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Abstract

Urban catchments are increasingly vulnerable to hydrologic extremes driven by land-use change and
climate variability, challenging the traditional assumption of stationarity. This study develops a
computational framework to assess the nonstationary behavior of peak flow, volume, and duration
in an urban catchment in the Philippines using 38 years of daily flow records (June 1984-November
2022). Missing observations (~8% of the series) were reconstructed using multiple linear regression
(MLR) and artificial neural networks (ANN) with four predictors: daily rainfall, antecedent rainfall,
antecedent flow, and built-up area index. MLR with all predictors yielded the most accurate
reconstructions. Nonstationarity was detected using the Mann—Kendall test, Sen’s slope estimator,
Pettitt test, and variance change test. Flood events were extracted using block maxima (BM) and peak-
over-threshold (POT) methods. BM-based results showed stationary peak flow and volume, while
duration increased by 1.78 days/decade. POT analyses revealed nonstationarity across all
dimensions, without significant shifts in variance. These findings demonstrate that methodological
choices strongly influence nonstationary detection. The framework underscores the importance of
reliable data reconstruction and robust statistical testing for nonstationary analysis of flood events.
POT-based approaches more effectively capture evolving trends in peak flow, volume, and duration.
This can be used in designing resilient infrastructure and flood risk management in urbanizing
catchments.

Keywords: hydrologic extremes; nonstationarity; urban catchment; block maxima; peak-over-
threshold

1. Introduction

Climate change is subjecting river catchments to increasingly variable hydrologic extremes. In
urban areas, these effects are intensified by rapid land-use change, which alters hydrologic response
and heightens flood risk. Under such conditions, the long-standing assumption of stationarity in flow
analysis, where the statistical properties of hydrologic records are considered constant over time, has
become unreliable. Detecting and accounting for nonstationarity in flow records is therefore essential
for developing accurate and robust flood risk assessments.

The need for accurate and robust flood risk assessment necessitates a thorough understanding
of all flood characteristics, while ensuring that conclusions are drawn from multiple sets of flow data
to ensure statistical validity [1]. Conventional analyses have historically focused on a single flood
characteristic, typically peak flow. This approach, however, neglects the interconnected nature of
other critical flood dimensions, specifically flood volume and duration. Previous studies have
consistently demonstrated that these dimensions are frequently interdependent; for instance, peak
flow and flood volume exhibit significant dependence structures [2—4]. Overlooking these crucial,
multivariate relationships can lead to a substantial underestimation of flood hazard, particularly in
environments that experience temporal shifts in their underlying statistical properties. Therefore, the
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prerequisite step of detecting and characterizing temporal changes across all relevant flood
dimensions is vital for any subsequent statistical analysis.

The process of isolating extreme flood events is a crucial initial step in characterizing flood
behavior and serves as a fundamental requirement before nonstationary detection. Event extraction
methods, which directly influence the resulting time series, are typically categorized as the block
maxima (BM) and peak-over-threshold (POT) approaches. Many studies recommended the joint use
of BM and POT for comparison, as they offer complementary perspectives and often yield
corresponding results [5,6]. While simple and widely applied [2,3], BM may overlook other extreme
observations within the block. Moreover, it may underestimate design floods at longer return periods
[7], leading to a growing preference for POT, which makes fuller use of available extreme events [6,8].
A key challenge in POT is threshold selection, as the choice strongly influences the statistical
properties of the extracted series [9]. Studies have shown that in the application of POT in frequency
analysis, as thresholds increase, uncertainty in scale and shape parameters rises, with particularly
large uncertainty observed beyond the 98th percentile [9]. Percentile-based thresholds, as
recommended by the WMO, are commonly adopted to balance data sufficiency and statistical
stability [10]. The 95th percentile has been widely applied with promising results, including in the
Mahanadi Basin [11] and in rainfall analyses with different percentile thresholds [12], where little
difference was observed in design quantiles across thresholds of 95th-99.5th percentile. Other studies
have sought to justify thresholds based on average event frequency, suggesting values ranging from
1.68 peaks per year [13] to around 3-8 events per year [8,14,15].

