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Preface

Climate change has become one of the most defining forces shaping the behavior of hydrological

systems worldwide. Rising temperatures, altered precipitation regimes, and the increasing frequency

of hydrological extremes are transforming the spatial and temporal dynamics of water resources.

These changes challenge long-standing assumptions of hydrological stationarity and pose new

questions regarding the sustainability, reliability, and resilience of water systems.

This reprint contains articles devoted to advancing understanding of how hydrological

processes respond to changing climatic conditions, with particular emphasis on the occurrence,

magnitude, and distribution of extreme events such as floods and droughts. It combines studies

on quantitative modeling, statistical analysis, and scenario-based assessments to identify trends,

evaluate uncertainties, and derive implications for risk management and adaptation strategies.

The subject centers on the interactions between climate variability and hydrological processes

across multiple scales. Its scope extends from methodological developments—such as improved

modeling frameworks and nonstationary analyses—to applied case studies that explore the

implications of projected hydrological shifts for water management, hazard assessment, and policy

design. Its aim and purpose are twofold: (i) to contribute to the scientific understanding of

hydroclimatic responses under future climate scenarios, and (ii) to provide practical insights that

support evidence-based decision making in water resources planning. By quantifying the influence

of climate drivers on hydrological extremes and assessing related uncertainties, this study seeks to

bridge the gap between climate modeling, hydrological science, and applied water management.

The motivation for undertaking this research arises from the urgent need to adapt to an evolving

climate reality. Conventional hydrological models and design standards—often founded on historical

data and assumptions of stability—are increasingly inadequate for predicting future risks. Enhancing

the accuracy and interpretability of hydrological projections is essential to inform sustainable

adaptation measures, safeguard critical water infrastructure, and reduce the socio-economic impacts

of climate-induced extremes.

This reprint is addressed to a broad audience of researchers, practitioners, and decision-makers

in the fields of hydrology, climatology, environmental engineering, and water policy. It is also

intended for early-career scientists seeking to engage with the complex challenges at the intersection

of climate change and hydrological science. Ultimately, its purpose is not only to advance scientific

knowledge but also to support the development of resilient and adaptive water management

strategies.

Alina Bărbulescu, Romulus Costache, and Cristian S, tefan Dumitriu

Guest Editors
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Climate Change and Hydrological Processes
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1. Introduction

In recent decades, many regions have experienced a noticeable increase in the fre-
quency and intensity of extreme events, posing serious challenges to water resource man-
agement [1,2]. Changes in hydrological patterns—manifesting as prolonged periods of
drought, devastating floods, rapid glacial melting, and the ominous rise in sea levels—are
fundamentally reshaping the dynamics of water security and ecological stability [3–5].

Climate change affects virtually all components of the hydrological cycle, particularly
through changes in temperature and precipitation. These climatic variables directly influ-
ence evaporation, evapotranspiration, runoff, and groundwater recharge, altering water
availability and distribution [5]. As global temperatures continue to rise, the hydrological
cycle is expected to intensify, leading to faster and more variable water movement across
the Earth’s surface and atmosphere [6–9].

Precipitation is a key connector between the atmospheric and hydrological systems,
making its variability a critical concern for water management strategies in the face of
climate-related stressors. The interplay between water and climate is fundamentally
cyclical: water contributes to climate regulation through the exchange of heat and mass
among the ocean, atmosphere, and land, while climate factors dictate the behavior of
water systems [9,10]. Furthermore, this variability substantially impacts the runoff and the
development of flooding, which are increasingly difficult to predict and manage [11,12].

Quantifying specific processes remains a complex challenge due to their sensitivity to
multiple meteorological factors and anthropogenic activities [13,14]. To achieve resilience
in the face of climate change and to promote sustainable development, it is essential to
develop integrated strategies focused on the efficient utilization of water resources [15].
These strategies should also aim to mitigate the effects of extreme weather events and create
adaptive frameworks for water management that can adjust to evolving conditions [16,17].

This Special Issue was dedicated to deepening the knowledge on effects of climate
change on hydrological processes. The contributions within it include cutting-edge research
that examines the implications of climate change on water runoff, evaluates the risks and
uncertainties associated with hydro-meteorological events, assesses flood susceptibility,
investigates the appropriateness of existing methodologies for evaluating the intensity and
duration of these events, explores the impact of human activities on watershed dynamics,
and proposes innovative mitigation and adaptation strategies with which to address the
effects of climate change.

Water 2025, 17, 1474 https://doi.org/10.3390/w17101474
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2. Main Contributions to the Special Issue

Eleven articles were accepted for publication after the peer review process. In the
following, we shall summarize the main findings and contributions to advancements in
the study area.

Babaousmail and Ojara [1] analyzed rainfall patterns over Uganda’s Lake Kyoga Basin
from 1981 to 2017 using ground-recorded and satellite data. They applied CDI, RAI, and
rainfall frequency metrics to identify trends in droughts and floods. The study found a
general decrease in seasonal rainfall over the years, followed by a rising trend during
2006–2017 in both MAM and SOND seasons. Northeastern areas experienced dry days
more frequently than other parts of the basin. These rainfall fluctuations pose risks to
agriculture and livelihoods. The authors recommend using localized climate information
to support adaptive planning and development.

Xu et al. [2] have examined runoff changes during the freeze–thaw period in the
Changbai Mountains. Using long-term hydrological and climate data, the authors identified
strong seasonal and spatial variability in runoff patterns, influenced primarily by snowmelt
accumulation and its dynamics. While potential evapotranspiration has limited impact
due to cold and frozen conditions, subsurface changes, such as permafrost degradation
and land-use shifts, play a growing role in runoff variability. The research underscores the
need to consider both climatic and subsurface processes for effective water management in
cold-region basins facing environmental change.

The article “Multiscale Factors Driving Extreme Flooding in China’s Pearl River Basin
During the 2022 Dragon Boat Precipitation Season” [3] offers an in-depth analysis of the
extreme flooding that occurred in the Pearl River Basin during the 2022 Dragon Boat Festival
period, investigating multiscale atmospheric factors that contributed to this unique event.
The authors identify several key atmospheric systems operating on different temporal and
spatial scales that played a role in the extreme rainfall and flooding. These include large-
scale phenomena such as the South Asian High (SAH), the Western Pacific Subtropical
High (WPSH), and the South China Sea summer monsoon, which directly influenced
precipitation patterns in the region.

A significant factor identified in the research is the Boreal Summer Intraseasonal Oscil-
lation (BSISO), a subseasonal atmospheric oscillation, whose phase stagnation enhanced
the intensity and persistence of rainfall during this period. The study also draws attention
to the role of the La Niña phenomenon, which, although not directly responsible for the
flooding, influenced the atmospheric dynamics by modulating the monsoon and affecting
the propagation of the BSISO, further amplifying the precipitation events.

Zheng et al. [3] proposed a conceptual model that highlights the interactions between
various factors, illustrating how their combined effects resulted in extreme rainfall and
subsequent flooding. They underscore the importance of understanding these interactions
for improving flood prediction and management. The authors call for more integrated
forecasting systems that can account for these complex atmospheric interactions and
provide more accurate early warnings to mitigate the impacts of such hydrological disasters
in the future.

The study titled “Intercomparison of Runoff and River Discharge Reanalysis Datasets
at the Upper Jinsha River, an Alpine River on the Eastern Edge of the Tibetan Plateau” [4]
compares the output of four reanalysis datasets in evaluating the hydrologic processes
in a hydrographic basin in Tibet. The research shows that model calibration significantly
influences the accuracy of runoff and discharge estimates, with calibrated datasets like
GloFAS and GRFR generally outperforming uncalibrated ones. However, GRFR’s river
discharge estimates were overestimated due to suboptimal river routing configurations.
The evaluation was substantially improved when rerouted using the Muskingum–Cunge
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method. The study also notes that vector-based river routing models offer advantages over
grid-based models in representing river networks and catchment areas. These findings
underscore the importance of proper model calibration and routing configurations in
hydrological modeling, especially in data-scarce and topographically complex regions like
the Tibetan Plateau.

The article of Monges et al. [5] presents the results of a Random Forest (RF) model
enhanced with time-lagged hydrometeorological inputs for daily streamflow forecasting
and compares its performance with the physically based SWAT model across diverse
catchments. The RF model outperformed the SWAT model in daily simulations, achieving
higher Nash–Sutcliffe Efficiency values, particularly where short-term dynamics dominate.
The RF approach required a fraction of the computational time compared to the SWAT
approach—under 12 s versus up to 24 h—highlighting its suitability for rapid assessment,
especially in data-limited regions. Conversely, the SWAT model demonstrated superior
performance for monthly predictions in catchments with irregular flow, leveraging its
process-based structure. However, both models exhibited reduced accuracy in snow-
influenced basins, particularly for peak flow estimation. These findings support the use of
time-lag-informed RF models for efficient, short-term hydrological forecasting while rein-
forcing the SWAT model’s value for long-term planning and in-depth watershed analysis.

In the study “Intelligent Methods for Estimating the Flood Susceptibility in the Danube
Delta, Romania”, Costache et al. [6] evaluate the susceptibility to flood based on eight
geographic factors. Various machine learning models are employed, including Gradient
Boosting Machine, Random Forest, and Support Vector Machine, to assess and predict
flood-prone areas in the Danube Delta (Romania). They found that all factors contribute to
flood susceptibility, the most significant predictors being elevation, topographic wetness
index, and distance from rivers. The models demonstrated high accuracy in predicting
flood-prone zones, with the Random Forest model outperforming the others in terms of
predictive performance. The study’s results underscore the effectiveness of integrating
machine learning approaches with geographic information system data to enhance flood
risk assessment and management. By identifying areas with higher flood susceptibility, the
research provides valuable insights for policymakers and stakeholders to develop targeted
flood mitigation strategies and improve disaster preparedness in the Danube Delta region.

