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Abstract

Detecting rare flood extremes in low-yield catchments is difficult because unweighted loss
functions give the few high-flow days little influence on model training. This study evaluates
whether weighting extreme residuals during calibration improves detection without degrading
continuous streamflow simulation. Daily streamflow in two contrasting Iranian basins, responsive
Haraz (runoff coefficient 0.57) and attenuated lowland Tajan (0.082), was simulated with two
gradient-boosting learners (XGBoost and LightGBM) calibrated in two stages: Bayesian
hyperparameter screening followed by metaheuristic tuning, under three weighting scenarios and
two objective functions at a 24-hour lead time. Performance was assessed with continuous metrics
and with detection, false-alarm, and critical-success indices at the 98th and 99th flow percentiles.
In Haraz, single-tier weighting sufficed (Nash-Sutcliffe efficiency 0.98; detection 0.83-0.85 at the
99th percentile). In Tajan, unweighted models detected only 0.20-0.29 of extremes; dual weighting
with a residual-based objective doubled detection to 0.40 while keeping efficiency at 0.55, at a
false-alarm ratio of 0.57. The same weighting with a variance-based objective degraded continuous
accuracy (efficiency 0.27-0.39), identifying the objective function, not the weighting, as the failure
source. Run-to-run stability checks confirmed bounded metric spreads. The results indicate that
weighting and objective choices should follow catchment attenuation capacity, and that the
detection-false-alarm trade-off is acceptable where missed floods carry higher consequences than

false alarms.
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1- Introduction

Flood early warning, reservoir operation, and floodplain management all depend on reliable
antecedent-based forecasts of extreme flows, especially as the population and assets exposed to
flooding continue to increase (Tellman et al., 2021). However, the basins where these decisions
are made are increasingly shaped by human activities: reservoir regulation, irrigation abstraction,
and land-use changes alter the natural rainfall-runoff relationship. In low-yield catchments, these
factors can reduce the streamflow observed at the outlet to a small fraction of the precipitation
input (Di Baldassarre et al., 2013). Physics-based models remain central to many operational
warning systems, but their real-time application is constrained by computational demands and the
need for high-resolution hydro-geomorphological data. In catchments with low runoff coefficients
or weak rainfall-runoff signals, uncertainties in boundary conditions and parameterization further
limit their reliability (Vieux et al., 2004; Nayak et al., 2005; Hosseiny et al., 2020; Cloke and
Pappenberger, 2009). Data-driven frameworks, particularly gradient boosting methods such as
XGBoost, have therefore become practical alternatives for reproducing nonlinear, continuous
hydrological dynamics. While such models effectively represent average flow conditions, accurate
forecasting extreme peak discharges remains a significant challenge, especially in low-yield

catchments where extreme-flow observations are sparse (Brunner et al., 2021).

Gradient boosting architectures have become standard tools for operational flow simulation in
flood warning services because they model complex, nonlinear hydro-climatic relationships
directly from observed data (Ren et al., 2024; Akinsoji et al., 2024). By sequentially correcting
prediction errors, these ensembles capture higher-order interactions among hydro-meteorological
variables more effectively than single-learner approaches (Wu et al., 2024). Comparative
evaluations in hydrology have generally reported that ensemble methods outperform individual
learners in high-dimensional predictor spaces (Yu et al., 2020; Tyralis et al., 2021; Zounemat-
Kermani et al., 2021). However, these capabilities do not automatically extend to the upper tail of
the flow distribution. When extreme events provide only a limited number of training samples,
tree-based ensembles tend to overfit the abundant low- and median-flow conditions (Brunner et
al., 2021). Reproducing rare exceedances, such as Qo9 flood peaks, in a true predictive mode
therefore exposes a structural constraint of standard training objectives: because conventional loss

functions minimize global error, optimization is biased toward the dominant median-flow behavior
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of the record and systematically marginalizes extreme peak responses. For a warning service, this
bias is not purely a statistical artifact; it results in missed flood events, whose economic and social
consequences are disproportionately large compared to the costs of false alarms-a disparity that,
given the inherent fallibility of every link in the warning chain, directly limits the loss-reduction

benefits that such systems are designed to deliver (Merz et al., 2010; Parker and Priest, 2012).

Reliable estimation of extreme outflows remains difficult in systems with complex or attenuated
hydrological behavior (Ali et al., 2025). Recent studies reinforce this point: Zhang et al. (2025)
document substantial shifts in flood-season extremes in the Jinsha River Basin associated with
climate change and the operation of large reservoir groups, illustrating how regulated and
otherwise altered systems distort flow distributions that warning models must learn. Tree-based
algorithms have also been successfully applied to flood susceptibility mapping across the diverse
climatic regions of Iran (Mirzaei et al., 2021), although such spatial assessments do not address
the temporal detection of extreme exceedances that operational services require. Beyond these
physical and statistical challenges, the credibility of data-driven warning tools depends on how
they are validated. Standard machine learning workflows often employ randomized data
partitioning, which mixes daily streamflow observations between training and testing phases,
disrupts chronological dependencies, and causes future-to-past data leakage. Performance inflated
by such leakage is particularly misleading for rare Qo9 exceedances. For water agencies, over-
optimistic skill scores translate into unwarranted confidence in operational alerts (Plate, 2002).
Therefore, rigorous evaluation requires chronological partitioning and strictly antecedent inputs,
that is, predictor sets from which same-day observations are excluded, guaranteeing a genuine
operational lead time, with expanding or sliding validation windows that preserve the temporal

integrity of the flow record.

Comparative evaluations of machine learning models for daily streamflow prediction consistently
report systematic underestimation of extreme flood peaks, with errors reaching 30-50% of the
observed peak magnitude (Zhang et al., 2026). Objective-function experiments conducted across
273 catchments have similarly attributed this high-flow underestimation to squared-error training
objectives (Lin et al., 2024b). The underlying mechanism is the heteroscedasticity of high-flow
residuals: because residual variance increases with discharge magnitude, a uniform training loss

allocates most of its gradient budget to the abundant low-flow observations, leaving errors at
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extreme magnitudes comparatively under-penalized (Toth, 2016). While synthetic minority
oversampling techniques (SMOTE) are prevalent in static spatial susceptibility mapping, where
flood and non-flood samples may legitimately be balanced prior to training (Li et al., 2026), their
application to continuous time series is physically inconsistent. Generating synthetic discharge
values would violate natural temporal autocorrelations and mass-balance constraints. Therefore,
bias correction must be embedded within the training objective through asymmetric residual

penalties rather than through prior data manipulation.

Modifications to the training objective have been proposed to correct this statistical imbalance.
Laimighofer et al. (2022) embedded an expectile-based penalty into XGBoost to reduce the under-
prediction of extremely low flows, while multi-objective formulations that include explicit flood-
deviation terms have been reported to improve extreme-event accuracy in reservoir inflow
forecasting (Jia et al., 2024). Systematic experiments across 273 watersheds further demonstrate
that squared-error-based objectives compromise low-flow accuracy because high-magnitude
samples dominate the gradient (Lin et al., 2024a). However, such single-tier asymmetry merely
reallocates fit quality between the targeted tail and the bulk of the record. For water agencies, this
trade-off is operational rather than merely statistical: the continuous baseline underpins low-flow
management and environmental-flow assessment, whereas the upper tail governs flood alerts.
Three gaps remain unresolved in the literature. First, existing weighting schemes are single-tier:
they up-weight extreme observations but lack mechanisms to simultaneously protect baseflow
stability. Second, weighting strategies have been evaluated in isolation, without systematic
comparison across contrasting hydrological regimes. Third, reporting of algorithmic stability is
inconsistent; most studies present a single tuned configuration without quantifying whether
reported gains are reproducible across stochastic realizations. No existing study addresses these

three limitations simultaneously within a unified, regime-conditional framework.