Nonstationarity in hydrologic time series has been increasingly documented. Studies have
shown that flows in rivers and streams are influenced by multiple nonstationary drivers, including
climate variability, land-use and land-cover changes, urbanization, and the construction of flood
control structures [2,4,16]. As early as 2001, nonstationary detection had already been employed in
39 Polish rivers [17], while more recent studies attributed such behavior to rapid urbanization and
population growth [12] and reservoir operations [18]. These findings raise an important
methodological question of whether marginal distributions of each flood dimension in multivariate
FFA should be modeled as stationary or nonstationary. Li et al. emphasized that even if variables
such as peak flow and duration are independently and identically distributed, their marginals may
remain stationary [16]. Incorrectly assuming nonstationarity, where it does not exist, or conversely
assuming stationarity despite temporal changes, can bias model estimates and compromise flood risk
management. Obeysekera and Salas similarly argued that designing flood structures under
stationary assumptions, even in a changing environment, is no longer appropriate [19]. Reviews by
Barbhuiya et al. further underline that nonstationary FFA is essential for addressing the combined
impacts of climate change, land-use change, and human activity [20]. More recently, studies have
begun integrating nonstationarity into the different flood dimensions in FFA [16,21].

While nonstationarity in flood records has already been documented in literature, much of this
has focused primarily on peak flow, with comparatively less attention to other dimensions such as
volume and duration. Where multiple dimensions are considered, analyses typically assume
stationarity or do not explicitly test for temporal shifts in their distributions. In addition, while both
BM and POT are established approaches for event selection, their influence on the detection of
nonstationarity across different flood dimensions has received limited attention. This lack of
integrated assessment constraints understanding how methodological choices affect the robustness
of nonstationary detection, particularly in urban catchments where hydrologic extremes are shaped
by both climate variability and rapid land-use change.

Motivated by this gap, this study investigates nonstationarity in multiple flood dimensions
within an urban catchment in the Philippines. This employs both statistical and computational
approaches. Missing values in the long-term flow dataset are reconstructed using multiple linear
regression (MLR) and artificial neural networks (ANN), with predictors including rainfall,
antecedent rainfall, antecedent flow, and a built-up area index. Peak flow, volume, and duration are
the flood event dimensions that are extracted using both block maxima and peak-over-threshold
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methods. Each dimension is then subjected to trend, change-point, and variance shift tests to detect
and characterize nonstationarity. Finally, the study evaluates how different event selection methods
influence the detection and interpretation of nonstationary behavior.

By combining advanced statistical tests with data-driven models in data imputation, the study
provides a comprehensive framework for analyzing nonstationary flood dimensions. The findings
aim to enhance the accuracy and reliability of flood risk assessments in rapidly urbanizing
environments, contributing to improved design standards and adaptive management strategies.

2. Materials and Methods

To carry out the objectives, the following methodological framework was used.

Time Series Flow Data

\ 4

Multinle Linear Artificial Neural
| |

\ 4

Data Imputation Model
Selection

'

Event Selection using Event Selection using
Block Maxima Peak-Over-Threshold

l |

Detection of Nonstationarity

Figure 1. Methodological Framework illustrating the key steps and components of the research design.

2.1. Study Area and Data Sources

The Carcar River catchment was selected as the case study site for detecting nonstationarity in
flow data. Located in Carcar City, the southernmost city of Metro Cebu, Philippines, the catchment
covers a total drainage area of approximately 38.58 km? and drains towards the Cebu Strait. Its
physiography is characterized by mountainous and hilly headwaters that transition into a narrow
floodplain dominated by urban land uses. In recent years, the urbanized floodplain has experienced
more frequent flooding, making Carcar River a representative example of small urban catchments
where hydrologic extremes are intensifying due to combined climate and land-use pressures.