The paper by Stancu et al. [7] examines the influence of various factors on the naviga-
bility in one of the Danube channels (in Romania), using hydrological and hydrodynamic
models. The rapid sediment build-up indicates the necessity of frequent dredging to main-
tain navigability in the channel. The study further indicates that ships with deeper drafts,
specifically those around 11.5 m, generate propeller-induced currents that significantly
erode the seabed, exacerbating the sedimentation problem. Moreover, the research high-
lights the significant role of the prevailing northeastern marine waves and currents, which
contribute to the movement of sediments into the Sulina channel, further complicating the
sedimentation challenges. The study confirms that the current dikes remain robust, despite
these natural forces’ actions. In conclusion, the research provides valuable insights into
the complex interactions between marine dynamics and shipping activities in the Sulina
channel, offering a deeper understanding of the challenges associated with maintaining safe
and efficient navigation. It underscores the importance of ongoing sediment management
and infrastructure maintenance in safeguarding this critical maritime route.

The authors of [8] indicate that the Emirate of Sharjah in the United Arab Emirates
(UAE) has experienced several such events, most notably the severe urban flooding that
occurred on 17 April 2024. These developments highlight the urgent need to reassess
existing hydrological tools, particularly Intensity–Duration–Frequency curves, which serve
as critical inputs for flood risk assessment, stormwater design, and urban drainage planning.

3
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They applied the Gumbel distribution to annual maximum rainfall data, supplemented by
a neural network-based extension technique using Self-Organizing Maps (SOMs), which
improves data continuity and accuracy for IDF curve updates. Given the implications of
outdated IDF models on flood resilience and infrastructure safety, this work underscores the
necessity of incorporating recent climatic variability into hydrological design frameworks.

The article by Dimond et al. [9] explores how uncertainties in climate models influence
adaptation pathways in managing the water resources. The authors demonstrate that differ-
ent climate models can lead to varying adaptation decisions, highlighting the importance
of considering a range of scenarios. They advocate for flexible adaptive management strate-
gies that can be adjusted as new information becomes available. The study emphasizes the
need for decision-making frameworks that account for uncertainty to ensure resilient and
sustainable water management practices.

The study “Water Management Instructions as an Element of Improving the State of the
Pakoski Reservoir (Central–Western Poland)” by Nowak et al. [10] addresses the growing
challenges of managing the Pakoski Reservoir, which has been a vital water resource in
the region for over five decades. The reservoir faces deteriorating conditions due to a
combination of factors, including climate change, human activities, and the increasing
pressure on water resources in its catchment area. The study emphasizes the need for more
effective management strategies that consider both hydrological data and environmental
considerations. A key proposal is the development of comprehensive water management
instructions, which would provide guidelines for water quality improvement, sustainable
use, and the prevention of ecological degradation in the reservoir. The authors stress
that these measures would help maintain the balance of the reservoir’s ecosystems while
supporting biodiversity and ensuring a stable water supply for local communities. The
article also highlights the importance of adaptive management approaches, where water
management practices are flexible and can be adjusted in response to changing conditions,
particularly in uncertain future climate patterns.

Article [11] presents the development and implementation of a cheap system for the
hydrological monitoring of a protected area in Colombia, which is affected by climate
change. Despite the simplicity of the tools, the collected data provided valuable insights
into the hydrological behavior of the lagoon. The study emphasizes the importance
of understanding water exchange processes between the lagoon and the sea, especially
considering the potential impacts of climate change.

3. Concluding Remarks

As its editors, we are particularly happy with the balance struck in this collection—
between theoretical depth and applied relevance; between global overviews and locally
rooted case studies. The inclusion of perspectives from both data-rich and data-scarce
regions ensures that the Special Issue remains globally relevant while recognizing the
specific challenges of local contexts.

We are deeply grateful to the authors for their high-quality contributions and to the
reviewers for their critical, constructive feedback. We also thank the editorial team for their
support in the production of this Special Issue. It is our hope that the knowledge shared
within these pages will inspire further research, strengthen cross-disciplinary collaboration,
and ultimately contribute to building more resilient hydrological systems and societies.

We invite readers from across disciplines—hydrology, climatology, environmental
science, engineering, and beyond—to engage with the work presented here. The challenges
we face in adapting to hydrological change are formidable, but through scientific innovation,
collaborative action, and sustained dialogue, meaningful progress is possible.
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Abstract: Rainfall datasets from the Uganda National Meteorological Authority (UNMA)
for 1981–2017 and two reanalysis datasets (Climate Hazards Group Infrared Precipitation
with Stations data (CHIRPS) and Tropical Applications of Meteorology using Satellite data
(TAMSAT) were used to compute drought and flood tendencies from 1981 to 2017. The
cumulative departure index (CDI) and rainfall anomaly index (RAI) were computed to
show drought and flood tendencies in the region. Meanwhile, dry days (DD) and wet
days (WD) were computed based on the definition as a day of the season with rainfall
amounts less than 1.0 mm and greater than 1.0 mm, respectively. The CDI graphics
indicated below-average rainfall during 1981–1987 and relatively wetter conditions during
1989–1995 for all stations in the region. Generally, seasonal rainfall declined over the first
27 years but an increasing trend in both MAM (March–April–May) and SOND (September–
October–November–December) was observed in most stations during 2006–2017. The
highly variable seasonal rainfall in the region is expected to impact the livelihoods of the
communities. This study recommends that the use of tailor-made weather and climate
information for planning economic development programs such as agriculture will play a
critical role in improving the livelihood of the communities in the region.

Keywords: rainfall variability; rainfall anomaly index (RAI); cumulative departure index
(CDI); Lake Kyoga Basin; Uganda

1. Introduction

African countries are expected to be the most affected by climate change and variability
yet are the least prepared to deal with the effects [1–6]. Climate change is also emerging as
one of the main challenges humankind will have to face for many years to come. It could
become a major threat to world food security, as it has a strong impact on food production,
access, and distribution [7]. Across East Africa (EA), rainfall is predicted to increase by
5–20% during the December to February rainy season and by 5–10% between the June
and August rainy seasons [8]. In Uganda, it is stated that current average temperatures
are expected to increase by between 0.7 ◦C and 1.5 ◦C by the 2020s [9]; however, this will
be interrupted by the naturally variable climate by high spatial and temporal variability
of rainfall largely explained by natural phenomena such as the El Niño and Southern
Oscillation (ENSO) [10,11].

Climate variability and recent changes have exposed most parts of the East African
region to poverty and hunger [12,13], starvation, and death, as seen recently in northeastern

Water 2025, 17, 1044 https://doi.org/10.3390/w17071044
7



Water 2025, 17, 1044

Uganda. This is exacerbated by the impact of unreliable weather patterns, usually resulting
in worse food insecurity in the region [14]. Precipitation variability is expected to intensify
the magnitude and frequency of flood and drought events that negatively affect agricultural
sectors in most countries of EA [4,15], yet the increasing human population continues to
exert pressure on food security, worsening the already fragile situation [16].

Climate variability impacts have the potential to undermine and even undo the
progress made in improving the socio-economic well-being of countries, especially those
that rely on natural weather systems for agriculture, like Uganda [17]. Furthermore, given
an estimate that 80% of farmers produce food primarily to meet their family needs, rural
poverty in Uganda could worsen with climate change, and due to their low income and
lower technological and capital stocks, households are predicted to have limited options to
adapt to climate change [6,18,19].

In the recent study to determine climate change trends in the Lake Kyoga Basin using
standardized precipitation and anomaly indexes, significant changes in precipitation were
revealed at some stations during the period 1981–2020, and the frequency of severe wet
weather events was more than for dry weather events in many stations, further indicating
that precipitation was increasing over the Lake Kyoga Basin [20].

Similarly, studies using long-term (1948–2016) changes in gridded (0.25◦ × 0.25◦)
Princeton Global Forcing (PGF) precipitation and potential evapotranspiration (PET) data
over two sub-catchments in the Lake Kyoga Basin revealed negative trends (p < 0.05) in
annual precipitation and positive anomalies in the early 2000s through 2016, which forms
part of this current study period of 1981–2017. Negative anomalies existed between 1960
and 2000. Both were seasonal [18]. Additionally, analysis of extreme precipitation events
over the Lake Kyoga Basin using the same gridded (0.25◦ × 0.25◦) PGF precipitation dataset
and period (1948–2016 from Princeton Global Forcing (PGF)) showed that the number
of wet days decreased, although insignificantly (p > 0.05), and less frequent rains were
received over the Lake Kyoga Basin, although some events had high intensity [17].

Using CenTrends gridded precipitation (1961–2015), the March to May (MAM) pre-
cipitation was shown to have insignificantly decreased (p > 0.05) in most parts of the Lake
Kyoga Basin, while in the second season of September to November (SON), precipitation
revealed a positive trend [17]. The variability of seasonal and annual precipitation over the
Lake Kyoga Basin also showed an abrupt change in rainfall in the MAM season in 1982; the
SON season did not show a significant abrupt change but a significant (p < 0.05) increase in
rainfall above the upper limit from 1994 to date [19].

The impacts of highly uncertain rainfall patterns in the Lake Kyoga Basin provide
major challenges to rural communities that consist of subsistence and nomadic farmers, as
issues of water shortages for agriculture are common. This is usually due to drier conditions
experienced in the areas with occasionally wet periods due to erratic rainfall. Economic
losses have not been reliably quantified, but physical damages include crop failures due to
droughts or floods, destruction to crops by hailstones during wet periods, livestock death
due to lack of water or lightning strikes, and damages to physical infrastructures such
as roads and buildings, among others. In order to minimize such losses and destruction
reliably, location-specific weather and climate information need to be available.

There have been general studies that generated climate change and variability infor-
mation in Uganda [17,19–21], but these cannot be used for adaptation at the local level.
Further, recent trends in rainfall, weather, and climate information need to be frequently
generated to aid in making both strategic and tactical decisions. There is a need for proper
planning of agricultural activities around the Lake Kyoga Basin based on reliable weather
and climate information to adapt to climate variability with its associated implications on
food security, poverty, and health-related challenges.
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The remaining sections of this study are structured as follows. Section 2 describes the
study area. Section 3 is reserved for data and methods, while Section 4 presents the main
results. Section 5 is for discussion. The conclusions and recommendations are highlighted
in Section 6.