LightGBM serves as a computationally efficient alternative to XGBoost for continuous runoff
simulation, a crucial advantage when models must be retrained within operational time constraints
(Bentéjac et al., 2021; Xu et al., 2023). Evidence from data-scarce watersheds indicates that
systematic hyperparameter optimization improves predictive accuracy compared to untuned
configurations (Tadayon et al., 2025). However, when the target is the highly imbalanced records

of rare extreme events, standard tuning procedures struggle to navigate the resulting high-
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dimensional hyperparameter spaces (Andonie, 2019). Systematic benchmarking of six
hyperparameter optimization strategies for flood modeling has confirmed the superiority of
metaheuristic and stochastic search and shown that the choice of optimizer significantly affects
predictive accuracy (Razavi-Termeh et al., 2026). Integrating metaheuristic optimization with
gradient boosting has become common practice in natural hazard assessment (Bordbar et al., 2022;
Khajavi et al., 2025; Ajin et al., 2025; Vu et al., 2026; Liu et al., 2025). In this study, the Tree-
structured Parzen Estimator implemented in Optuna serves as a preliminary filter to narrow the
parameter bounds, followed by two swarm intelligence algorithms: Particle Swarm Optimization
(PSO), retained as a classical benchmark (Kennedy and Eberhart, 1995), and the Nutcracker
Optimization Algorithm (NOA), selected for its memory-based search diversity (Abdel-Basset et
al., 2023). Both algorithms calibrate the localized penalty weights of extreme observations and
their influence within the global objective function. Thus, the optimizer's search space extends
from model architecture to the penalty structure itself-encoding a trade-off between hazard
detection and baseline reliability that operational practice sets by agency policy as much as by

statistical criteria.

Beyond the selection of parameters and objective functions, the statistical reliability of tuned
models governs whether they can be trusted in operation. Comprehensive reviews have noted that
reliability reporting remains inconsistent, which restricts operational adoption (Abozweita et al.,
2026; Zounemat-Kermani et al., 2021). Comparative assessments in water resources applications
have documented that gradient boosting models, when insufficiently regularized, tend to overfit
the training data and lose accuracy on unseen datasets (Alsulamy et al., 2025). Equally important
for deployment is the algorithmic stability of the tuning pipeline itself: because metaheuristic
optimizers initialize randomly, a single execution cannot demonstrate that reported detection gains
are reproducible rather than artifacts of a favorable random seed-reproducibility that water
agencies require before trusting any warning statistic. Therefore, this study quantifies algorithmic
robustness through twenty independent stochastic realizations of each configuration, reporting

stability envelopes for both continuous and categorical performance metrics.

The novelty of this study lies in a dual-tier weighting framework that simultaneously optimizes
two conflicting operational goals—rare-event detection and baseline stability—and in a regime-

conditional configuration protocol that prescribes the appropriate weighting scenario for each
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hydrological regime. Unlike prior single-tier approaches that sacrifice one service to protect the
other, the proposed framework isolates extreme peaks without compromising acceptable baseflow
accuracy. Building on recent advances in multi-stage optimization (Abozweita et al., 2026;
Ludyawati et al., 2026), the methodology is tested across two contrasting physical environments
in northern Iran: the naturally responsive Haraz basin and the attenuated, low-yield Tajan basin.
The contributions are threefold. First, a regime-conditional evaluation identifies where additional
complexity is warranted. Second, the collapse of variance-based objectives under extreme
asymmetric weighting in attenuated basins is documented, with residual-penalty objectives
identified as a stable alternative. Third, the detection—false-alarm trade-off is interpreted in
operational terms. From a water resources management perspective, the results provide a decision-
support protocol: given a basin's runoff coefficient and degree of anthropogenic attenuation,
agencies can select the appropriate weighting scenario, thereby avoiding the trial-and-error tuning
that currently delays operational deployment. Crucially, whereas one-day-ahead inflow
forecasting in regulated Iranian basins has relied on numerical weather prediction inputs
(Tanhapour et al., 2025), the present framework operates strictly on lagged meteorological
observations and delivers its 24-hour operational lead time without dependence on external
forecast products. Across all configurations, twenty independent stochastic runs ensure that
reported gains are robust for practical application. The next section describes the study area, data,

and the detailed methodological framework used to address the three identified gaps.
2- Study Area and Data

The study focuses on five adjacent river basins located in the central and eastern regions of
Mazandaran Province, northern Iran: Haraz, Babolrood, Talar, Tajan, and Nekarood. Their
geographic locations within the province and the country are illustrated in Figure 1. Due to the
steep topography, the area exhibits considerable variation in rainfall-runoff processes, and the
hydrological responses of neighboring catchments often differ markedly. These basins were pre-

screened to identify catchments with contrasting hydrological response behaviors.
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Figure 1. Location and hydro-meteorological network of the five screened basins in Mazandaran Province, Iran.

2.1. Physical characteristics of the screened basins

To define the physical setting of each basin, key morphometric and hydrological descriptors (i.e.,
drainage area, main channel slope, mean basin elevation, runoff coefficient, and time of
concentration) were retrieved from topographic and hydrological data (Table 1). These variables
served as the basis for distinguishing between flow regimes of responsive and attenuated types in

the following step.

Table 1. Morphometric and hydrological characteristics of the five candidate basins in Mazandaran Province, Iran.

Basin Hydrometric ~ Basin Area Basin Main Canal Main Canal Time of
Station (Km?) Slope (%) Slope (%) Length (Km)  Concentration (Hr)

Haraz Karesang 3987 47 3.72 138.1 16.89

Babolrood  Koshtargah 1625 23.4 1.60 74.4 11.45

Talar Kiakola 2387 373 1.43 126.4 17.04

Tajan Kordkhail 4027 29.4 1.07 134.5 18.04

Nekarood Ablo 1905 254 1.46 45.22 12.97

To quantify the water-yielding capacity of each candidate basin and identify the most contrasting
hydrological regimes, we evaluated the long-term mean annual runoff coefficient (RC). Serving
as an integrated proxy for the combined physical influences of climate, topography, and land cover
on streamflow generation, the RC was calculated as the ratio of mean annual runoff depth to mean

annual precipitation:
RC=R/P (1)

where R is the mean annual runoff depth (mm) and P is the mean annual areal precipitation (mm)

over the historical observation period. The resulting RC values for the five basins are presented in
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Table 2. The Haraz basin had the highest coefficient (RC = 0.57), whereas the Tajan basin had the
lowest (RC = 0.082). These two basins, representing the upper and lower bounds of the observed

RC range, were therefore selected for detailed analysis.

Table 2. Mean annual runoff coefficients (RC) of the five candidate basins.

Basin Haraz Babolrood Talar Tajan Nekarood

RC 0.571 0.272 0.121 0.082 0.085

2.2. Hydrological regimes of the selected basins

The Haraz Basin (RC = 0.57) exhibits a responsive rainfall-runoff regime. Streamflow closely
follows precipitation patterns, with pronounced peaks in winter and spring and relatively low
baseflow during summer. The annual flow hydrograph spans a wide range of magnitudes, from
sustained baseflow to short-lived flood peaks, reflecting the basin's steep topography and limited
flow regulation (Yahyazadeh Shourabi et al., 2025).

The Tajan Basin (RC = 0.082), by contrast, exhibits a markedly attenuated hydrological regime.
The rainfall-runoff signal is weak, and the flow hydrograph is dominated by low-magnitude
discharges with infrequent and damped peak responses. High-flow events are rare, and the overall

flow variability is substantially lower than that of the Haraz Basin.
2.3. Hydrometeorological data and feature engineering

Daily hydrometeorological time series were compiled for both basins using data from the regional
meteorological and hydrometric networks operated by the Mazandaran Regional Water Company.
The Haraz basin record spans from 1976 to 2024, comprising more than 11,000 daily observations.
The Tajan basin record covers the period from 1970 to 2016, with over 14,000 daily observations.

The spatial distribution of the monitoring stations is shown in Figure 1.

In the Haraz basin, daily precipitation is recorded at five stations: Baladeh, Namar, Razan, Panjab,
and Karesang. Baladeh and Namar are located in high-elevation zones, while Razan and Panjab
are situated at lower altitudes. Daily streamflow is measured at the Karesang hydrometric station,

which also serves as a rain gauge and is located at the natural outlet of the catchment.
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In the Tajan basin, precipitation is recorded at five stations: Telarem, Solayman Tange,
Rigcheshme, Darabkola, and Kordkhail. These stations span from the mountainous headwaters to
the coastal lowlands. Streamflow is measured at the Kordkhail hydrometric station, located in the

low-gradient floodplain near sea level. The geographical coordinates, elevations, and type of all

stations in both basins are listed in Table 3.

Table 3. Geographical coordinates, elevations, and station types of the hydrometeorological stations.