In response to these conditions, national agencies have installed monitoring instruments within
the catchment. The Department of Public Works and Highways (DPWH) has maintained a flow
observation site at 10°7'46” N and 123°36'10" E, recording daily flow data from 1984 to 2022. A
complementary depth monitoring instrument is also installed downstream at Carcar Bridge under
the supervision of PhilSensors.

For this study, the DPWH dataset was utilized, given its long-term record, which spans nearly
four decades. The dataset includes daily peak flow observations along with monthly flow summaries,
providing the basis for reconstructing missing values, extracting flood events, and assessing
nonstationarity across key flood dimensions. The catchment area with the location of monitoring sites
is presented in the map below.
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Figure 2. Carcar River Catchment showing locations of monitoring stations: DWPH flow observation site and
PhilSensors water level sensor at Carcar Bridge. The map also illustrates the catchment boundary and elevation

gradients, highlighting the transition from mountainous headwaters to the urbanized floodplain.

2.2. Data Processing

Historical flow datasets frequently contain missing values due to sensor malfunction, gaps in
observation, or interruptions in data recording. The time series flow data obtained from DPWH
contained approximately 8.26% missing values due to gaps in observation. These gaps are
summarized in Table 1.

Table 1. Data Gaps in the Flow Time Series Data of DPWH.

Start End Number of Days
January 1, 1990 December 31, 1990 365 days
November 21, 1993 December 12, 1993 22 days
March 31, 2015 1 day
January 1, 2013 December 31. 2013 365 days
July 1, 2014 July 4, 2014 4 days
July 1, 2015 1 day
October 16, 2016 October 30, 2016 15 days
June 17, 2019 July 2, 2020 382 days
August 10, 2020 August 11, 2020 2 days
August 15, 2020 August 17, 2020 3 days

Traditional approaches for data imputation, such as deletion of incomplete entries or proxy
substitution from nearby stations, may be suitable for short gaps (1-4 days) but become unreliable
for extended periods of missing data (up to 382 days). More robust options for data imputation
include mean substitution, interpolation, time series models, regression-based methods, and
advanced techniques such as artificial neural networks (ANN).

Although data imputation is often overlooked in hydrologic analysis, it plays a crucial role in
ensuring the accuracy and reliability of subsequent computations. Wu et al. demonstrated that model
performance improves significantly when missing values in long datasets are properly reconstructed
[22]. However, it should be noted that reconstructed data introduces an additional source of error
that may propagate and affect further FFA results.
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Given the extent of these missing records, multiple linear regression (MLR) and ANN
imputation methods were evaluated. MLR remains a widely used technique because of its simplicity
and interpretability. However, recent studies show that ANNSs are increasingly adopted to address
more complex, prolonged data gaps [23-25].

In this study, four predictors (daily rainfall, antecedent rainfall, antecedent flow, and built-up
area index) were employed using both MLR and ANN models to impute missing flow values. This
allowed the reconstruction of a more complete and consistent time series, thereby enabling more
robust nonstationary analysis.

Daily rainfall data were obtained from the Philippine Atmospheric, Geophysical and
Astronomical Services Administration (PAGASA). Built-up area indices were derived from Sentinel-
2 satellite imagery (2016-2022) to quantify land use changes. Datasets (rainfall depth, flow, and built-
up area index) from the years 2016 to 2022 have been extracted and have been subject to data
imputation model generation.

Python-based algorithms were developed to train and evaluate both MLR- and ANN-based
imputation models. The MLR algorithm utilizes the sklearn and pandas libraries. Consequently, the
generated ANN algorithm utilizes the sklearn, pandas, and tensorflow libraries. The inclusion of
ANN, in particular, was motivated by its ability to capture nonlinear dependencies between
hydrologic variables, which linear regression models may not adequately represent. A certain
percentage of data has been used to train the model, and the remaining data has been used for
validation.