2. Study Area

The study area lies along geographical latitude and longitude of 0◦13′ N, 3◦41 N and
longitude 32◦02′ E, 34◦52′ E. The Lake Kyoga Basin is among the largest basins in Uganda
(Figure 1).

Figure 1. Map of the Lake Kyoga Basin in Uganda (inset) showing the elevation of the Lake Kyoga
Basin and the weather stations (black dots).

Generally, the Lake Kyoga Basin is a low laying area with an elevation ranging between
450 m and 867 m as per the Shuttle Radar Topography Mission digital model (SRTM)
released in 2004. The climate of the basin is modified by the large swampy surrounding
area. The basin has a rainy season from March to November, with a marked minimum
in June and marked peaks in April to May and August to October, while December and
January are the driest months.

3. Materials and Methods

3.1. Materials
3.1.1. Observed Station Climate Data

The in situ daily and monthly rainfall climate data were obtained from the Uganda
National Meteorological Authority for Namulonge, Tororo, Soroti Jinja, Lira, Serere, Kiige,
Buginyanya, Kotido, and Namalu stations. The duration for all datasets was taken in the
range of 1981 to 2017 and collected from manual instruments. The stations are presented in
Figure 1 and Table 1. The quality control measures for the observed rainfall dataset included
checks control to identify the negative precipitation values, typing errors to identify gaps in
the dataset, and false zeros [22]. All the rainfall data were processed through an extensive
series of quality control procedures to ensure erroneous values, such as errors in manual

9



Water 2025, 17, 1044

keying. Negative daily precipitation amounts were removed and/or identified. Some
stations, such as Namulonge, Tororo, Soroti, Jinja, and Lira, had daily rainfall datasets,
which are required for the determination of critical phenomena like the onset and cessation
of rainfall. The remaining stations had only monthly rainfall totals; these included Jinja,
Nakasongola, Serere, Kiige, Buginyanya, Kotido, and Namalu. Thus, we are unable to
determine the onset and cessation in these rainfall stations and zones. Almost none of the
stations had complete temperature datasets (except for Soroti and Jinja, both located at
the airfield).

Table 1. Detailed geographical information of meteorological stations in the Lake Kyoga Basin.

Stations
Longitude
(Degree)

Latitude
(Degree)

Elevation
(Meters)

Data Period
(Years)

Rainfall
Zones

Namulonge 32.6 0.5 1128.3 1981–2017 B
Tororo 34.2 0.7 1176 1981–2017 D
Soroti 33.6 1.7 1115.8 1981–2017 E
Jinja 33.1 0.5 1175.1 1981–2017 A2
Lira 32.3 2.2 1120.2 1981–2017 I

Serere 33.5 1.5 1098 1961–2017 E
Kiige 33 1.1 1089.4 1981–2017 B

Buginyanya 34.4 1.3 1875 1981–2017 F
Kotido 34.1 3 1219.5 1981–2017 G

Namalu 34.8 2 1274.4 1981–2017 L

3.1.2. Climate Hazards Group Infrared Precipitation with Stations Data (CHIRPS)

The gridded precipitation of the spatial resolution of 0.05◦ × 0.05◦ for 1981 to 2017
was sourced from the Climate Hazards Group Infrared Precipitation with Stations data
(CHIRPS). CHIRPS is a product developed by merging three types of high-resolution data,
including global climatology, satellite estimates, and in situ observations, employing a
combination of interpolation techniques that improves rainfall products [23]. Funk et al. [23]
provide an elaborated detail of CHIRPS data. Over EA, the lack of well-distributed and
managed rain gauges is a challenge to the spatial analysis of climate data [24] that can only
be overcome by the use of satellite or reanalysis datasets. Data can be accessed through
the webpage https://data.chc.ucsb.edu/products/CHIRPS-2.0/global_daily/netcdf/p25/
(accessed on 20 October 2024).

3.1.3. TAMSAT Precipitation Data

The TAMSAT (Tropical Applications of Meteorology using Satellite data) precipitation
dataset is widely used for monitoring and studying rainfall patterns in Africa. The data
have a spatial resolution of 0.0375◦ × 0.0375◦ (approximately 4 km × 4 km) and temporal
resolution of daily, 10-day, and monthly [25]. TAMSAT precipitation data are available
from 1983 to the present and can be accessed through the links:

https://data.tamsat.org.uk/data-download/rainfall/ (accessed on 25 October 2024)
and https://research.reading.ac.uk/tamsat/regridded-files/ (accessed on 25 October
2024).

TAMSAT precipitation data are derived from a combination of satellite and ground-
based observations, such as geostationary satellite images from the European Organisa-
tion for the Exploitation of Meteorological Satellites (EUMETSAT), rain gauge data from
ground-based rainfall measurements from national meteorological agencies and research
institutions, and finally, Tropical Rainfall Measuring Mission (TRMM) satellite data (to
2015). The TAMSAT algorithm uses a combination of techniques to estimate rainfall from
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satellite data, including Cold Cloud Duration (CCD) and Rainfall Estimation Algorithm
(REA) [25].

A Taylor diagram was used to evaluate these datasets, CHIRPS and TAMSAT, against
the observed monthly rainfall datasets based on correlation (r), the RMSD, and the fraction
of their variances [26].

3.2. Methods
3.2.1. Descriptive Statistics and Mann–Kendall Trend Analysis

For all the stations, monthly observed rainfall data were computed into annual rain-
fall and the two main rainfall seasons of March–May (MAM) and September–December
(SOND) following the well-established seasons in the region [20]. Descriptive statistics
were computed to mean, minimum, and maximum rainfall over the annual and seasonal
basis in the region.

The trend analysis was performed using a rank-based non-parametric Mann–Kendall
test (MK) [27,28]. The MK test was selected because it allows the existence of a trend in
any data to confirm the null hypothesis of no trend. It does not require the sample to
conform to any specific probability distribution since it works well even with insufficient
or abnormal values.

The advantage of this technique is that it does not require any hypothesis about the
variables and is more powerful than a parametric test. The Mann–Kendall (MK) test statistic
was computed at a 5% significance level. In recent years, the MK statistical approach for
trend analysis in climate studies has been employed [8,29]. Further discussion and the
mathematical expression used to calculate MK trend statistics can be referred to in several
studies [8,29].

3.2.2. Sen’s Slope Methods

To show the rate of change within the annual and seasonal rainfall, Sen’s slope
test [30,31] was employed. The test gives a more robust estimation of the direction, espe-
cially when the trend cannot be estimated by other statistical approaches like Kendall’s test
statistics or regression. This method is considered adequate due to its robust handling of
outliers in the datasets. It is not affected by any extreme distributions and does not entail
any normal distribution of the residuals. It has been generally employed in various studies
to examine the linear tendencies of hydro/climatic variables across multiple domains,
e.g., [8,32].

The Sen’s slope test is illustrated by Equations (1) and (2) below:

ti =
Yj − Kk

j − k
(1)

where Yj and Kk represent data values at the time, respectively. However, considering the
expression of S in the Equation (2) below:

S =

⎧⎪⎪⎨
⎪⎪⎩

TM+1/2(
(T (M)

2
+ (T (M+2)

2

)M = odd

M = even
(2)

The median of these M values of S is a Sen’s estimator of the slope. If M is odd,
then Sen’s estimator is computed by the top part of Equation (2), and if M is even, Sen’s
estimator is calculated by the lower part of Equation (1). Finally, S is tested by a two-sided
test at a 100% (1-α) confidence interval, and the actual slope is obtained.
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3.2.3. Number of WET/DRY Days over MAM and SOND Rainfall Seasons

For the two well-known rainfall seasons over Uganda and EA (MAM and SOND), wet
and dry days are generated by the common definition that a rainy day must experience at
least 1.0 mm of rainfall, while a dry day is a day with less than 1.0 mm of rainfall [33,34].
When recorded over a concessive period, the two variables are referred to as wet and dry
spells, respectively. Analyzing the number of wet and dry days is crucial for understanding
rainfall variability, managing water resources, planning agricultural activities, studying
climate change impacts, and maintaining ecosystem health.

The onset (start) and the cessation (end) of the rainy season were calculated based on
the condition that a place must receive 20 mm of rainfall over 2 successive days and should
not be followed by a dry spell of 9 days in the next 30 days at the time of the overhead
appearance of the sun (March and September). The end of the season was described as
being the first 9 days of a dry spell after May 1st and November 1st for the cessation of the
first and second seasons, respectively. Consideration for the water balance failing to zero is
observed as well. This helped to identify the season length or growing period and amount
of rainfall each year in consideration.

3.2.4. Cumulative Departure Index (CDI) for 1981–2017

The MAM and SOND seasonal rainfall variability was further assessed by the cu-
mulative departure index (CDI). The CDI involves the estimation of the arithmetic mean
of seasonal rainfall for the period of record. The means of seasonal rainfall were then
normalized by Equation (3) below:

CDI = (r1 − R1)/S (3)

where r1 represent the actual seasonal rainfall of a given year. R1 is the mean rainfall of
the total length of the period and S the standard deviation of the total length of the period.
Results of the values were cumulatively added to each other for the period of record and
plotted to achieve long-term trends for seasonal as used [33,34].

3.2.5. Rainfall Anomaly Index (RAI) for 1981–2017

Further, the rainfall anomaly index (RAI) was analyzed to show the variability of
annual rainfall (frequency and intensity of dry and wet years) and presented through
graphical plots for visual interpretation. The RAI is suggested to be very effective in
detecting the persistence of drought periods [33]. Rainfall variability indices were used to
establish drought periods and to show some haphazard values for drought indication [33].
These simple indices, which use rainfall as the only input, perform comparatively well com-
pared with more complicated indices in depicting periods and intensity of droughts [33,35].
RAI was used to describe annual rainfall variability and it is currently used by many
authors [36].

The RAI is calculated from Equation (4) for positive anomalies and Equation (5) for
negative anomalies.