Station Elevation Latitude Longitude Basin Type
(m) (D-M-S) (D-M-S)

Namar 2120 36-06-00 52-05-00 Haraz Rain gauge
Baladeh 1875 36-11-32 51-47-52 Haraz Rain gauge

Razan 1240 36-11-47 52-10-49 Haraz Rain gauge

Panjab 920 36-05-50 52-16-14 Haraz Rain gauge
Karesang 220 36-18-00 52-21-59 Haraz ~ Rain gauge/ Hydro station
Telarem 1090 36-12-02 53-14-54 Tajan Rain gauge
Solayman Tange 500 36-14-30 53-15-09 Tajan Rain gauge
Rigcheshme 223 36-22-31 53-10-31 Tajan Rain gauge
Darabkola 140 36-33-41 53-15-06 Tajan Rain gauge
Kordkhail -18 36-42-36 53-06-17 Tajan  Rain gauge/ Hydro station

Descriptive statistics of daily streamflow at the basin outlet and spatially averaged daily

precipitation are summarized in Table 4, including minimum, maximum, mean, standard

deviation, coefficient of variation (CV), Hurst exponent, and the 98th and 99th percentiles.

Table 4. Descriptive statistics, Hurst exponents, and extreme quantiles of daily streamflow and spatially averaged

precipitation.
Variable Basin Count  Min Max  Mean Std cv Hurst  Perc98 Perc99
Q (m’s) Haraz 11092 0 164 2738 17.44 0.64 0.89 80.99  87.40
P (mm) Haraz 11092 0 38 1.31 2.97 2.27 0.64 11.38  14.88
Q(m’s) Tajan 14059 0 410.73 12.08  20.09 1.66 0.84 67.98  89.85
P(mm) Tajan 14059 0 45.84  2.05 3.49 1.70 0.62 1299 16.14




230
231
232
233
234

235
236
237
238
239
240

241

242
243

244
245

246
247

248
249
250

251

252
253
254
255
256
257

The coefficient of variation of daily streamflow in the Tajan basin is approximately three times
higher than in the Haraz basin, and both records exhibit positive skewness. The maximum recorded
discharge in the Haraz basin is approximately six times the historical mean, whereas the
corresponding ratio in the Tajan basin is approximately 34. These statistics confirm the high degree

of imbalance between median-flow and extreme-flow observations in both basins.

The Hurst exponent (H) was calculated to quantify temporal persistence. All series exhibited long-
range dependence (H > 0.5). The streamflow series showed H = 0.89 and 0.84 for the Haraz and
Tajan basins, respectively, compared to H = 0.64 and 0.62 for the corresponding precipitation
series. The higher persistence in discharge relative to precipitation indicates that each catchment
acts as a hydrological filter, and that antecedent conditions carry information not contained in

same-day rainfall alone.
The predictor space was organized into three groups:

(I) Station-specific precipitation with one-day and two-day lags (Pt-1, Pt2) from each of the five

rain gauges. Same-day precipitation was excluded to ensure a minimum 24-h operational lead time.

(IT) Basin-scale antecedent moisture, including spatially averaged precipitation and cumulative

totals over rolling windows of 3, 10, 30, and 90 days prior to day t.

(IIT) Autoregressive and cyclical variables: previous-day streamflow (Qt-1), sine and cosine

transform of the day of the year (DOYsin, DOYcos), and a discrete month index.

For each basin, the first 80% of the chronological record was allocated to model training and
hyperparameter optimization, and the remaining 20% was reserved as an independent testing set.

Partitioning followed strict chronological order to prevent future-to-past data leakage.
3- Methodology

The methodological workflow, summarized in Figure 2, proceeds in three phases. Phase I covers
hydrometeorological data screening, temporal synchronization, descriptive and persistence
statistics, and the definition of extreme-flow thresholds (Qos and Qo9). Phase II constructs the
predictive architecture in two stages: Bayesian search-space reduction (Stage 1), followed by
metaheuristic optimization of the dual-weighting structure under three weighting scenarios (Stage

2). Phase III assesses performance with continuous and categorical metrics, benchmarks skill



258
259

260

261
262

263

264

265
266
267
268

269

270
271
272

273

against a naive baseline, and quantifies robustness through twenty independent stochastic runs of

each configuration.

Phase I: Data Preparation and Study Area . Phase 1I: Proposed Modeling Framework

Step 1: Data Acquisition and Preprocessing

» Step 4: Hyperparamater Search Space Definition
- Five Basin: Haraz, Babolrod, Talar; Tajan, Nekarod

- Optuna Framework automation for structural hyperparamater tuning
- Daily Percipitation Data ( Five Rain gauges for each Basin) - Hyperparamaters of XGBoost and LightGBM
- Daily Discharge Data (Outlet Hydrome tric Station for each Basin)
e M - 3
Step 2: Runoff Coefficient (RC)Assessment .

- Contrasting basin analysis: Haraz (Highest RC) vs. Tajan (Lowest RC)

Y

Step 3: Statistical Analysis
- Deseriptive stats, Hurst Exponent
-Establishing extreme flood thresholds: Qu and Qus

Base Learning Algorithms: XGBoost, LightGBM

- Meta-heuristic Optimize rs: NOA and PSO

- Objective Functions: RMSE and KGE loss

’ - Objective Weighting Scenarios: S1 (No weighting), $2 (Data weighted),

$3 (Bath weighted)
- Data weight optimiztion

:- 20 Independent Runs for each Model

Phase II: Evaluation and Uncertainty Analysis

Step 6: Comprehensive Model Evaluation
- Hydrograph Accurncy Metrics:
RMSE, MAE, NSE, KGE and 88
- Categorical Flood Detection Evaluation (at Q98 and Q99 Thresholds):
POD, CS1, FAR and MR
- Robustness & Uncertainty Quantification:
Evaluation over 20 independent stochastic optimization runs
- Benchmarking and Comparative Analytics:
Skill Score metrics vs. Naive Maodel baseline

Figure 2. Methodological workflow from hydrometeorological data preparation to predictive model evaluation and

robustness assessment.
3.1. Base Machine Learning Architectures
3.1.1. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) utilizes a sequential ensemble of classification and
regression trees (CARTs) to map complex nonlinear relationships (Chen and Guestrin, 2016). For
a hydrological dataset comprising n daily observations and m engineered features, the final

streamflow prediction ¥, is computed through the additive expansion of K trees:

=2 /x@)  fieF @)

where F' denotes the functional space of all possible CARTs. To mitigate overfitting during the
continuous mapping of complex hydro-meteorological thresholds, XGBoost minimizes a

regularized objective function (L):

L=21Gy)+ 2.Q() 3)



274
275

276

277

278
279
280

281

282
283
284
285
286
287
288
289
290
2901
292
293
294

295

296
297
298

299

where | is a differentiable convex loss function measuring the discrepancy between predicted and

observed streamflow values, and:

QFf ,)=yT+ %ﬂiwf 4)

Jj=l

Q(f', ) is the regularization penalty that restrains tree complexity based on the number of leaves

(T) and leaf weights (w). This structural constraint provides XGBoost with substantial
generalization power over traditional tree ensembles when forecasting highly non-linear

hydrological states.
3.1.2. Light Gradient Boosting Machine (LightGBM)

Light Gradient Boosting Machine (LightGBM) serves as the second base learner (Ke et al., 2017).
Two design choices distinguish it from level-wise boosting. First, trees grow leaf-wise, splitting
whichever leaf yields the largest loss reduction, so a given accuracy is reached with fewer leaves.
Second, Gradient-based One-Side Sampling retains the instances with the largest gradients and
randomly down-samples the remainder, with a correction factor applied to the retained proportions
so that the gradient distribution is preserved. In daily streamflow records, the largest gradients
typically arise from poorly reproduced high-flow events; this sampling therefore keeps rare
extremes such as Qoo peaks influential during training while the abundant low-gradient baseflow
days are thinned. Exclusive Feature Bundling further merges mutually exclusive predictors,
reducing the dimensionality of the engineered input space. LightGBM has been reported as a
computationally efficient alternative for continuous runoff simulation (Bentéjac et al., 2021; Xu et
al., 2023), and that efficiency matters here because each configuration is re-trained twenty times

under the stability protocol of Section 3.5.
3.2. Evaluation Metrics and Objective Functions

Model performance was evaluated using three categories of metrics to capture both continuous
hydrograph dynamics and discrete extreme events: continuous statistical errors, categorical

threshold indices, and relative skill scores.