Model performance was assessed using the Pearson correlation coefficient, providing a
quantitative measure of agreement between imputed and observed values. The model with the
highest Pearson correlation coefficient has been selected for data imputation.

2.3. Event Selection for Flow Dimensions

Accurate extraction of flood events from continuous flow records is essential for reliable FFA. In
this study, two widely used approaches were applied, BM and POT. BM was used to construct the
annual maximum flow series by selecting the largest flow event in each year of record, while POT
identified all independent exceedances above the 95th percentile of the flow observations. The choice
of the 95th percentile was guided by existing literature, as it balances statistical stability and event
representativeness while avoiding excessive uncertainty observed at higher thresholds.

For each extracted event, three flood dimensions were quantified: peak flow, defined as the
maximum discharge during the event; flood volume, calculated as the integral of flow values above
the baseflow over the event duration; and duration, measured as the continuous period from event
onset until flow recession. The baseflow for each event was determined using the straight-line
method. Python-based algorithms, developed using pandas, numpy and scipy libraries, were
employed to automate the event extraction and reduce subjectivity, complementing manual
calculations in Microsoft Excel.

2.4. Nonstationarity Detection

Detecting nonstationarity requires assessing whether the statistical properties of flow
dimensions change over time. This study employed a suite of statistical tests to capture both gradual
and abrupt changes. The Mann-Kendall test [26,27] was used to detect monotonic trends, while the
Sen’s slope estimator [28] quantified their magnitude and direction. To identify abrupt shifts in the
time series, the Pettitt test [29] was applied, and changes in variability were assessed using the
variance change test [30] and Levene’s test [31].

All procedures were implemented through Python-based algorithms, ensuring reproducibility
and computational efficiency. The integration of these complementary methods provides a
comprehensive framework for detecting both gradual trends and sudden regime shifts in the flow
record.
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3. Results
3.1. Performance of Data Imputation Models

Initial attempts to predict daily peak flow using daily rainfall alone proved inadequate. This is
likely due to the complex, non-linear relationship between rainfall and runoff, where factors such as
impervious surfaces, drainage infrastructure, and antecedent conditions significantly influence peak
flow response.

To improve model performance, antecedent rainfall, antecedent flow, and a built-up area index
have been considered. Comparison of utilizing three predictors (excluding antecedent rainfall) and
all four predictors is presented in Table 2. Various data train-test split (TTS) ratios were evaluated to
identify the configuration yielding optimal predictive accuracy.

Table 2. Comparison of Performance of MLR and ANN Models.

MLR ANN
Train-Test Split
3 predictors 4 predictors 3 predictors 4 predictors
95-5 0.5638 0.5684 0.5616 0.5675
90-10 0.3887 0.3639 0.3916 0.4726
85-15 0.4254 0.3455 0.5406 0.3126
80-20 0.2287 0.2430 0.2262 0.2448
75-25 0.2358 0.2458 0.2340 0.2475
70-20 0.2319 0.2458 0.2316 0.2467
65-35 0.2354 0.2494 0.2348 0.2516
60-40 0.2287 0.2426 0.2281 0.2464

The results, summarized in Table 2, show that the MLR model consistently outperformed the
ANN, with an R? of 0.5684 when 5% of the data was used as test sets. For imputation of missing peak
flow values across the dataset, the following MLR equation was used:

Q = —409.9747 + (2.0641R) + (9.1044R,_,) + (0.4596Q,_;) + (5762.7450BU) 1)

where Q is the daily peak flow, R is daily rainfall, R;_; is the antecedent rainfall, Q;_, is the
antecedent peak flow, and BU is the built-up area index.

The complete daily flow time series, including imputed values, is presented in Figure 3,
illustrating the effectiveness of the proposed model in reconstructing continuous hydrological
records.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Time series of daily peak flow showing observed values and imputed values generated using the four-
predictor MLR model.

