance comparable to that of the POT method. This suggests that SR-MWS effectively bridges the gap between full-

distribution fitting and extreme value modeling.

The superior performance of SR-MWS can be attributed to its adaptive weighting mechanism, which increases the influence
of extreme observations while slightly reducing the emphasis on ordinary events. As a result, the SR-MWS method provides

a unified framework capable of modeling both typical and extreme hydrological behaviours.

5 Discussion

The SR-MWS method explicitly emphasizes right-tail information through an adaptive weighting strategy, resulting in
improved performance in TCEV distribution assessment. Its fully automated workflow enables efficient processing of large
data volumes without manual intervention, ensuring both objectivity and computational efficiency. This automation is
particularly advantageous for extreme-event analysis, as it allows TCEV parameters to be updated in a timely and consistent

manner, thereby supporting more reliable and responsive decision-making under extreme conditions.

The comparison results between simulated data and benchmark methods in Sect. 4.4 further highlight the effectiveness of the
proposed framework. Specifically, SR-MWS achieves superior global fitting performance while maintaining tail accuracy
comparable to the POT method. This indicates that the proposed approach effectively balances the long-standing trade-off
between full distribution fitting and extreme value representation. Benchmark methods such as GEV and Gumbel provide
reasonable overall fits but fail to adequately capture extreme events. Although the POT method performs well in tail
modeling, it lacks the ability to characterize the complete distribution. In contrast, SR-MWS has successfully bridged the gap

between global fitting and tail evaluation by constructing a unified framework that performs well in both.

The applicability of the TCEV distribution was assessed using the slope-ratio criterion R. Compared with the visual
inspection approach adopted by Campos-Aranda (2021), this criterion offers a more consistent, objective, and reproducible
means of evaluation. The threshold value of 1.5 adopted for the slope ratio is based on empirical experience and serves as a
practical reference. Alternative threshold values may be considered in future applications depending on data characteristics

and research objectives.
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Based on the partitioned scoring framework, the optimal weighting scheme varies across cases, reflecting differences in
right-tail generating mechanisms rather than arbitrary weighting choices. When extreme events are sparse, the right-tail
exhibits pronounced curvature and separation from the bulk of the distribution, consistent with extremes arising from distinct
generating processes. In such cases, stronger right-tail weighting is required to adequately constrain tail behaviour (Rossi et
al., 1984; Coles et al., 2001). Conversely, when extreme events occur more frequently, the high-value region becomes
smoother, indicating partial overlap between ordinary and extreme-event populations, for which more balanced weighting
yields more stable estimation (Huser and Wadsworth, 2022; Villarini and Smith, 2010). When the transition from ordinary to
extreme values is gradual, tail behaviour is already well constrained by the data, and additional weight amplification
provides limited benefit (Katz et al., 2002; Bracken et al., 2018). The proposed SR-MWS method explicitly identifies these

tail-structure differences and adaptively selects the weighting scheme accordingly.

Using the SR-MWS results for Case 10 as a baseline, systematic perturbations of the parameters o, and B, produce
pronounced upward or downward shifts in the fitted TCEV distribution curves. This sensitivity is further illustrated by
changes in the transformed function —In(—In(F(x))) shown in Fig. 13, underscoring the importance of accurate optimization
of a, and f8,. Among the two parameters, a, exerts a markedly stronger influence on extreme-value estimates. Decreasing
a, leads to systematic overestimation of extremes. For instance, at a return period of 25 years, a 50% reduction in o, results
in an estimated extreme precipitation value approximately twice the baseline. Conversely, increasing a, produces
underestimation, with a 50% increase yielding an estimate roughly half of the baseline at a 200-year return period. Such
sensitivity has direct implications for engineering applications, as misestimation of o, can lead either to overly conservative
designs with unnecessary construction costs or to underestimated flood hazards that compromise risk assessment and

management decisions.

In the context of increasing hydroclimatic variability, improving the robustness of extreme-value estimation remains a key
challenge. The SR-MWS method addresses this challenge by adaptively accounting for differences in tail structure and
generating mechanisms, thereby enhancing the reliability of extreme-event characterization. While demonstrated here for
hydrological extremes, the general framework is applicable to other mixed-population problems exhibiting “dog-leg”

behaviour, suggesting potential for broader use in extreme-value analysis.
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Figure 13: Parameter sensitivity analysis in Case 10. The left and right columns correspond to the analysis of parameters a, and
B2, respectively. Row 1 illustrates the impact of parameter variations on the F(x). The black solid line denotes the F(x) fitted using
the SR-MWS method. The observed are marked by red diamond symbols. The solid and dashed lines, graded from dark to light,
represent the F(x) curves when the parameter is increased by 10%, and decreased by 10% to 50%, respectively. Row 2
demonstrates the impact of parameter variations on the transformed function —In(—In(F(x))). Row 3 presents the sensitivity of the
return level to parameter changes. Row 4 shows the relative change in the return level resulting from parameter changes.
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6 Conclusions

This study develops an objective and fully automated SR-MWS framework for fitting the TCEV distribution, with the
explicit aim of improving the reliability of extreme-value estimation in hydrological applications. By integrating a
partitioned scoring framework with adaptive weighting, SR-MWS systematically identifies the weighting strategy that best
reflects right-tail behaviour, thereby reducing subjectivity and enhancing both accuracy and robustness in extreme-event

prediction.

The proposed method further provides a consistent workflow for assessing data suitability for the TCEV distribution and for
initializing model parameters, ensuring stable and reproducible results across diverse cases. The results from both
hydrological datasets and simulated experiments demonstrate that the proposed SR-MWS framework provides a robust and
generalizable approach for extreme-value modeling. These advantages make SR-MWS a practical and efficient tool for

applications such as hydrological design, safety evaluation, and risk-informed decision-making.

Beyond hydrological extremes, the methodological principles of SR-MWS are not restricted to a specific hazard type. The
framework is applicable to a broad class of extreme-value problems exhibiting “dog-leg” or mixed-population characteristics,
providing a transferable solution for multidisciplinary extreme-value analysis. To facilitate transparency, reproducibility, and
further development, the complete workflow is made publicly available through open-source code, enabling straightforward

adoption by both researchers and practitioners.

Code and data availability

The MATLAB codes developed in this study are publicly available at https://github.com/Liangyu2021/TCEV -SR-MWS git.
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