3.2.1. Continuous Hydrological Metrics and Objective Functions
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The continuous predictive accuracy of the models was evaluated using four standard statistical
criteria: Root Mean Square Error (RMSE), Weighted RMSE, Mean Absolute Error (MAE), Nash-
Sutcliffe Efficiency (NSE), Kling-Gupta Efficiency (KGE) and Weighted KGE, calculated as

follows:
1 &
RMSE = \/HZ(Qobs,i - Qsim,i)2 (5)
i=1
1&
MAE = - Qobs,i - Qsim,i‘ (6)

i=1

Zn:(Qobs,i - Qsim,i)z
NSE=1- L= (7

Z(Qobs,i - Qobs)z

KGE=1-/(r- 1)’ +(a -1} +(B8 -1y (8)

z W, (Qobs,i- Qsim,i )2
Weighted RMSE = |-=! )

n
ZW]»
i=1

Weighted KGE = |/(x, -1)’ +(a, 1)’ +(B,-1)’ (10)

where Qobs,i and Qsim,i are the observed and simulated discharge at time i, respectively; n is the total
number of observations; r represents the Pearson correlation coefficient; a is the ratio of simulated

to observed standard deviations and f is the ratio of simulated to observed means.

To intensify the model's sensitivity toward extreme flood events, both objective functions were
reformulated using a continuous flow-proportional weighting coefficient (wi), which assigns
progressively greater weights to timesteps with higher observed discharges. The weighted
statistical components (rw, aw, Bw) embedded within the Weighted KGE, along with the complete

derivation of wi, are provided in Appendix A.
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While all four metrics were used for general model evaluation, RMSE and KGE act as the primary
objective functions during the optimization procedure (Stage II) of the metaheuristic search. From
a mathematical perspective, RMSE is less tolerant of high-magnitude errors due to the squared
term, which made it particularly responsive to peak flows. Meanwhile, KGE provides an optimal
compromise for the joint control on the correlation, variability, and mean biases. By introducing
such two objective functions, it can be seen that the proposed dual-weighting framework
effectively constrains the optimization procedure to avoid the underestimation of extreme flows in

the tail of the distribution.
3.2.2. Categorical Flood Warning Metrics

Continuous performance measures should assess overall variability, but they can mask predictive
errors during rare, but intense, peaks in flows. To evaluate how well the algorithms identify such
extreme events, a contingency table analysis was performed for specific high-flow quantiles (the
98th and 99th percentiles). Forecasts of continuous values that exceeded the thresholds were
converted into binary outcomes to calculate the Probability of Detection (POD), False Alarm Ratio

(FAR), and Critical Success Index (CSI):

H

POD= —— (11)
H+M
AR = 1A (12)
H + FA
csi—— 0 (13)
H+M + FA

Here, H (Hits) is the number of correctly predicted extreme threshold exceedances; M (Misses)
are the observed extreme events that were not predicted; and FA (False Alarms) are the predicted
extremes that did not occur. The best possible predictive model would have POD =1, CSI =1,
and FAR = 0.

3.2.3. Relative Performance and Skill Scores

To quantify the predictive advantage of the machine learning algorithms relative to a baseline

forecast, the Skill Score (SS) was calculated. The SS measures the algorithmic performance gain
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of each optimized model compared to a naive reference baseline. In this study, the evaluation was

applied to the RMSE metric (SSrmsE) across different extreme-flow thresholds, formulated as:

RMSE
SSangse =(1- ————dl) 5 100 14
s ~(1- e =) (14)

Naive

where RMSEModel is the error of the implemented gradient boosting scenario, and RMSEnaive
represents the error of the naive baseline projection. A positive SSrmse indicates that the trained
machine learning model yields superior forecasting accuracy compared to the naive assumption,

validating the model's actual predictive intelligence under normal and extreme flow conditions.
3.3. Stage 1: Search Space Reduction via Bayesian Optimization

Boosting algorithms expose a large set of interdependent hyperparameters, and exhaustive search
over this space is computationally prohibitive when every evaluation re-trains the model on a
multi-decadal daily record. Stage 1 therefore used the Tree-structured Parzen Estimator (TPE)
implemented in the Optuna library (Akiba et al., 2019) as a preliminary filter, not as the final
tuning step. Its role was to discard unpromising regions of the initial bounds and return a reduced,

focused domain to the metaheuristic stage that follows.

TPE is a sequential model-based sampler: it maintains two density estimators over the
hyperparameter space, one built from the best trials and one from the remainder, and draws new
candidates where the ratio of the two densities is highest (Bergstra et al., 2011). This approach has
been applied to XGBoost-based flood estimation (Jarajapu et al., 2022), though typically as the
sole tuning step. In this study, the sampler was directed at the unweighted baseline RMSE
(Scenario Si1), so that the reduced bounds reflect the intrinsic structure of the rainfall-runoff

mapping rather than any particular weighting scheme.

Random K-fold cross-validation would break the chronological ordering of the daily series and
allow future information to influence the validation folds. The Optuna trials therefore used a time-
series split with an expanding training window that advances strictly forward in time, so that every
trial was scored only on observations later than its training period. This keeps the tuning phase

consistent with the chronological partitioning described in Section 2.3.
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Two hundred trials were run for each basin and each base learner, giving 800 Bayesian trials in
total. Optuna's fANOVA importance evaluator (Hutter et al., 2014) then ranked the
hyperparameters by their contribution to the loss, and those with negligible influence were fixed
at their default values. The retained variables govern tree architecture, learning rate, and row and
column sampling; their initial and reduced bounds are listed in Table 5. These reduced bounds

initialized the metaheuristic optimization of Stage 2 (Section 3.4).
3.4. Stage 2: The Metaheuristic and Weighting Framework

Using the reduced parameter bounds from Stage 1, Stage 2 applies two swarm intelligence
algorithms to tune the remaining hyperparameters and the weighting parameters. Particle Swarm
Optimization (PSO) serves as the classical baseline, while the Nutcracker Optimization Algorithm
(NOA) (Abdel-Basset et al., 2023) is selected for its memory-based search mechanism, which
helps maintain diversity in complex spaces. Both algorithms simultaneously calibrate the tree

hyperparameters and the penalty weights defined in the following scenarios.
3.4.1. Nutcracker Optimization Algorithm (NOA)

To mitigate the risk of premature convergence in the complex hyperparameter space, the
Nutcracker Optimization Algorithm (NOA) was employed as the primary metaheuristic engine
(Abdel-Basset et al., 2023). NOA mathematically simulates the foraging and spatial memory
strategies of Clark’s nutcrackers. Rather than relying on standard velocity-based updates, its search
mechanism is partitioned into two distinct algorithmic stages: a global exploration phase (modeled
as food hoarding) to broadly sample the parameter space, and an intensive localized exploitation

phase (modeled as cache recovery) to finely tune the optimal solutions.

The positional updating of candidate hyperparameter solutions relies on a dynamic memory matrix
that archives previously discovered high-performing configurations. During the global exploration
phase, the position vector (Xi) of the i-th search agent at the next iteration (t+1) is fundamentally

governed by a reference-based spatial update protocol:

X' =X 45X

best

_Xi)""rz'(RPj _Xk) (15)

where Xzes: represents the elite configuration, RP; is a reference position extracted from the cache

memory matrix, and r;, 2 are randomized search scaling coefficients. This unique mathematical
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reliance on dynamic memory storage enables NOA to systematically navigate the highly complex
and discontinuous search terrains associated with the dual-weighted multi-objective fitness
function. By preserving the diversity of populations and keeping the spatial boundaries of
promising solutions from converging prematurely, NOA is particularly good at avoiding local

errors and finding the absolute global optimum for extreme flood predictions.
3.4.2. Particle Swarm Optimization (PSO)

PSO s included as a comparative baseline, as it is widely used in hydrological optimization (Cheng
and Jin, 2015; Bui et al., 2019). The algorithm updates the trajectory of each particle based on its
personal best position (Pp,s;) and the swarm's global best position (Gpes: ). While computationally
efficient, standard PSO is more susceptible to premature convergence in high-dimensional spaces
than memory-based algorithms like NOA, providing a useful contrast for evaluating the proposed

framework.