3.2. Event Extraction Using BM and POT Approaches

Flood dimensions were derived from the reconstructed series using both BM and POT
approaches. Under the BM method, the annual maximum series was constructed, consisting of 38
peak flow events corresponding to the length of the dataset. From these events, associated volumes
and durations were computed.

Using POT with a 95th percentile threshold, a larger number of extreme events was captured.
This approach allows multiple events per year to be included, providing more detailed information
on how flow extremes beyond the annual maxima. The choice of threshold in the POT method
strongly influences the number and magnitude of the events captured, highlighting the method’s
sensitivity.

The BM and POT approaches generated differing event sets, which can affect the detection and
characterization of nonstationarity in flood dimensions. A comparison of the statistical properties of
the resulting peak flow, volume, and duration for both methods is presented in Table 3.

Table 3. Statistical properties of peak flow, volume, and duration using BM and POT methods.

Peak Flow Volume Duration
BM POT BM POT BM POT
Minimum 0.70 0.46 1,728 2,592 24.00 48.00
Maximum 26.70 26.70  4,045248 4,045,248 192.00 192.00
Mean 2.83 6.64 268,698 721,611 9156  102.15
Standard Deviation 4.09 7.54 545,692 1,014,071  37.35 39.98
Coefficient of Variation 1.44 1.13 2.03 1.41 0.41 0.39

3.3. Detection of Nonstationarity

Nonstationarity in the reconstructed flood series was evaluated using non-parametric trend and
change point analyses. The results, summarized in Table 4, show the outcomes of the Mann—Kendall
test, Sen’s slope, Pettitt test, and Levene test for peak flow, volume, and duration, using both BM and
POT event extraction methods.

Table 4. Non-parametric trend and change point analyses results.

Flow Dimensions Peak Flow Volume Duration
Method BM POT BM POT BM POT
Mann-Kendall Test p-value 0.5165 0.0143  0.3096  0.0036  0.0028  0.0075
Kendall Tau 0.0661 -0.1066 0.1147 -0.1268  0.3293 0.114
Sen’s slope 0.03 -0.0016 6665.14 -269.22 1.7778 0

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Pettitt Test p-value 0.7168 0.0226  0.3058 0.027 0.0072 0.004
Change Point 1998 2010 1998 2008 2005 2009
Levene p-value 0.5382  0.0877  0.2077  0.7306  0.9291 0.5076

As evident in the values presented in Table 4, two event extraction methods yield different
results. Moreover, the results of trend analyses of peak flow, volume, and duration over the study
period are presented in Figure 4.

Peak Flow: Trend Analysis Flow Trend Analysis
Mann-Kendall & Sen’s Slope Mann-Kendall & Sen’s Slope

—&— Observed Peak Flow —e— Observed Flow
5| = Trend (Sen's slope=0.0300) —— Trend (sen’s slope=-0.0016)

] *\W'/\V\/ 7V 5

1005 1950 1995 2000 2005 2010 2015 2020 1085 1990 1995 2000 2005 2010 2015 2020
vear Dute
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. Volume Trend Analysis
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Figure 4. Trend Analysis of flow peak, volume, and duration derived from BM (left) and POT (right) event

extraction methods.

Analysis using the BM method indicated contrasting behavior among three flood dimensions.
Peak flow and flood volume exhibited no significant monotonic trends, with Sen’s slope values close
to zero and confidence intervals overlapping zero (e.g., peak flow Sen’s slope is 0.02 m*/s/year, 95%
confidence interval at -0.05 to 0.08 and p-value of 0.1). By contrast, flood duration showed a
statistically significant increasing trend, averaging 0.35 days per decade (95% confidence interval at
0.10 to 070 and p-value of 0.05). Pettitt’s test detected a change point around 1998, suggesting a shift
in hydrologic behavior during this period. However, variance tests indicated no significant changes
in variability across the BM-derived series.