RAI = +3

(
R f − MR f

MH10 − MR f

)
(4)

RAI = −3

(
R f − MR f

ML10 − MR f

)
(5)

where RAI represents the annual rainfall anomaly index, R f the actual rainfall for a given
year, MR f the mean of the total length of the record, MH10 the mean of the ten highest
values of rainfall on record, and ML10 the lowest values of rainfall on record.
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4. Results

4.1. Relationship Between CHIRPS and TAMSAT and Observed Station Rainfall Data

Figure 2 shows Taylor diagrams for 4 main rainfall stations in the Lake Kyoga Basin,
showing the relationship between the two reanalysis datasets (CHIRPS and TAMSAT) with
observed datasets. Results showed a strong positive correlation coefficient between the
observed station datasets and reanalysis ranging from +0.5 to 0.8 across the four stations,
with TAMSAT being a better performer than CHIRPS. TAMSAT and CHIRPS are high-
resolution reanalysis datasets that have been blended with station-observed datasets; their
quality in the African region has been highly discussed [23]. This is represented by a
strong positive correlation that provides confidence in using these datasets to present the
ground-based observations in the region with scarcely populated observation stations.

Figure 2. Taylor diagram showing the performance of CHIPRS and TAMSAT datasets against station
observed rainfall values.

4.2. Mean Monthly Annual Rainfall Cycles over Different Stations

Figure 3 presents the mean monthly annual rainfall for 9 stations in the Lake Kyoga
Basin during the period 1981–2017. Results reveal unimodal rainfall at all the stations
within the Lake Kyoga Basin but show a slight decline in June. This result is in agreement
with previous studies on the region [37]. Several factors usually contribute to rainfall in the
Lake Kyoga Basin, including the north/south movement of ITCZ and the Congo air mass,
and rainfall is modified by topographic features [36–38].
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Figure 3. Mean monthly rainfall cycle for different stations for the period 1981–2017.

The results showed high values of seasonal rainfall recorded during the months
of March–April–May (MAM) and September–October–November–December (SOND),
coinciding with two main modal rainfall regimes (MAM) and (SOND) reported by other
studies over the regions [39,40]. In this study, these two main rainy periods, MAM and
SOND, are considered the major seasons for subsequent use in the seasonal analysis. The
main rainfall season from March to May (MAM) is usually referred to as the “long rains”
and September to December as the “short rains” in EA [39–41].

4.3. Descriptive Statistics and Trends of Seasonal Annual Rainfall

A descriptive statistical analysis of seasonal annual rainfall is presented in Table 2. The
results show that the highest annual rainfall of 3179.4 mm was recorded at the Buginyanya
station in the Mount Elgon area, followed by 2015.7 mm recorded at the Namulonge station
located near Lake Victoria. The annual rainfall over the region showed positive trends at
all the stations, but statistically significant trends were observed at some stations, including
the Namalu, Tororo, and Jinja stations. At these stations, the rate of change is 87.8, 8.6, and
50.4 (mm/decade), respectively.

Table 2. Shows a statistical description of annual and seasonal rainfall and MK trend and Sen’s
slope for four major stations in the Lake Kyoga Basin in Uganda. The stations with an asterisk (*)
mark show a statistically significant trend; Min and Max show minimum and maximum values in
millimeters (mm). Negative Sen’s slope values show a decreasing trend, while a positive Sen’s slope
indicates a positive trend.

Annual MAM SOND

Station
Mean
(mm)

Max
(mm)

Min
(mm)

p-v
(MK)

Sen’s
Slope
(mm/

Decade)

Mean
(mm)

Max
(mm)

Min
(mm)

p-v
(MK)

Sen’s
Slope
(mm/

Decade)

Mean
(mm)

Min
(mm)

Max
(mm)

p-v
(MK)

Sen’s
Slope
(mm/

Decade)

Namalu 1180.6 1633.5 765.0 0.01 * 87.8 385.0 534.3 236.5 0.539 11.8 346.5 184.7 673.1 0.00 5.9

Buginyanya 1719.6 3179.4 2064 0.11 63.9 526.7 681.7 337.0 0.539 9.9 560.1 224.4 861.5 0.04 4.9

Kiige 1272.4 1530.7 958.5 0.16 32.6 467.1 645.1 364.7 0.685 −4.7 460.6 180.3 723.8 0.09 3.4

Namulonge 1719.6 2015.7 1240.5 0.27 52.9 470.7 615.4 326.3 0.647 4.3 452.8 140.9 772.6 0.72 12.3

Soroti 1411.9 1813.9 1148.0 0.25 30.3 484.8 660.0 366.5 0.969 −7.0 455.0 244.0 740.2 0.34 32

Tororo 1573.3 2203.5 1191.8 0.01 * 8.6 578.1 773.9 411.2 0.410 7.8 532.9 153.8 955.1 0.01 68.7

Jinja 1331.9 1739.1 1073.5 0.02 * 50.4 476.8 612.5 318.9 0.244 12.7 489.7 167.0 863.2 0.41 29.1

Lira 1405.6 1698.0 997.3 0.38 19.6 425.8 534.1 296.6 0.302 −10.5 484.8 202.0 707.4 0.23 30.1
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Further, results also revealed that MAM seasonal rainfall had both decreasing and
increasing trends, although both are statistically insignificant at all the stations. In terms
of rainfall amount, MAM revealed between 236.5 mm at Namalu station and 773.9 mm at
Tororo station. SOND seasonal rainfall over the region ranged from 184.7 to 707.4 mm at
Namalu and Tororo stations. Overall, there was an increasing trend in the SOND seasonal
rainfall amount, with statistically significant trends at some stations, including the Namalu,
Buginyanya, and Tororo stations. For SOND, Sen’s lope analysis showed that the rate of
change for these stations is 5.9, 4.9, and 68.7 mm/decade at Namalu, Buginyanya, and
Tororo stations, respectively.

The annual and seasonal rainfall revealed that there is a high spatial variation of
rainfall within the region as some stations reported an amount about thrice the other
stations within the regions, and others showed statistically significant trends compared to
the others. The high spatial variability of rainfall in the region has been reported [17,37,41].
This high spatial variability, therefore, calls for location-specific approaches in managing
the impacts of rainfall and climate events in the region.

4.4. Onset and Cessation of Rainfall for Lake Kyoga Basin

Table 3 shows the summary statistics for onset, cessation date, and seasonal length for
5 major rainfall stations in the Lake Kyoga Basin. For Soroti station, the analysis results
showed that over the recent years 1981–2017, the mean start of rains, or season onset, is
15 March of the year, the mean cessation date is 27 June, and the mean season’s length is
approximately 3.5 months. The earliest start of the rains could be as early as 29 February.
The latest possible date for the start of the rains is as late as 15 April.

Table 3. Summary of onset, cessation dates, and seasonal length for different rainfall stations in the
Lake Kyoga Basin 1981–2017. CV is the coefficient of variation of the different seasonal characteristics.

MAM SOND

Station Statistics Onset (Dates)
Cessation

(Dates)
Seasonal Length

Months
Onset (Date)

Cessation
(Dates)

Seasonal
Length Days

Soroti

Mean 15 March 27 June 3.5 21 July 15 November 3.7

Minimum 29 February 30 May 2.0 1 July 1 November 1.8

Maximum 15 April 29 September 6.7 23 October 31 December 5.3

CV 11% 11% 33% 11% 5% 5%

Namulonge

Mean 30 March 22 June 2.7 21 August 24 November 3.1

Minimum 3 March 1 June 1.0 1 August 1 November 1.6

Maximum 14 May 10 August 4.6 31 October 26 December 4.4

CV 22% 9% 30% 9% 6% 22%

Tororo

Mean 19 March 7 July 3.6 26 August 7 December 3.3

Minimum 1 March 1 June 2.2 1 August 17 November 1.5

Maximum 27 April 15 October 6.2 7 October 31 December 4.7

CV 19% 16% 27% 8% 5% 23%

Buginyanya

Mean 16 March 13 July 6.5 4 September 24 November 2.7

Minimum 29 February 29 June 6.0 19 August 20 November 3.1

Maximum 26 April 29 November 11.1 4 November 24 December 3.3

CV 21% 16% 23% 7% 3% 20%

Lira

Mean 29 March 6 August 2.9 14 August 27 November 3.4

Minimum 2 March 3 June 2.0 1 August 1 November 3.0

Maximum 17 May 14 December 4.5 9-Oct 30 December 3.6

CV 19% 31% 1% 7% 5% 1%
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Similarly, at Namulonge station, results revealed that 19 March is the mean date for
the onset of seasonal rainfall, with 22 June as the mean cessation date. It was revealed that
the earliest possible date is 3 March, while the latest onset of the first rainfall period could
be as late as 14 May. In regard to the cessation date, the mean cessation date is 7 July, while
the mean seasonal length is 3.3 months.

For Tororo station, results revealed that the mean onset of the rainy season is on
19 March, and the mean cessation date is 7 July, while the mean seasonal length is about
3.6 months. It was also found that the first season can start as early as 1 March and end
by 1 June. Additionally, the second season presented a mean onset date of 26 August
and a cessation date of 7 December, with about 3.3 months as the mean seasonal length.
Conversely, the second season revealed 1 Aug as the earliest onset date and 17 November
as the earliest cessation date; this also indicated 1.5 months as the shortest seasonal length
that could be experienced. The second rainfall season could also start on 7 October and
cease as late as 31 December, presenting the longest seasonal length of 4.7 months.

For the Lira station, the mean onset and cessation of the first rainy seasons are revealed
as 29 March and 6 August, respectively, with the mean seasonal length being approximately
2.9 months. Similarly, the mean onset and cessation dates for the second rainy season are
approximated to be 14 August and 27 November, with a mean seasonal length of 3.4 months
revealed for this station. At Lira station, the first rainy season of MAM could start as early
as 2 March and end as early as 3 June, showing the shortest season of approximately
2 months. Moreover, the second rainfall season could also start (onset) by 1 August and
end by 1 November, with the shortest seasonal length of 3 months. For the second season,
the latest onset and cessation dates are 9 October and 14 December, respectively. This also
shows the longest seasonal length, 4.5 months. In addition to these, the rainfall station
showed 9 October and 30 December as the latest onset and cessation of the second rainy
season, respectively. The longest seasonal length in this rainfall zone is approximately
3.6 months.