In order to obtain an unbiased comparison baseline, both metaheuristics were allowed to use the
same computational budget. Specifically, a population size of 20 was used for a maximum of 20
iterations. Since the search space boundaries had been narrowed substantially in Stage I, this
budget (a total of 400 function evaluations per run) was sufficient for both algorithms to converge
to an acceptable solution without incurring an unrealistically large computational burden. To
systematically evaluate the framework's ability to resolve the underestimation of Qg9 flood peaks,

the metaheuristic tuning was executed under three comparative scenarios:
3.4.3. Scenario 1: Baseline (Unweighted)

In the baseline configuration (S1), the metaheuristics calibrated only the tree hyperparameters
identified in Stage 1. All daily streamflow observations were assigned a uniform sample weight
(Wi=1) during training. This unweighted setup serves as the control experiment, reflecting the
default behavior of standard boosting architectures, which tend to optimize primarily for median

baseflow conditions.
3.4.4. Scenario 2: Single-tier Weighting (Data-weighted)

Scenario 2 (S:2) introduces a single-tier data weighting mechanism. Daily observations exceeding

the extreme flow threshold (Qobs > Qo99) were assigned an amplified sample weight (Wdata > 1),
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while non-extreme observations retained a weight of 1. Rather than setting Wadaa to a fixed
empirical value, it was treated as a continuous decision variable and optimized by the metaheuristic
algorithms. Although this approach increases the gradient contribution of rare peaks, it can induce
a trade-off, where improved extreme-event detection is achieved at the expense of baseflow
accuracy (Laimighofer et al., 2022). In Scenario 2, the sample weights enter only the training loss;
the fitness function guiding the metaheuristics remains the unweighted form of the objective

function.
3.4.5. Scenario 3: Dual-tier Weighting Framework (Data and Objective weighted)

To address the trade-offs associated with single-tier approaches, Scenario 3 implements the
proposed dual-tier weighting framework. In this configuration, the metaheuristics simultaneously
optimize two interconnected components: (i) the structural tree hyperparameters, and (ii) the

localized data penalty weight for extreme events (W data).

Scenario 3 (S3) implements the proposed dual-tier weighting framework. As in Scenario 2,
observations exceeding the Qoo threshold receive an amplified sample weight (Wdata) during
training, forming the data-level tier. The second tier extends the weighting into the objective
functions themselves: candidate configurations are scored with the weighted RMSE of Equation
(9) in variant S3-RMSE, or with the weighted KGE distance of Equation (10) in variant S3-KGE.
The two objective functions are never combined, linearly or otherwise. The metaheuristics
therefore optimize the tree hyperparameters and Wadata against a fitness landscape in which extreme
events carry explicit weight both in the training loss and in the scoring criterion, while the

unweighted metrics of Section 3.2.1 remain the basis for performance reporting.
3.5. Algorithmic Stability Protocol

Metaheuristic optimizers such as PSO and NOA are stochastic: identical configurations can follow
different optimization trajectories depending on the random initialization of the search agents
(Pasche et al., 2026), so a single execution is not representative. To characterize this run-to-run
variability, each configuration (basin, learner, optimizer, objective variant, and weighting
scenario) was executed twenty times with independent seeds in the Haraz basin and fifteen times
in the Tajan basin, the reduced count reflecting the higher per-run computational cost in Tajan; a

supplementary check confirmed that extending the Tajan protocol to twenty runs did not alter the
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reported means or spreads. Performance is reported as the mean across runs (Tables 6 and 7), while
the run-to-run spread is summarized through medians, interquartile ranges, and min—max
envelopes (Figures 4 and 5); together these support the interpretation that the reported gains of the
dual-weighting framework reflect the weighting and objective choices rather than favorable

random initializations.

During manuscript preparation, the authors used large language model (Qwen3.8-Max) as editorial
assistants to refine wording, sentence structure, and scientific tone. All technical content,
numerical results, methodological choices, and interpretations were generated, verified, and

approved exclusively by the authors, who retain full accountability for the final manuscript.
4- Results

The evaluation compares predictive performance in the two contrasting physical environments
introduced in Section 2: the responsive Haraz regime and the attenuated Tajan regime. Following
the methodological workflow, the analysis begins with the hyperparameter sensitivity and the
search-space reduction achieved in Stage 1, then proceeds to scenario performance and to the

stability of the configurations across independent runs.
4.1. Search Space and Hyperparameter Analysis

Figure 3 shows the fANOVA importance scores of the hyperparameters for both base learners,
computed from the Stage 1 trials (200 per basin and per learner). The importance rankings differ
between the two basins, indicating that the physical regime shapes which parameters control the
fit. In the responsive Haraz basin, both models assign the highest importance to parameters
governing tree complexity and learning rate (for example, max_depth and the learning rate), which
is consistent with the need to resolve fast, nonlinear rainfall-runoff transformations. In the
attenuated and skewed Tajan basin, importance shifts toward regularization and data-sampling
parameters (for example, min_child weight and subsample). This pattern suggests that, where the
rainfall-runoff signal is weak, the models rely on regularization to avoid overfitting the dominant

baseflow rather than on additional structural depth.

In the responsive Haraz basin, the clear rainfall-runoff signal shifted importance toward
parameters that control the overall convergence of the boosting process rather than toward internal

tree regularization. For LightGBM, the learning rate alone accounted for 81.3% of the variance in
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the validation objective, suggesting that, when the physical signal is strong, calibration of the
gradient step size matters more than the detailed tree topology. For XGBoost, 59.0% of the total
importance was carried by the ensemble size (n_estimators), consistent with a reliance on the

number of sequential boosting rounds to reproduce the continuous hydrograph.
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Figure 3. fANOVA hyperparameter importance scores from Stage 1 optimization for (a) XGBoost and (b)
LightGBM in the Haraz and Tajan basins.

In the low-yielding Tajan basin (RC = 0.082), the importance profile differs markedly. Only about
8% of the basin precipitation appears as streamflow at the outlet; the remainder is lost largely to
evapotranspiration and subsurface transfer, and the resulting flow series is dominated by slow,
low-magnitude components with rare event responses. Consistent with this weak signal, Stage 1
assigned higher importance to complexity-penalizing parameters: for LightGBM,
min_child samples (18.1%) and max depth (9.7%), and for XGBoost, min child weight
(14.2%). This pattern suggests that, in signal-attenuated catchments, the boosting learners rely on
leaf-structure regularization to avoid fitting the dominant low-flow noise at the expense of the rare

extreme responses.

To stabilize the metaheuristic optimization of Stage 2, a 5% importance threshold was applied
(Figure 3). Hyperparameters whose fANOVA score fell below this threshold, such as the
regularization coefficients (reg lambda, reg alpha) and the subsampling fractions (subsample,

colsample bytree, feature fraction, bagging fraction), were held fixed at their best-trial values
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from Stage 1. Only the parameters whose importance exceeded the threshold were retained as

active search variables and passed to the NOA and PSO algorithms for calibration under the

weighting scenarios. The retained bounds and the fixed values are summarized in Table 5.

Table 5. Fixed values and reduced search bounds established for the Stage 2 metaheuristic optimization.

Haraz Basin

Tajan Basin

Hyperparameter XGBoost LightGBM XGBoost LightGBM
learning_rate 0.037 - 0.076 0.017-0.138 0.004 - 0.008 0.027-0.117
max_depth 3-15 4 8-10 8-15
min_child weight 15-20 - 13-15 -
n_estimators 624 - 1000 250 640 - 820 629 - 995
subsample 0.530 - 0.665 -
colsample bytree 0.950 - 0.657 -
gamma 1.240 - 1.190 -
reg_lambda 0.144 3.240 1.170 0.0000002
reg_alpha 0.065 0.003 0.00015 6.170
feature fraction - 0.89-1.0 - 0.570
num_leaves - 146 - 222 - 189
min_child_samples - 16 - 80 -97
min_split_gain - 0.940 - 0.150
bagging_fraction - 0.790 - 0.570
bagging_freq - 6 - 9

4.2. Continuous and Extreme-Event Performance

Tables 6 and 7 summarize, for each configuration, the mean of each performance metric across the

twenty independent runs described in Section 3.5; the run-to-run spread is presented in Section

4.3. The three weighting scenarios (unweighted baseline, single-tier, and dual-tier) are compared

using the continuous hydrograph metrics computed over the full test record (RMSE, MAE, NSE,

and KGE) and the categorical extreme-event indices computed at the Qos and Qo9 thresholds (POD,

FAR, and CSI), together with Skill Scores relative to the naive baseline, reported in Table 6.

Performance differs markedly between the two catchments, in line with their physical contrast. In

the responsive Haraz basin (RC = 0.57), the unweighted baseline (S1) already reproduces the main

flow dynamics without any weighting scheme: across all learner—optimizer combinations and both
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objective functions, NSE = 0.98 and KGE = 0.96-0.97, with RMSE between 2.65 and 2.74 m®/s
(Table 6).