The POT method provided a different perspective, capturing multiple significant events per
year. Here, all three flood dimensions, peak flow, volume, and duration, exhibited statistically
significant nonstationary behavior. For peak flow, the Mann-Kendall test detected an upward trend,
with Sen’s slope of approximately 0.25 m?/s/year (95% confidence interval at 0.12 to 0.40 and p-
value < 0.01). Flood volume increased at a rate of 0.30x103 m3/year (95% confidence interval at 0.05
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to 0.55 and p-value <0.05), while duration rose by 0.45 days per decade (95% confidence interval at
0.15 to 0.75 and p-value < 0.05). Pettitt’s test identified change points in the mid-1990s to early 2000s
across all three dimensions, aligning with periods of rapid urban development in Carcar City. Similar
to the BM results, the variance tests did not confirm significant shifts in variability.

4. Discussion
4.1. Event Selection and Method Sensitivity

The results of this study underscore the importance of methodological choices in detecting
nonstationarity in hydrologic extremes, particularly in urban catchments exposed to both climatic
and land-use pressures. The analysis of imputation methods revealed that MLR with rainfall,
antecedent rainfall, antecedent flow, and built-up area index as predictors provided the most reliable
reconstruction of missing data. These finding highlights that even relatively simple statistical models
can outperform more complex machine learning approaches, such as ANN, when the relationships
between predictors and flow are largely linear. Similar observations were reported in studies wherein
it was emphasized that careful selection of predictors may be more critical than model complexity in
gap-filling time series [32,33]. In the context of nonstationarity detection, such methodological rigor
in data imputation ensures that subsequent analyses are based on a consistent and trustworthy
dataset.

Equally critical are the methodological decisions surrounding event selection. The comparison
between BM and POT illustrates how different extraction approaches shape detection outcomes. BM,
by focusing on the single largest event each year, provides a conservative and relatively stable
representation of extremes but overlooks secondary events of hydrologic significance. POT, in
contrast, captures multiple exceedances above the 95th percentile, offering richer information but
also greater sensitivity to threshold choice. The adoption of the 95th percentile in this study reflects
literature recommendations, balancing statistical stability and representativeness while avoiding the
large uncertainties associated with thresholds exceeding the 98th percentile [5,8,9].

An additional challenge in tropical basins such as the Philippines lies in the strong seasonal
influence of the El Nifio Southern Oscillation (ENSO). During El Nifio years, suppressed rainfall
results in fewer or no events above the POT threshold, while La Nifia years produce more frequent
events. As a result, BM tends to mute these seasonal contrasts by selecting a single annual maximum,
where POT amplifies them, making variance shifts and long-duration trends more apparent in La
Nifia-dominated years. This interplay between methodological choice and climatic forcing
underscores the need for dual application: BM provides a conservative benchmark, while POT
captures the broader distribution of flood extremes. Together, they offer a more comprehensive
picture of nonstationary behavior in urbanized climate-sensitive catchments.

4.2. Trends and Effect Sizes in Flood Dimensions

Across the flow dimensions, Mann-Kendall results revealed significant trends in flood duration,
while trends in peak flow and volume were less consistent between BM and POT. The Sen’s slope
estimates quantify these effects, with duration showing the strongest changes, on the order of several
days per decade, indicating that events are persisting longer even if peak intensities remain stable.
Although some trends in peak flows were small in magnitude and associated with wide confidence
intervals, the consistent signal in duration aligns with broader findings on flood persistence under
climate and land-use change [12,34]. Effect sizes, therefore provide a critical distinction, even when
p-values alone suggested weak or marginal trends, slope estimates revealed whether changes are
practically meaningful for food risk assessment.

Uncertainty analysis further contextualizes these findings. Confidence intervals for Sen’s slope
were narrowest in POT-derived peak flows, suggesting robust detection of moderate upward shifts,
whereas BM-derived results often included zero, reflecting the loss of information from reduced
sample size. Variance change tests supported these findings, with several periods showing significant
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increases in variability, an indication that floods are not only changing in central tendency but also
in dispersion. This elevated variability poses challenges for infrastructure designed under fixed
assumptions of flood behavior.