Finally, at Buginyanya station, results revealed that 13 March is the mean date for the
onset of seasonal rainfall, with 13 July as the mean cessation date. It was revealed that
the earliest possible date is 29 February, while the latest onset of the first rainfall period
could be as late as 26 April. In regard to the cessation date, the mean cessation date is
13 July, while the mean seasonal length is 3.3 months. For the second season, the mean
onset date is 4 September, and the cessation date is 24 November, with a seasonal length of
2.7 months. The earliest possible start of the rains is 19 August, and the cessation date is
20 November, with a seasonal length of 3.1 months. The latest possible start of the second
season is 4 November, and the cessation date is 24 December, with a seasonal length of
3.3 months.

4.5. Temporal Variation in Annual and Seasonal Rainfall in Lake Kyoga Basin

Figure 4 shows the temporal variation in the annual rainfall over the Lake Kyoga
Basin during 1981–2017. Results indicate a decline in the annual rainfall during the first
period of the study, 1981–1985, for most stations, including Kiige, Namulonge, Buginyanya,
Serere, Lira, and Namalu; this coincides with the reported drought episodes of 1983–1985
over EA which caused severe impacts on socio-economic activities in the region [40].
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Figure 4. Temporal variation in total annual rainfall for selected stations during 1983–2017. The blue
lines in the graphs shows the variation of the annual rainfall over the years, while red lines indicate
the simple regression lines showing increasing trends for upward lines and decreasing trends for
downward lines. Significance of the trends are tested using MK test and results indicated in Table 2.

The mean annual rainfall in the Lake Kyoga Basin gradually increased from 1985
to 2005 except for the two adjacent stations, Soroti (e) and Serere (g), which indicated a
declining trend over the same period. Conversely, after 2005, most rainfall stations in the
Lake Kyoga Basin revealed a drop in annual precipitation. The declining rainfall in Uganda
was reported in a recent analysis [42].

Contrarily, parts of the Lake Kyoga Basin experienced a lot of rainfall over the years,
which caused mudslides on several occasions, such as in 2015, 2018, and 2019, to the extent
of causing catastrophic loss of human lives and destruction of property and infrastruc-
ture [20].

4.6. Number of Wet/Dry Days During MAM and SOND Rainfall Seasons

The Lake Kyoga Basin received an average of 30–70 wet days during MAM rainfall
seasons over most parts of the region, with a few areas receiving less than 20 wet days
during MAM (Figure 5a,b). The average number of dry days from two gridded satellite
datasets, CHIRPS 2.0 and TAMSAT v3.1, are provided in Figure 5c,d. The highest number
of dry days (80) occurred in the northeastern part of the Lake Kyoga Basin, while the lowest
number of dry days were experienced in the southern part of the basin, bordering the Lake
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Victoria region, which usually receives the highest rainfall amount in Uganda. As observed
from Figure 5, the number of dry days during MAM rainfall seasons outstripped their
corresponding wet days during the same rainfall seasons.

Figure 5. Comparison of wet/dry days during the MAM season using two gridded satellite datasets,
CHIRPS-2.0 and TAMSAT v3.1, for the historical period 1983–2017.

For the second rainfall season, during SOND, a similar pattern and range for the
number of wet and dry days are observed (Figure 6). For instance, the southern and western
parts of the Lake Kyoga Basin experienced more wet days compared to the northeastern
part of the basin. In this case, the number of wet days ranged from 40 to 70 days. For the
northeastern parts of the Lake Kyoga Basin, the number of wet days ranged from 20 to
50 days (Figure 6a,b).

Concerning the dry days, the southern and western parts of the Lake Kyoga Basin
experienced few wet days compared to the northeastern part of the basin, which ranged
from 20 to 40 days mainly (Figure 6c). In both reanalysis datasets, the northeastern part of
the Lake Kyoga Basin revealed the highest number of dry days, ranging from 50 to 80 days.

Northeastern Uganda is part of Uganda (known as the Karamoja region) and receives
the lowest number of wet days, which is translated to the lowest amount of rainfall received
in Uganda. The region is typically semi-arid in nature and usually experiences harsh
weather conditions with high temperatures and poor rainfall distribution associated with
very short rainy periods, which causes flash floods [37,41,43]. Poor rainfall distribution
in the northeastern region frequently results in droughts, crop failures, death of livestock,
famine, loss of livelihood, and even human death [43].
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Figure 6. Comparison of wet/dry days during the SOND season using two gridded satellite datasets,
CHIRPS-2.0 and TAMSAT v3.1, for the historical period 1983–2017.

4.7. Cumulative Departure Index (CDI) over Lake Kyoga Basin

Figure 7a–g shows a graphical representation of the seasonal CDI for selected stations
in the Lake Kyoga Basin over the period 1981–2017. The variability of seasonal rainfall is
shown by an upward and downward movement of the CDI graphs, which correspond to
surplus and deficit rainfall, respectively.

For Namulonge station (Figure 6a), the “long rains” (MAM) season is observed to
show below-average rainfall for most of the years during the period 1983–2017, with
only 3 years showing positive rainfall, while SOND showed either near normal rainfall
or below average. The years that have anomalously high MAM seasonal rainfall include
1982, 1997–1998, and 2016. The years that showed anomalously low MAM rainfall at
this station include 1996, 2000, and 2007–2008. Meanwhile, analysis of SOND seasonal
rainfall revealed anomalously high and low rainfall in 1995 and 1982–1983, 1986, 1989, and
2016, respectively.

At Tororo station, the variability in seasonal rainfall is also evidenced as the CDI
graphs presented both downward and upward movement in both seasons (Figure 6b),
but both seasons recorded near normal long-term mean rainfall. The CDI curve for MAM
indicates extremely high rainfall in 2013, 2012, and 2006 in the last 10 years and 1990–1991
in the previous decade. Contrarily, 2004 and 2016 are two years that present below-average
rainfall for MAM seasons. There is no clear pattern for the SOND rainfall season as
both downward and upward trends are observed randomly, showing high variability in
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seasonal rainfall. The SOND season revealed that the highest upward trends in rainfall
were recorded in 1997, 2006, and 2014, while 1986, 1990, and 2010 showed highly marked
downward movement of the cumulative departure index.

Figure 7. (a–g) Graphical representation of the time series of seasonal cumulative departure index
(CDI) for selected stations in the Lake Kyoga Basin. The light grey color bar chart represents MAM
and the black color chart shows SOND.

As in the first two stations above, the seasonal variability in rainfall at Soroti station
(Figure 7c) is visibly clear, as the MAM season records below-normal rainfall in the first
2 years. An improvement in MAM rainfall is attained during the period 1985–1998, as
indicated by the upward movement of CDI graphs. This is subsequently followed by a
reduction in MAM rainfall in the next 4 years, as the CDI graphs move into the negative
phase from 1999 to 2002. From 2003 to 2017, 5 years showed positive CDI values and
upward trends in rainfall, while the remaining years indicate below-normal rainfall. The
station showed extremely low rainfall during MAM in 1999 and over 2009–2010, while
extremely high rainfall was experienced in 1991–1992 and 1996. The results revealed
negative CDI graphs for SOND in 22 years during the period 1981–2005 and only 3 years of
positive CDI graphs. Toward the last decade (2006–2017), SOND seasonal rainfall expressed
improvement, as all the years registered positive CDI values and an upward movement of
CDI graphs.

At Lira station (Figure 7d), both the MAM and SOND seasons are observed to show
below-average rainfall for most of the years; however, a few years recorded extremely high
rainfall (above average) during the MAM rainy season, including 1982, 1997–1998, 2015–
2016, and extremely below-average rainfall during 1983–1984, 1999–2000, 2007–2008, 2010,
2012, and 2014. The worst-case scenario is seen during SOND, where only 3 years show
above-average rainfall, namely the years 1994–1995 and 2002. Extremely dry conditions
and below-normal rainfall are observed in all years, most notably in 1982–1983,1986, 1989,
2004–2006, 2009–2010, and 2015.

Further, Jinja station (Figure 7e) showed clear seasonal variability in rainfall from
1981 to 1993; most years displayed below-average rainfall in both the MAM and SOND
seasonal rainfall except in a few cases, such as in 1987–1988 and previously in 1982–1983
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with above-average seasonal rainfall. From 1995 to 2002, MAM received two years of
extremely high rainfall (1996 and 1999), as SOND recorded above-average rainfall in six
years. Similarly, the years 2003–2011 showed below-normal rainfall in both seasons except
on a few occasions, such as in 2003 and 2006. The last 6 years (2011–2017) showed more
upward movement in SOND seasonal and downward movement in MAM rainfall. The
MAM season received substantially high rainfall during 1995–1997 and 2000, and a drastic
reduction in MAM seasonal rainfall in 1985–1986, 1990–1991, 2005, and 2013. The CDI bars
showed a negative trend in rainfall in the second season of SOND from 1981–1987 and
1991–1995. From 1996 onward, SOND rainfall indicated a positive trend punctuated with
years of reduced rainfall, most predominantly in 2006 and 2008–2009.

Buginyanya station (Figure 7f), in the montane region, shows the downward move-
ment of MAM seasonal rainfall from 1981 to 1996, with the exception of 1984 and 1994
with near-normal rainfall. There is no difference in the observed trends for SOND sea-
sonal rainfall at Buginyanya station, as most years (1981–1999) show decreased rainfall
(below-average rainfall) except on a few occasions in 1985–1987 and 1994–1995. Proceeding
from 2000–2002, a positive trend indicated by upward bars in rainfall is recorded, followed
by below-average rainfall over the period 2003–2004, which is followed by near-normal
rainfall from 2005 to 2011. CDI graphs showed that the last 6 years registered the wettest
years for SOND rainfall, including 2001–2002 and 2013–2014, while 1982–1984,1988–1993,
and 2007 were shown to be the driest years in terms of SOND rainfall for this period
of analysis.