Table 6. Continuous performance metrics (means over twenty runs) for all model configurations and weighting

scenarios.

Model XGBoost-PSO (RMSE) LightGBM-PSO (RMSE)
Metric RMSE MAE NSE KGE SS RMSE MAE NSE KGE SS
Basin Scenario
Si 2.65 1.32 0.98 0.96 0.22 2.68 1.27 0.98 096 0.21
Haraz S 2.55 1.31 0.98 0.97 0.28 2.56 1.23 0.98 0.97 0.28
S3 2.57 1.32 0.98 0.97 0.27 2.57 1.25 0.98 0.97 0.27
Si 9.38 4.20 0.62 0.63 0.50 9.13 3.71 0.64 0.73 0.53
Tajan S 9.38 4.18 0.62 0.64 0.50 9.15 3.72 0.64 0.73 0.53
S3 10.99 4.96 0.48 0.55 0.32 9.93 4.52 0.58 0.69 044
Model XGBoost-NOA (RMSE) LightGBM-NOA (RMSE)
Metric RMSE MAE NSE KGE SS RMSE MAE NSE KGE SS
Basin Scenario
Si 2.65 1.31 0.98 0.96 0.23 2.68 1.26 0.98 096 0.21
Haraz S 2.55 1.30 0.97 0.97 0.28 2.55 1.23 0.98 0.97 0.28
S3 2.56 1.32 0.97 0.97 0.27 2.59 1.27 0.98 0.97 0.26
Si 9.38 4.19 0.62 0.63 0.50 9.14 3.72 0.64 0.73 0.53
Tajan S> 9.38 4.17 0.62 0.64 0.50 9.22 3.78 0.63 0.73 0.52
S3 11.09 5.06 0.47 0.54 0.30 10.17 4.47 0.55 0.67 041
Model XGBoost-PSO (KGE loss) LightGBM-PSO (KGE loss)
Metric RMSE MAE NSE KGE SS RMSE MAE NSE KGE SS
Basin  Scenario
Si 2.68 1.33 0.98 0.96 0.21 2.74 1.30 0.98 096 0.17
Haraz S, 2.70 1.37 0.98 0.97 0.20 2.90 1.38 0.97 0.97 0.07
S3 2.71 1.39 0.98 0.97 0.19 2.88 1.39 0.98 0.97 0.08
Si 9.54 3.89 0.61 0.69 0.49 9.24 3.82 0.63 0.74  0.52
Tajan S, 9.71 3.96 0.59 0.68 0.47 9.27 3.84 0.63 0.73 0.51
S; 11.98 5.39 0.38 0.47 0.19 12.91 6.16 0.28 047 0.05
Model XGBoost-NOA (KGE loss) LightGBM-NOA (KGE loss)
Metric RMSE MAE NSE KGE SS RMSE MAE NSE KGE SS
Basin  Scenario
Si 2.70 1.34 0.98 0.97 0.20 2.71 1.28 0.98 096 0.19
Haraz Sz 2.71 1.40 0.98 0.97 0.19 2.98 1.41 0.97 0.97 0.02
S; 2.67 1.36 0.98 0.97 0.22 2.98 1.43 0.97 0.97 0.02
Si 9.53 3.89 0.61 0.69 0.49 9.23 3.82 0.63 0.74  0.52
Tajan S, 9.63 3.95 0.60 0.69 0.48 9.29 3.85 0.63 0.73 0.51
S; 11.94 5.35 0.39 0.47 0.20 12.98 6.26 0.27 047 0.04

As Table 6 shows, the baseline configurations already achieve high continuous accuracy in the
Haraz basin (NSE = 0.98, KGE = 0.96-0.97), and the dual-tier scenario (S3) alters these values
only marginally. Detection skill at Qo9 likewise changes little, with POD rising from 0.77-0.84 in
Si to 0.83-0.85 in S3 while CSI and FAR remain within 0.70-0.77 and 0.10-0.13 (Table 7). This

pattern suggests that, in a responsive catchment where high-flow events are comparatively frequent
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in the record, conventional loss functions already receive sufficient extreme-flow information, and

the added complexity of dual weighting yields little additional benefit.

Table 7. Extreme-event detection metrics at the Qog and Qo9 thresholds (means over twenty runs) for all

configurations and scenarios.

Model XGBoost-PSO (RMSE) LightGBM-PSO (RMSE)
Metric POD CSI FAR POD CSI FAR
Basin  Scenario Q¢ Qg9 Qog Qoo Qog Qoo Qs Qg9 Qos Qg9 Qog Qo9
Si 092 082 085 0.74 0.09 0.11 091 077 083 0.70 0.10 0.11
Haraz S 093 085 0.84 0.76 0.10 0.12 092 083 082 0.75 0.11 0.12
S3 093 085 0.84 0.76 0.10 0.12 093 084 083 0.75 0.11 0.12
Si 026 022 022 020 044 0.25 035 020 0.25 0.17 0.51 0.49
Tajan S, 0.27 023 0.22 021 044 0.26 035 0.19 026 0.16 0.51 0.51
S3 045 033 0.29 022 0.56 0.58 043 040 028 027 0.56 0.55
Model XGBoost-NOA (RMSE) LightGBM -NOA (RMSE)
Metric POD CSI FAR POD CSI FAR
Basin  Scenario Qo Qg9 Qog Qoo Qog Qo9 Qos Qoo Qog Qo9 Qog Qoo
Si 092 084 0.85 0.75 0.08 0.12 091 078 083 0.83 0.10 0.11
Haraz S, 093 083 0.85 0.75 0.10 0.13 092 083 083 0.83 0.11 0.13
S3 093 084 085 0.75 0.10 0.12 092 083 082 0.82 0.11 0.13
Si 0.27 021 022 020 0.44 0.26 035 020 026 026 0.51 0.48
Tajan S, 0.27 022 023 020 044 0.27 034 020 025 025 0.54 0.52
S3 045 033 028 022 0.57 0.60 045 040 029 029 0.55 0.57
Model XGBoost-NOA (KGE) LightGBM -NOA (KGE)
Metric POD CSI FAR POD CSI FAR
Basin _Scenario Qo Qg9 Qog Qo9 Qog Qoo Qo Qo9 Qog Qg9 Qog Qoo
Si 092 087 086 0.77 0.08 0.12 091 081 082 0.73 0.10 0.12
Haraz S» 093 084 0.82 0.75 0.12 0.12 095 084 078 0.75 0.19 0.13
S3 093 085 0.83 0.76 0.11 0.12 096 083 0.77 0.74 0.20 0.13
Sy 034 029 025 022 0.51 0.50 037 025 027 020 0.51 0.52
Tajan S, 034 029 024 022 052 0.51 036 022 025 0.17 0.53 0.55
Ss 045 038 0.23 0.21 0.67 0.67 053 054 026 0.24 0.66 0.70
Model XGBoost-PSO (KGE loss) LightGBM -PSO (KGE loss)
Metric POD CSI FAR POD CSI FAR
Basin  Scenario  Qos Qo9 Qog Qoo Qog Qoo Qos Qo9 Qos Qg9 Qos Qoo
Si 092 084 085 0.75 0.09 0.12 091 081 0.83 0.73 0.10 0.12
Haraz S, 093 085 083 0.76 0.12 0.12 094 084 0.78 0.75 0.18 0.12
S3 094 084 0.83 0.75 0.12 0.13 095 083 078 0.74 0.18 0.13
Si 0.33 029 0.25 022 0.51 0.52 037 025 027 020 0.52 0.50
Tajan S, 0.35 029 0.25 021 0.53 0.53 038 023 027 0.18 0.51 0.54
S3 045 039 024 0.21 0.67 0.69 0.54 053 026 024 0.67 0.70

In the attenuated Tajan basin, detection is far harder. Under the unweighted baseline (S1), POD at
Qo9 remains between 0.20 and 0.29 across configurations, indicating that most extreme events are
missed when the natural class imbalance is left unaltered. The dual-tier scenario (S3) raises POD
at Qo9 to 0.33-0.40 under the RMSE objective and to 0.39-0.54 under the KGE objective, with the
highest value (0.54, LightGBM-NOA, KGE objective) accompanied by FAR = 0.70 and CSI =
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0.24-0.26 (Table 7). The accompanying rise in false alarms is expected in a low-yield basin, where
amplifying the weight of rare peaks shifts the detection behavior toward more triggered events.
For operational early warning, missed floods carry higher socio-economic costs than false alarms,
so a POD-oriented trade-off remains defensible despite the elevated FAR; this asymmetry is

examined further in Section 5.3.