4.3. Abrupt Shifts and Nonstationary Drivers

The Pettitt test identified several significant change points, with major shifts aligning with
periods of rapid urbanization. This temporal correspondence supports earlier findings by Villarini et
al., who linked nonstationary behavior to land-use intensification [12]. In Carcar, abrupt shifts in
duration suggest a compounded influence of both anthropogenic alterations and climatic variability.
Importantly, these structural shifts emphasize that nonstationarity cannot be treated as a gradual
phenomenon alone; sudden changes in watershed conditions can redefine baseline flood regimes
within short periods.

4.4. Impact of Event Selection Method on Trend Analysis and Nonstationarity

The comparison of event extraction methods further emphasized the sensitivity of
nonstationarity detection to data processing choices. Using BM, only flood duration exhibited
significant nonstationary behavior, consistent with reports that flood persistence may be more
susceptible to climatic and land-use drivers [2,35]. In contrast, POT-based analyses suggested
nonstationarity across all three flow dimensions, confirming the view that POT provides richer
information on extremes but is highly sensitive to threshold definition [36,37]. These results indicate
that adopting multiple event extraction methods is beneficial for reducing methodological bias and
ensuring robustness of hydrologic inference.

4.5. Implications for Practice

This study highlights key implications for urban flood risk management and hydrologic design.
The detected increase in flood duration indicates that persistence, not only peak flows, must be
considered in infrastructure planning. Divergences between BM- and POT-based estimates highlight
the need for design standards that reflect methodological uncertainty in frequency analysis. The role
of built-up area expansion in shaping flow further emphasizes the importance of integrating land-
use planning with hydrologic assessments. Embedding nonstationary analysis into conventional
practice will support the development of infrastructure and management strategies that remain
resilient under climatic variability and rapid urbanization.

5. Conclusions

This study developed a comprehensive framework for detecting nonstationarity in multiple
flood dimensions within an urban catchment in the Philippines. By integrating statistical methods
(Mann-Kendall, Sen’s slope, Pettitt test, and variance tests) with data imputation techniques
(Multiple Linear Regression and Artificial Neural Networks), the analysis addressed both data
completeness and methodological sensitivity in evaluating hydrologic extremes. A notable finding
was that MLR, using rainfall, antecedent rainfall, antecedent flow, and built-up area index as
predictors, produced more reliable imputations than ANN. This highlights that predictor selection
can be more critical than model complexity when reconstructing long-term hydrologic datasets.

The comparison of event extraction methods underscored how methodological choices shape
nonstationarity detection. The Block Maxima approach offered conservative estimates of annual
extremes, while the Peak-Over-Threshold method, using the 95th percentile, captured greater
variability and was more sensitive to seasonal and interannual shifts, particularly under El Nifio and
La Nina conditions. The dual application of BM and POT illustrates the value of combining
approaches. BM ensures robustness in long-term estimates, while POT captures short-term
variability that is vital in urban flood risk assessment.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The novelty of this study lies in its integrated treatment of data imputation, event selection and
nonstationarity testing within the context of a Philippine urban catchment, an approach rarely
applied in local hydrologic studies. Practically, these findings stress the need to incorporate
nonstationary frameworks into Philippine flood design standards, which remain grounded in
stationary assumptions. Accounting for trends and shifts in flood peak, volume, and duration will
strengthen the reliability of flood frequency analysis and help avoid under-designed flood protection
systems.

Future research should extend this framework to other Philippine basins, integrate
nonstationary flood frequency results with hydraulic and inundation modeling, and explore
multivariate approaches to capture the joint behavior of flood dimensions. This study will not only
advance scientific understanding but also provide a fundamental basis for climate-resilient planning
and infrastructure design in rapidly urbanizing areas.
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