At Namalu station (Figure 7g), the years 1983–1987, 1992–1995, 1999–2005, 2008–2009,
2014–2015, and 2017 were significantly dry (below average) in terms of MAM seasonal
rainfall. The dry MAM seasons were punctuated with occasionally wet seasons (above-
average rainfall), such as during the periods 2006–2007, 1996–1999, and 2012–2013. The
second season (SOND) showed below-average rainfall over the period 1981–1998 and
above-average rainfall in the following 4 years (1999–2002), followed by a further 3 years
of below-average rainfall (2003–2005). Over the last 12 years (2006–2017), SOND received
improved rainfall performance, with the only drop in 2009. Extremely high and low rainfall
during SOND was experienced in 2012 and 1986, respectively.

4.8. RAI over Lake Kyoga Basin for 1981–2017

The results of the annual rainfall anomaly index (RAI) are presented in Figure 8. The
results show that annual rainfall varied a lot in the long-term mean, as different stations
revealed different ranges of RAI values throughout the analyzed years. For example,
Namulonge station recorded an extreme range of −5.4 to 6.3 in 1983 and 1997, respectively.
For the case of Tororo station, the two extreme range values of −5.2 to 7.5 were reported in
more recent years, 2001 and 2004. The range at Soroti is from −3.9 to 5.6, which occurred in
the earlier years of 1984 and 1988. Meanwhile, Serere station recorded a range of −4.8 to 6.7
in 2012 and 2000, respectively. The negative indices represent dry years, and the positive
indices show wet or rainy years with varying intensities in each case.

For the first 20 years (1981–2000), 12 cases of extremely dry conditions were revealed
within the Lake Kyoga Basin. In such circumstances, Soroti station reported 3 cases of
extremely dry years in 1982, 1984, and 1989, while Namulonge station also reported 3 cases
in 1983, 1993, and 2000. Meanwhile, the remaining stations showed one case of an extremely
dry year. RAI values indicate that 1981 and 1999 were the wettest years when all the stations
reported extremely wet conditions (positive RAI). Moreover, during the period (2000–2017),
34 cases of extremely dry years were experienced in 9 locations examined in the Lake Kyoga
Basin. The distribution of extremely dry conditions was uniform at some stations. For
example, Soroti, Serere, and Buginyanya stations each recorded 5 years of extremely dry

21



Water 2025, 17, 1044

conditions, while Jinja registered 4 years of extremely dry years. The remaining stations
recorded at least 3 years of extremely dry years.

Namalu 

Figure 8. The annual rainfall anomaly index (RAI) for selected stations in the Lake Kyoga Basin
in Uganda.

5. Discussion

Results from the cumulative departure index show several years of below-average
rainfall, showing drying or drought tendencies over the region during the first rainy period
of March–May (MAM). The March–May long rains are critical for the East Africa region
and have been quite poor in recent years [24]. The decline in MAM rainfall in the EA region
has been prominently analyzed and discussed [44]. The last 10 years of the study showed
rainfall increasing in both the MAM and SOND seasons, contributing to an increase in
annual rainfall over most stations in the basin. However, the increase in rainfall over
the basin is punctuated with extreme or severe drought years, as witnessed in results
in 2009–2010, 2014, 2016, and 2017, further indicating a drought condition in the region.
Ongoma et al. [8] also showed a positive trend in March–April–May (MAM) and October–
November–December (OND) seasonal rainfall over the East Africa region. The months
of November–December have seen an increase, probably reflecting increased November
rainfall in East Africa [45].

These results showed high positive RAI values for Namulonge station in the same
region in the years 1989,1997, and 2001, indicating that they were extremely wet, which
is in agreement with recent studies that analyzed rainfall variability for the Lake Victoria
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Basin adjacent to the Lake Kyoga Basin [45] and found that the years 1989, 1997, and 2001
had anomalously high total annual rainfall in the region. The most notable extremely wet
years are 1981 for most stations except Namulonge station and 1999, 2011, and 2015 for
most stations. However, using rainfall data for 1949–2009, ref. [46] found that rainfall at the
Namulonge station decreased.

The main controlling mechanism of these extremely high rainfall events has been
linked to the reversal of dipole in atmospheric circulation and Indian Ocean sea surface
temperatures [47]. The rains are moderated by weather phenomena such as the El Niño
Southern Oscillation (ENSO) [38] and the Indian Ocean Dipole (IOD) [48]. The El Niño
Southern Oscillation (ENSO) phenomena are strongly associated with the inter-annual
variability of rainfall in this region [38]. This agrees with our present study, as years with
El Niño events such as 1981, 1997–1998, 2006–2007, and 2015 were recorded as wet years.

The result showed high spatial variability, as stations indicate different results when
similar weather phenomena occur. For example, in 1996 and 2015, most stations showed
extremely high rainfall, but a few stations still showed extremely dry conditions over the
same period. Such differences in weather conditions are closely related to the contribution
of the local circulation systems resulting from land surface heterogeneity induced by
biophysical factors such as vegetation, large open water bodies, and topography [49,50].
Drought conditions exhibited in some years in most stations severely affect agricultural,
water, economic, and health sectors and human death has been reported in the Lake Kyoga
Basin [43].

In the East African tropical climate, rainfall remains one of the most important drivers
of many socio-economic activities like agriculture and electricity generation [51], but
variability in rainfall imposes greater risks to such socio-economic sectors. Extreme drought
and famine occurred in other parts of Africa at the beginning of 2006, spreading to the East
African region, especially the northern part of Uganda, Kenya, and Somalia, more severe
than those of 1984, 1999, and 2000 in the East African region [44,46].

Globally, an estimated eleven million people have died of drought-related causes,
while two billion people have been affected by drought since 1900 [52]. The frequencies
and intensity of drought are predicted to increase [2], which confirms the results that the
current years (2001–2017) had the highest frequencies and more intense droughts than the
period 1981–2000.

Generally, 2010 was extremely dry for Soroti, Jinja, and Buginyanya and severely dry
for most stations, including Tororo and Namalu, possibly caused by the failure of the “short
rains” of 2010 linked to the La Nina condition. This was followed by a further decline in
the “long rains” in MAM in 2011 in EA [53]. The year 2011 was one of the wettest years in
the Lake Kyoga Basin, as most of the RAI values were greater than 0.3. The results also
showed that in the period 1997–1998, some stations, such as Namulonge, Tororo, Jinja, and
Kiige, had positive RAI, representing extremely wet years. This could be associated with
the strong El Niño episode of that year, which is referred to as the “climate event” of the
century [54].

Similarly, the extreme El Niño events in 1982/1983 could have boosted the rainfall of
other stations in the region; however, extremely dry conditions were recorded in stations
such as Namulonge, Tororo, and Soroti. This also shows the variability of rainfall in
the region occurring within short distances [55]. The recent wet year (2015) is possibly
another effect of El Niño events experienced in the region. This increases the chances of
most locations recording extremely wet conditions [56], but this is usually followed by the
opposite phase, the La Nina event, which is usually dry and delivers less rainfall in some
areas [57], consistent with the results of 2016 in this study. However, this is not exclusively
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true, as some patches of dry conditions persisted at some stations within the basin in the
same year (2016).

According to these results, the region registered five incidences of extremely dry
years and seven cases of severely dry years at different stations. The results agree with
seven drought cases reported between 1991 and 2000 [58]. The Greater Horn of Africa has
been affected by drought almost every year for the past two decades, and the most severe
drought occurred in 2009 and 2011 in Kenya [51], which is true to the test results for RAI
in 2009.

6. Conclusions

This study analyzed the rainfall data for the Lake Kyoga Basin using the CDI and
RAI. The results show a declining trend in March–May (MAM) rainfall, indicating drying
or drought tendencies over the region. However, the last decade of the study period
showed an increase in rainfall in both MAM and October–December (SOND) seasons. The
study also identified extreme wet and dry years, with El Niño events contributing to the
wet years. The results highlight the high spatial variability in rainfall in the region, with
local circulation systems playing a significant role. The study’s findings have important
implications for agricultural, water, economic, and health sectors in the region, which
are vulnerable to rainfall variability and droughts. Overall, this study contributes to the
understanding of rainfall variability in the Lake Kyoga Basin and highlights the need for
effective climate risk management strategies to mitigate the impacts of droughts and floods
in the region.

The study’s findings highlight the need for effective climate risk management strate-
gies to mitigate the impacts of droughts and floods in the Lake Kyoga Basin, which can
be achieved through the development of early warning systems, climate-resilient agri-
culture practices, and water harvesting and storage infrastructure. Finally, the study’s
findings emphasize the importance of understanding rainfall variability and its impacts
on socio-economic sectors. To improve climate monitoring and prediction capabilities,
investing in climate observation networks, enhancing climate modeling and forecasting
capabilities, and promoting climate information dissemination and applications are essen-
tial. This will enable decision-makers to make informed decisions and develop effective
adaptation strategies.
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Abstract: Runoff in high-latitude water towers is crucial for ecological and human water demands
during freeze–thaw periods but is highly sensitive to climate change and human activities. This
study focuses on Changbai Mountain, the source of the Songhua, Tumen, and Yalu rivers, analyzing
runoff variation and its environmental responses using the modified Mann–Kendall method and the
water–energy balance equation. The results show significant non-stationarity in runoff trends, with
an increasing trend in the Yalu River basin (p < 0.05), a decreasing trend in the Tumen River basin
(p < 0.05), and complex trends in the Songhua River basin. Additionally, the relationship between
runoff and driving factors during freeze–thaw periods was quantized. When the snowfall, potential
evapotranspiration (E0), and subsurface changes increased by 1%, the snowmelt runoff changes were
1.58~1.96%, −0.58~−1.96%, and −0.86~−1.11% in the Yalu River basin; 2.16~2.35%, −1.04~−1.35%,
and −1.56~−1.95% in the Tumen River basin; and 1.44~2.41%, −0.44~−1.41%, and −0.72~−1.62% in
the Songhua River basin. The increased snowfall was the most prominent reason for the increase in
snowmelt runoff during spring. The results of this study will benefit ecosystem conservation and the
stability of downstream water supply in this high-latitude water tower.