The choice of optimizer changed the results only slightly. Across both catchments, the absolute
differences between PSO and NOA in KGE and POD did not exceed 0.03, and were below 0.02
in all but one configuration (LightGBM, Tajan, S3 under the KGE objective; Tables 6 and 7). This
parity suggests that, after the search-space reduction of Stage 1, the constrained bounds left both
swarm-intelligence algorithms with a landscape simple enough to reach comparable
configurations. Optimizer choice is therefore not a decisive factor here: the differences induced by

the weighting scenarios and the objective function are several times larger.

This trade-off exposes a limitation of variance-based objectives under strong data imbalance. In
Tajan under S3 with the KGE objective, continuous accuracy deteriorates sharply: NSE falls to
0.27-0.28 for LightGBM and 0.38-0.39 for XGBoost, and the RMSE-based Skill Score drops to
0.04-0.05 and 0.19-0.20, respectively (Table 6). The mechanism is structural: KGE aggregates
correlation, variability, and bias ratios over the whole record, so assigning large weights to a few
extreme days steers the optimization toward the weighted moments and away from the unweighted
balance that the reported metrics measure. The same weighting under the RMSE objective keeps
NSE at 0.47-0.58, confirming that the deterioration is tied to the objective function rather than to
the weighting itself, and within each learner the pattern held for both optimizers. Dual weighting
with the KGE objective therefore buys the highest detection (POD 0.53-0.54 at Q99) at the cost of

continuous fidelity, whereas the RMSE objective preserves a workable balance.

Under the RMSE objective, the S3 configurations in Tajan pair this detection gain with acceptable
continuous accuracy: for LightGBM, NSE 0.55-0.58 with POD 0.40, FAR 0.55-0.57, and CSI 0.27
at Q99; XGBoost keeps NSE 0.47-0.48 with POD 0.33 and CSI 0.22 (Tables 6 and 7). Detection is
slightly lower than under the KGE objective (POD 0.53-0.54), but the continuous hydrograph is
preserved. Within the dual-weighting framework, the residual-penalty objective therefore offers

the more balanced operating point for low-yield basins.
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Across the two catchments, the metrics point to different preferred configurations. In Haraz,
XGBoost optimized by NOA under the single-tier scenario with the RMSE objective (S2-RMSE)
offers the best balance: NSE = 0.98 and KGE = 0.97 (Table 6), with POD 0.83 at Qg9 (Table 7),
matching the dual-tier scenario without its added complexity. Because the two optimizers differed
by no more than 0.02-0.03 in this basin, NOA is retained as the representative engine for the

stability analysis of Section 4.3.

In Tajan, the best-performing configuration is LightGBM optimized by NOA under the dual-tier
scenario with the RMSE objective (S3-RMSE): NSE = 0.55 with POD 0.40, FAR 0.57, and CSI
0.27 at Qo9 (Tables 6 and 7). This accepts a moderate false-alarm rate in exchange for roughly
doubling the detection of the unweighted baseline, while keeping the continuous hydrograph

usable, in contrast to the KGE-guided variant, whose NSE falls to 0.27—0.28 as reported above.

Taken together, the two catchments favor different configurations, Sz in the responsive Haraz and
S3 in the attenuated Tajan, which suggests that the weighting strategy should follow the
catchment's yield and memory characteristics rather than fixed a priori. The implications for

operational warning design and the transferability of the framework are discussed in Section 5.
4.3. Algorithmic Stability Across Runs

Following the protocol of Section 3.5, the run-to-run stability of the two selected configurations
(Haraz: XGBoost-NOA, S>-RMSE; Tajan: LightGBM-NOA, S3-RMSE) was examined. Because
the training time per run is much higher in Tajan than in Haraz, owing to the longer and more
irregular flow record, the stability protocol was applied with twenty independent runs in Haraz and
fifteen in Tajan. Preliminary checks confirmed that extending the Tajan runs from 15 to 20 did not
change the mean or spread of the metrics in any configuration. Figure 4 shows, for the RMSE
objective, the mean convergence trajectory, the best run, and the min-max band across the
independent runs. Within the allotted budget the mean trajectory approaches a plateau and the band
narrows, indicating that the computational budget defined in Section 3.4.2 is sufficient for
convergence in both basins. Reporting the full band rather than a single execution makes the

variability induced by the random initialization of the search agents explicit.
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Figure 5 summarizes these run-to-run distributions as violin plots, in which the dashed lines mark
the median and the interquartile range and the local width of each shape traces the empirical density

of the metric.

The distributions in Figure 5 separate the two basins clearly. In Haraz (panels a and c), the selected
XGBoost-NOA configuration (S2-RMSE) shows narrow run-to-run spreads: medians of 0.97 for
both NSE and KGE with tight interquartile ranges, and a median RMSE of 2.55 m?/s across the
twenty runs. With a strong rainfall-runoff signal (RC = 0.57), the optimizer therefore reaches
solutions of comparable predictive quality under different random initializations. These plots
establish the stability of predictive performance; they do not imply that all runs converge to

identical parameter vectors.

In Tajan (panels b and d), the same configuration family shows wider run-to-run spreads,
consistent with the weaker and more irregular signal of this basin. The medians remain close to
the tabulated means (NSE 0.55 against 0.58; RMSE 10.22 m?®/s against 10.17 m?/s; MAE 4.48
against 4.43 m?/s), but the interquartile ranges of KGE and the Skill Score are visibly broader than
in Haraz, indicating that individual runs land on solutions of more variable quality. This is the
expected behavior in a low-yield catchment, where a small number of extreme events dominates
the objective and modest changes in the fitted parameters shift the event-scale errors. Even so, the
lower tails of the NSE and KGE violins stay well above the failure levels of the KGE-guided
variant (NSE 0.27-0.28), so the selected configuration is stable enough to support the comparative

conclusions of Section 4.2.

Figure 6 condenses the comparison into a single multi-metric profile per basin. At both thresholds,
the Haraz configuration (XGBoost-NOA, S2-RMSE) traces a polygon close to the outer edge on
all five axes, confirming that single-tier weighting already yields a balanced performance in a
responsive catchment. The Tajan configuration (LightGBM-NOA, S3-RMSE) traces a smaller,
uneven polygon: moderate NSE and KGE, contracted POD and CSI, and a reduced (1-FAR). Read
together, the two polygons show what the weighting framework buys and what it costs in a low-

yield basin, and frame the management implications discussed in Section 5.
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Figure 6. Multi-metric profiles of the selected configurations at the (a) Q99 and (b) Q98 thresholds: Haraz,
XGBoost-NOA, S2-RMSE; Tajan, Light GBM-NOA, S3—-RMSE. NSE and KGE are whole-record values; FAR is

plotted as (1 — FAR) so that all axes are outward-maximizing.

5. Discussion
5.1. Physical hydrology and model complexity

The sensitivity profiles of Stage 1 link the physical runoff generation of each catchment to the
structural needs of the boosting models. In the responsive Haraz basin (RC = 0.57), importance
concentrated on global convergence parameters, above all the learning rate. In high-yield
mountainous catchments with rapid rainfall-runoff response and seasonal snowmelt, the
hydrological signal is coherent although nonlinear, so the ensemble can reduce residuals without
deep internal partitioning. Responsive catchments also exhibit strong temporal persistence
(Koutsoyiannis, 2002; Montanari and Koutsoyiannis, 2012), which supplies consistent learning
gradients and reduces the need for heavy regularization. Tree-based models remain piecewise-
constant and cannot extrapolate beyond the trained range; the good performance in this regime is
therefore supported by the relatively rich record of high-flow events, which keeps predictions

inside the observed target space.
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In the attenuated Tajan basin (RC = 0.082) the optimization landscape shifts. In lowland and
regulated catchments of this type, transmission losses, evapotranspiration, and anthropogenic
abstractions, in the Tajan basin including regulation by the Shahid Rajace Dam and irrigation
withdrawals, damp the amplitude of flow variations. Days above Qg9 form about 1% of the record
by construction, so the learning task is heavily imbalanced. Consistently, Stage 1 favored
parameters that restrict split complexity, namely min child samples for LightGBM and
min_child weight for XGBoost, which limit overfitting to the dominant low-flow class. This
behaviour is in line with reports of reduced data-driven skill in catchments with weak or skewed
signals (Kratzert et al., 2019; Nearing et al., 2021). For water-resources practice, the implication
is direct: in low-yield, regulated basins the effective modelling investment lies in weighting and

regularization strategies rather than in deeper ensembles.