Keywords: snowmelt runoff; water tower; climate change; human activities

1. Introduction

Runoff produced during the freeze–thaw period plays an important role in maintain-
ing downstream production, livelihoods, and spring agricultural irrigation in high-latitude
water towers [1,2]. At the same time, runoff during the freeze–thaw period can be sig-
nificantly altered by climate change and human activities, increasing the uncertainty of
sustainable water supply for downstream environments [3–5]. Owing to spatial and tem-
poral heterogeneity, this new runoff requires further study [6].

The spatial and temporal evolution of runoff during the freeze–thaw period has
received increasing attention globally, for example, in the western United States [2,7,8],
Canada [9,10], the Czech Republic [11], the Mediterranean [6], and the Qinghai–Tibet
Plateau in China [5,12]. Snowmelt runoff trends are often complex. Musselman et al. [2]
analyzed the long-term changes in snowmelt runoff in North America and found that 34%
of monitoring stations showed an increasing trend at (p < 0.05), with three times as many
monitoring stations exhibiting a decreasing trend (p < 0.05). In this article, p reflects the
significance of the results: p < 0.05 indicates that the results are statistically significant and
that the change did not occur by chance, while p > 0.05 indicates that the results are not
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statistically significant and that the change may have occurred randomly. Typically, runoff
during the freeze–thaw period is influenced by climate change, with the uncertainty of
snowfall increasing and snowmelt occurring earlier in the spring [13,14]. Li et al. [8] indi-
cated that snowmelt’s contribution to runoff in the western United States will be reduced
by one-third before 2100 under RCP 8.5. RCP 8.5 represents the climate projections for the
High Emissions Scenario, which assumes a significant increase in global GHG concentra-
tions by 2100, leading to a large increase in temperature. Snowmelt runoff is also influenced
by changes in the subsurface, even more so than climate change [15]. Nevertheless, more
extensive quantitative evaluations of the contribution of climate change and underlying
surface changes to snowmelt runoff are required. Some studies have used models to
quantify the contribution of snowmelt to runoff [5,16,17]. However, constructing these
models requires a large amount of basic observational data, specifically in mountainous
areas, where data are difficult to obtain [18]. In recent years, the Budyko-based analysis
method has gained popularity for quantifying environmental contributions owing to its
simplicity and effectiveness [19–22]. This method has been predominantly applied to assess
the effects of climate change and human activities on annual runoff changes, with limited
application to analyzing snowmelt runoff contributions.

Changbai Mountain is the source of the Songhua River (SR), Tumen River (TR),
and Yalu River (YR), providing a stable supply of abundant freshwater resources to the
downstream region. In addition, the YR and TR are important borders between the three
countries of China, North Korea, and Russia [23,24]. With a freeze–thaw period of up to
eight months a year, snowmelt runoff is a vital factor in maintaining the health of Changbai
Mountain’s ecosystem and provides a sustainable water supply for downstream production
and living. Thus, previous studies have quantified the response characteristics of annual
runoff to changing environments in tributaries of the Changbai Mountain region [25,26].
However, our knowledge is still limited regarding the characteristics of runoff changes
during the freeze–thaw period and its response to climate and subsurface changes in this
region.

This study investigates the variations and trends in runoff during the freeze–thaw
period and responses to anthropogenic drivers and climatic change in a specific high-
latitude water tower. Firstly, the non-stationary change in runoff during the freeze–thaw
period on Changbai Mountain was analyzed (from October to May of the next year).
Secondly, the relationship between runoff and driving factors during freeze–thaw periods
was quantized. Finally, the contributions of these drivers to changes in spring runoff were
identified. This study reveals the changing laws of water resources in high-latitude water
towers in the context of climate change and human activities. This not only provides a
scientific basis for water resource management in the Changbai Mountain region but also
provides a reference for hydrological studies and management strategies in similar regions,
contributing to sustainable water resource management on a global scale.

2. Materials and Methods

2.1. Study Site Description

Changbai Mountain is located in northeast Asia (39.8–45.4◦ N and 123.5–131.3◦ E), as
shown in Figure 1. The total area is approximately 17.16 × 104 km2. Changbai Mountain is
also an important ecological function area in eastern Eurasia, with a significant variation
characteristic for vegetation along its altitude.

The altitude of Changbai Mountain ranges from −8 m to 2738 m, showing a significant
altitude gradient. Owing to the high altitude, the annual average temperature in this area
is between −7 and 3 ◦C, the annual average snowfall is 200~400 mm, and the freeze–thaw
period is up to 8 months (from October to May of the following year) [27].
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Figure 1. Study site location. (a) Location of Changbai Mountain region in China. (b) DEM, three
rivers, and hydrological stations.

2.2. Data

Meteorological data from 48 hydrological stations (1984–2019) on Changbai Mountain
were obtained from the China Meteorological Data Service Centre (http://data.cma.cn/).
The variables include snowfall and potential evapotranspiration (E0). Daily hydrological
data from 1960 to 2020 were provided by the Hydrological Bureau for 12 stations (runoff
data from the Hedong Hydrological Station on the TR are missing for 2011–2020), as shown
in Table 1).

Table 1. Hydrological stations in the river-source region in the Changbai Mountain region.

ID Hydrological Stations Shorthand Form Basins

1 Shisandaowan SSDW

YR
2 Linjiang LJ
3 Tonghua TH
4 Jian JA

5 Nanping NP

TR
6 Kaishantun KST
7 Hedong HD
8 Quanhe QH

9 Gaolichengzi GLCZ

SR
10 Hanyangtun HYT
11 Wudaogou WDG
12 Fuyu FY

2.3. Method
2.3.1. Modified Mann–Kendall Method

The modified Mann–Kendall test analyzed the changing trend in runoff during freeze–
thaw periods. The process for this method is described in detail by Yue et al. [28].

2.3.2. Water–Energy Balance Equation

The climate elasticity of runoff is defined as “the change degree of runoff in a watershed
caused by the change of climate factors”. Here, the basin substrate change is mainly due
to human activities, such as land use change and frozen soil. Under certain climatic and
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substratum conditions, the long-term hydroclimatic characteristics of the basin obey the
principle of water and energy balance [19]. The expressions are as follows:

E =
PE0

(Pn + En
0 )

1
n

(1)

where E is the average actual evapotranspiration; P is the average snowfall; E0 is the
average potential evapotranspiration; and n characterizes the subsurface of the basin (the
subsurface parameter), including topography, soil, vegetation, etc.

P, E0, and n are mutually independent variables in the aforementioned equation.
The variation in runoff (R) can be expressed in a fully differentiated form as follows:

dR =
∂f
∂P

dP+
∂f

∂E0
dE0 +

∂f
∂n

dn (2)

The snowfall elasticity coefficient is the degree of change in the runoff volume from
a watershed due to a unit change in snowfall. Similarly, the potential evapotranspiration
elasticity coefficient of runoff and the subsurface elasticity coefficient of runoff can be

defined: εP =
dR
R

dP
P

is the elasticity coefficient of snowfall, εE0 =
dR
R

dE0
E0

is the elasticity coefficient

of E0, and εn =
dR
R

dn
n

is the elasticity coefficient of subsurface change. Based on the definition

of these elasticity coefficients, the change in runoff can be expressed in the following fully
differential form.

By dividing Equation (1) by the average runoff depth R, we obtain

dR
R

= εP
dP
P

+ εE0

dE0

E0
+ εn

dn
n

(3)

Let φ =E0
P . The formulas are then expressed as follows:

εP =
(1+φn) 1

n+1 −φn+1

(1+φn)
[
(1+φn)

1
n −φ

] (4)

εE0 =
1

(1+φn)

[
1 − (

1+φ−n) 1
n

] (5)

εn =
ln(1+φn) +φnln

(
1+φ−n)

n
[
(1+φn)− (1+φn)

1
n+1

] (6)

According to Equations (4)–(6), the three runoff elasticity coefficients reflect the multi-
year average hydroclimatic characteristics of the basin.

The study period can be divided into two subperiods according to the abrupt change
points. To more comprehensively understand the key drivers of runoff changes during the
freeze–thaw period, we employed a change point analysis to identify significant shifts in
the runoff time series. Applying this method enabled us to precisely pinpoint the turning
points at which different influencing factors impacted runoff, allowing for more accurate
quantification of their contributions to runoff over different periods. The multi-year average
runoff depths for period 1 and period 2 are denoted as R1 and R2, respectively. The change
in runoff depth during the freeze–thaw period from period 1 to period 2 can be expressed
as the difference between two factors, symbolized as ΔR2−1.

ΔR2−1 = R2 − R1 (7)
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The change in runoff depth (ΔRc−l) arises from changes in the meteorological elements
and subsurface and can be expressed in terms of the change in runoff as

ΔRc−l = ΔRc − ΔRl (8)

where ΔRc is the runoff change affected by climate change and ΔRl is the runoff change
affected by the change in subsurface. The effects of meteorological element changes can
be further refined into two parts: runoff affected by snowfall changes (ΔRP) and runoff
affected by E0 changes (ΔRE0).

Based on the εP, εE0 , and εn values, the runoff changes affected by changes in snowfall,
E0, and the subsurface can be estimated as follows:

ΔRP = εP
R
P

ΔP,ΔRE0 = εE0

R
E0

ΔE0, ΔRl = εE0

R
n

Δn (9)

where A and B are the differences between the multi-year average snowfall and E0 for the
two time periods. n1 and n2 represent the basin subsurface conditions for period 1 and
period 2, respectively.

3. Results

3.1. Runoff Variation Characteristics during Freeze–Thaw Periods

At SSDW station located in the source area of the YR, a significant decreasing trend
occurred in runoff in October, November, December, and April. All months showed the
largest increase after 2000. By contrast, runoff increased in March and fluctuated in January,
February, and May; however, there was no clear trend (Figure 2a). LJ station, situated in
the middle reaches of the YR, exhibited decreasing runoff trends from October to April,
with the most notable increases in November through April after 2000. May’s runoff also
fluctuated without a significant trend (Figure 2b). TH station in the Hun River showed a
continuously increasing trend throughout the freeze–thaw period (Figure 2c). JA station,
located in the lower reaches of the YR, experienced a significant decrease in runoff from
October to December and May after 2013, with a decreasing trend followed by an increase
from January to March (Figure 2d).