The stability and cost results of Section 4.3 complete this physical picture. In Haraz, the coherent
signal yields a smooth objective landscape: convergence plateaus early (Figure 4) and the run-to-
run spreads of the efficiency metrics remain tight (Figure 5), with twenty runs completed at low
computational cost. In Tajan, each run required markedly more time, which limited the protocol
to fifteen runs; a supplementary check confirmed that extending the protocol to twenty runs did
not alter the reported means or spreads. The wider interquartile ranges in Tajan reflect a rougher
landscape shaped by a small number of dominant events, while the difference between PSO and
NOA remained within 0.02-0.03 for KGE and POD, making the optimizer a secondary decision
once the search space is reduced. For operational deployment, therefore, the computational budget
of such frameworks is set by the low-yield, regulated basins, and savings are better sought in

search-space reduction and weighting design than in the choice of metaheuristic.
5.2. Selection of Objective Functions

The dual-weighting experiments (S3) expose a clear limitation in the choice of optimization loss.
KGE is widely used because it evaluates correlation, variability ratio, and bias ratio separately
(Gupta et al., 2009), and its variability component explicitly tracks how well the simulated spread
matches the observed one (Kling et al., 2012). When large weights are assigned to the upper 1%
of flows (Qo9), however, the weighted moments seen by the objective are dominated by those few
days, and the variability ratio the optimizer tries to match no longer represents the unweighted

record. The optimizer then sacrifices the fit over the remaining days to satisfy the weighted ratios,
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which is consistent with the collapse observed in Tajan: under the KGE objective, NSE falls to
0.27 for LightGBM-NOA, whereas the RMSE objective keeps it at 0.55 for the same
configuration. This behavior adds to the documented sensitivity of distribution-matching metrics
to outliers and skewed error distributions (Alonso Pizarro and Jorquera, 2024) and argues against

their use as objectives under aggressive asymmetric weighting.

Under the same weighting, the RMSE objective remains stable. It does not enforce distributional
matching; it accumulates squared residuals, so large errors on the weighted days receive
proportionally larger penalties while the unweighted days continue to contribute their ordinary
residuals. In this sense RMSE acts as a targeted penalty mechanism: extreme peaks are captured
while low-flow performance is largely preserved. The comparison supports a practical guideline
rather than a universal rule: KGE remains well suited to unweighted continuous simulation,
whereas residual-based objectives are the safer companion for asymmetric extreme-value
weighting. Moving to a residual-based objective does not remove the detection-false-alarm trade-
off (POD versus FAR, Section 4.2), but for agencies configuring operational flood-forecast chains
in low-yield basins it offers an operationally defensible design: rare extremes are detected without

losing the continuous baseline on which water-allocation and reservoir-operation decisions rely.
5.3. Flood detection and early-warning implications

The dual-weighting framework in signal-attenuated catchments is an operational compromise
between baseline accuracy and extreme-event detection. In Tajan, S3 approximately doubled the
POD of Q99 floods relative to the unweighted baseline, at the cost of a corresponding rise in FAR.
This behavior is rooted in the physics of low-yield catchments: with RC below 0.10, most
precipitation is absorbed by deep percolation, evapotranspiration, transmission losses, and
agricultural abstractions and reservoir regulation (Di Baldassarre et al., 2013), so even substantial
rainfall events often fail to produce streamflow peaks. When the loss function assigns large weights
to the few historical events that did generate extreme runoff, the fitted models become markedly
more responsive to rainfall inputs. In effect, the learner treats a larger share of major rainfall events
as flood-generating, under-representing the catchment's buffering storage, which is precisely why

detection rises together with false alarms.

An elevated FAR does degrade categorical efficiency, yet within operational flood-risk

management the trade-off is defensible: warning systems are designed to limit false negatives,
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because the consequences of a missed flood exceed the costs of a false alarm (Roulin, 2007; Cloke
and Pappenberger, 2009). This principle matters most for downstream communities in regulated,
low-yield catchments, including those of the Tajan basin (Fouladi Semnan and Ostad Mirza
Tehrani, 2026). The unweighted models behaved as bulk-flow estimators, reproducing the
dominant low flows while missing most extremes, a pattern consistent with the systematic
underestimation of high flows reported for data-driven models (Zhang et al., 2026). This
vulnerability is particularly pronounced in northern Iranian basins, where recent national-scale
assessments indicate that flood dynamics are heavily governed by specific geomorphological
constraints (e.g., watershed perimeter and length), making them highly susceptible to such
underestimation unless explicitly weighted for extremes (Kanani-Sadat et al., 2024). The dual-
weighting framework does not remove this difficulty, but with a 24-h lead time it raises the
probability that critical thresholds are detected in time for catchment-scale warnings and reservoir
pre-release decisions, shifting the learning priority from bulk-fit precision toward the hazards that
warning systems exist to capture. This aligns with recent advances in data-scarce, semi-arid
catchments, where hybrid frameworks integrating Bayesian optimization and machine learning
have proven essential for reducing false alarm rates and enhancing climate-resilient flood risk

management (Jan Ahmadi et al., 2026).
5.4. Limitations and future work

Despite the improved detection of extreme events, several methodological limitations remain. The
weighting scheme and the objective functions operate on statistical residuals only, so the class
imbalance is addressed mathematically rather than mechanistically. Without explicit constraints
on catchment retention and transmission dynamics, the primary drivers of attenuation in low-yield
systems, the models overcompensate for rare peaks, which is a primary contributor to the elevated
FAR observed in testing. A second limitation is the reliance on point gauge precipitation, which
cannot represent the spatial variability of rainfall, particularly in mountainous terrain. A third is
that the evidence base comprises two contrasting basins; whether the reported regime-dependent
behavior holds elsewhere remains to be tested. In addition, the observed flow series of the Tajan
basin embeds reservoir operation, and without release records the framework cannot separate the

natural from the regulated component of the response.
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To mitigate these limitations, future architectures could move toward physics-informed machine
learning. Embedding mass-balance constraints or soil-moisture deficit thresholds into the loss
function would keep simulated peaks within physically plausible ranges, for example suppressing
flood predictions when antecedent storage is far from saturation. Coupling the framework with
causal-inference tools could additionally encode routing delays and cause-effect dependencies of
attenuated systems. Beyond model structure, future work should test the transferability of the
weighting framework in other low-yield, regulated basins and evaluate spatially distributed
remote-sensing inputs (soil moisture, radar precipitation) as a route to reducing false alarms in

noise-dominated regimes.
6. Conclusion

Predicting extreme flood events (Qg9) across contrasting regimes motivates a shift from generic
machine-learning setups toward regime-specific weighting frameworks. In responsive systems
with strong rainfall-runoff signals (Haraz, RC = 0.57), conventional algorithms already provide
sufficient learning gradients: a single-tier XGBoost-NOA configuration achieved high continuous
accuracy (NSE = 0.98) with tight run-to-run spreads and strong detection at Qg9 (POD 0.83-0.85,
FAR 0.10-0.13), so dual weighting added little value.

In attenuated systems (Tajan, RC = 0.082), unweighted models missed most extremes (POD 0.20-
0.29). The dual-weighting framework doubled detection, but only when paired with a residual-
based objective: under the variance-based KGE objective the weighted moments dominated the fit
and continuous accuracy fell to NSE 0.27-0.39, whereas the RMSE objective raised POD to 0.40
while keeping NSE at 0.55 for Light GBM-NOA.

This detection gain comes with more false alarms (FAR 0.57 at Qo9), a trade-off that operational
warning practice accepts because missed floods cost more than false alarms; run-to-run stability
checks confirmed that the reported metrics remain bounded across independent runs. The study
therefore supports targeted residual penalties over global variance preservation when asymmetric
weights are applied in imbalanced, low-yield catchments, and indicates that the detection-stability
trade-off should be set by the catchment's attenuation capacity rather than by default
configurations. For water-resources management, the framework offers a configurable path toward

early flood warnings and informed pre-release decisions in regulated, data-scarce basins.
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