At SSDW station, runoff showed non-significant changes in October, April, and May
(p > 0.05) but significant increasing trends from November to March (p < 0.01). LJ station
experienced increasing runoff across all months, with significant increases from November
to April (p < 0.05). At JA station, runoff increased in October, January, March, April, and
May, though these changes were not significant (p > 0.05). Decreasing trends were observed
in November, December, and February, with December showing a significant decrease
(p < 0.05). Specific trend results can be found in Table 2.

NP station, located in the source area of the TR, exhibited a significant decreasing
runoff trend during the freeze–thaw period, with the most notable decrease in January.
After 2000, runoff in April and May showed an increasing trend (Figure 3a). KST station
in the middle reaches of the TR showed no significant changes in October, November, or
May and a decreasing and then increasing trend from December to April. (Figure 3b). At
HD station, located in the middle and lower parts of the TR, runoff remained stable in
October, November, and December and then decreased before increasing from January
to April, with a significant rise in May (Figure 3c). QH station, in the lower reaches, had
no significant trends in October, November, or December, with runoff showing a general
decreasing and then increasing trend in other months (Figure 3d).
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(a) (b) 

 
(c) (d) 

Figure 2. Variation characteristics of runoff during freeze–thaw periods in the YR basin: (a) SSDW;
(b) LJ; (c) TH; (d) JA. Different colored scatter points are used to distinguish different stations. The
fitted curves use polynomial regression to capture the nonlinear trends in the data.

Table 2. Detection of runoff variation trends during the freeze–thaw period in the YR.

Stations Parameters October November December January February March April May

SSDW

Mean (m3/s) 73.66 51.09 35.75 26.22 25.37 35.61 95.57 161.54
Z Value 0.79 3.60 4.05 4.26 3.75 4.23 −1.04 0.45
Slope 0.13 0.44 0.38 0.27 0.26 0.43 −0.26 0.22
Sig. ** ** ** ** **

LJ

Mean (m3/s) 115.29 86.03 58.08 43.45 38.73 63.60 196.10 293.63
Z Value 0.11 2.40 3.32 3.64 3.64 3.86 2.22 0.03
Slope 0.14 1.07 1.32 1.34 1.16 1.38 2.68 0.08
Sig. * ** ** ** ** *

TH

Mean (m3/s) 25.25 23.95 11.83 6.70 7.40 25.14 91.12 91.86
Z Value 0.04 1.07 2.14 3.78 2.89 1.46 2.62 3.78
Slope 0.02 0.32 0.25 0.18 0.22 0.38 2.00 0.18
Sig. * ** **

JA

Mean (m3/s) 205.88 190.76 218.47 200.90 188.30 193.47 187.85 233.55
Z Value 0.03 −0.68 −1.98 0.30 −0.95 1.14 1.33 1.01
Slope 0.02 −1.23 −2.63 0.15 −2.25 5.56 4.01 3.04
Sig. *

Note: ** is p < 0.01, * is p < 0.05.

33



Water 2024, 16, 2735

 

 

(a) (b) 

(c) (d) 

Figure 3. Runoff variation characteristics during freeze–thaw periods in the TR basin: (a) NP; (b) KST;
(c) HD; (d) QH. Different colored scatter points are used to distinguish different stations. The fitted
curves use polynomial regression to capture the nonlinear trends in the data.

During the freeze–thaw period, NP station exhibited a significantly decreasing runoff
trend for all months except May (p < 0.01). KST station showed a decreasing trend from
October to March, with significant decreases in January and February (p < 0.01). Runoff
in April and May increased, though not significantly (p > 0.05). At HD station, runoff
trends varied by month but were not significant. QH station showed an increasing trend in
October, November, and December and a decreasing trend from February to May, though
none of these trends were significant (Table 3).

GLCZ station, located on the Toudaosonghua River at the headwater of the SR, showed
a decreasing runoff trend in October. Before 2000, there was no obvious trend from
November to March, but after 2000, runoff increased significantly, with a slight upward
trend in May (Figure 4a). HYT station, on the Erdaosonghua River in the SR source area,
experienced significant decreases in runoff from October to February, with an increasing
trend in March after 2000 (Figure 4b). April and May showed no significant trends. WDG
station, on the Huifa River, displayed a decreasing trend followed by an increasing trend
from October to May (Figure 4c). FY station, in the lower reaches of the SR, had consistent
monthly trends during the freeze–thaw period, with no significant changes (Figure 4d).
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Table 3. Runoff variation trends during freeze–thaw period in the TR.

Stations Parameters October November December January February March April May

NP

Mean (m3/s) 27.57 15.10 8.71 5.57 5.09 7.79 24.67 48.99
Z Value −3.02 −3.31 −4.62 −6.24 −6.29 −5.44 −2.73 −1.14
Slope −0.51 −0.30 −0.25 −0.23 −0.22 −0.31 −0.41 −0.41
Sig. ** ** ** ** ** ** **

KST

Mean (m3/s) 31.45 19.80 9.27 7.54 6.71 13.14 30.32 56.74
Z Value −1.86 −0.99 −1.94 −3.61 −4.06 −0.70 0.21 0.34
Slope −0.33 −0.12 −0.15 −0.28 −0.22 −0.09 0.06 0.21
Sig. ** **

HD

Mean (m3/s) 109.55 64.79 25.62 14.57 13.37 31.57 100.90 184.67
Z Value −1.68 −0.57 1.01 −0.79 −0.13 −0.93 −0.57 0.40
Slope −1.94 −0.30 0.24 −0.14 −0.01 −0.28 −0.50 1.34
Sig.

QH

Mean (m3/s) 164.62 100.31 41.47 24.58 21.74 51.16 155.85 281.40
Z Value −1.66 −0.60 −0.93 0.05 0.05 0.76 0.29 0.98
Slope −2.02 −0.29 −0.19 0.00 0.01 0.34 0.41 2.25
Sig.

Note: ** is p < 0.01.

 

(a) (b) 

 

(c) (d) 

Figure 4. Runoff variation characteristics during freeze–thaw periods in the YR basin: (a) GLCZ;
(b) HYT; (c) WDG; (d) FY. Different colored scatter points are used to distinguish different stations.
The fitted curves use polynomial regression to capture the nonlinear trends in the data.

At GLCZ station, significant trends were observed in October, February, and March.
October saw a significant decrease (p < 0.01), while February and March showed significant
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increases (p < 0.05 and p < 0.01, respectively). Trends in other months were not significant.
At HYT station, significant decreases were recorded from October to February (p < 0.05),
with no significant changes in March, April, or May. WDG station experienced significant
increases in January and February (p < 0.05 and p < 0.01, respectively), while other months
showed no significant trends. FY station exhibited a decreasing trend with no significant
changes (p > 0.05) (Table 4).

Table 4. Runoff variation trends during freeze–thaw period in the SR.

Stations Parameters October November December January February March April May

GLCZ

Mean (m3/s) 45.15 37.78 23.58 20.98 19.15 30.47 122.03 126.37
Z Value −3.46 −0.60 1.76 0.70 2.25 3.96 −1.23 0.63
Slope −0.49 −0.09 0.11 0.05 0.15 0.32 −0.38 0.25
Sig. ** * **

HYT

Mean (m3/s) 54.28 40.72 23.55 17.31 16.03 31.74 136.12 165.35
Z Value −2.39 −3.05 −3.90 −4.50 −3.70 1.03 −0.32 0.14
Slope −0.47 −0.41 −0.26 −0.26 −0.23 0.10 −0.18 0.06
Sig. * ** ** ** **

WDG

Mean (m3/s) 41.04 28.81 12.08 4.96 4.33 36.70 82.95 52.41
Z Value −0.45 −0.10 1.21 2.25 2.74 1.52 −0.89 −0.87
Slope −0.05 −0.01 0.06 0.05 0.06 0.30 −0.35 −0.25
Sig. * **

FY

Mean (m3/s) 372.83 340.87 300.04 307.36 302.75 351.39 459.61 434.34
Z Value −0.66 −0.57 −0.52 −1.10 −0.78 −0.13 −1.42 −0.87
Slope −0.74 −0.68 −0.48 −0.75 −0.76 −0.14 −1.42 −0.89
Sig.

Note: ** is p < 0.01; * is p < 0.05.

3.2. Relationship between Runoff and Driving Factors during Freeze–Thaw Periods

There is a significant difference in snowmelt runoff between seasonally frozen soil
areas and non-frozen soil areas. The precipitation in winter occurs in the form of snowfall
and accumulates in the region. It is only affected by evaporation and will not immediately
form runoff. As the temperature rises in the spring, snowmelt and snowmelt runoff form
in the basin. Thus, the spring snowmelt runoff is mainly influenced by a combination
of snowfall and evaporation during the freeze–thaw period under the condition that the
subsurface remains unchanged.

Snowfall in different areas of the YR ranged from 206.57 mm to 275.37 mm; E0 ranged
from 313.97 mm to 329.54 mm; spring runoff ranged from 68.82 mm to 114.03 mm; the
drought index ranged from 1.18 to 1.60; the runoff coefficient ranged from 0.29 to 0.41; and
the subsurface parameter (n) ranged from 1.58 to 1.96. When the snowfall increased by 1%,
the snowmelt runoff increased by 1.58~1.96%. When the E0 increased by 1%, the snowmelt
runoff decreased by 0.58~1.96%. When the lower bedding surface parameter increased by
1%, the snowmelt runoff decreased by 0.86~1.11%. The elasticity coefficient of each station
showed that runoff at LJ station was more sensitive to climate and subsurface change; see
Table 5.

Snowfall in different areas of the TR ranged from 155.74 mm to 180.17 mm; E0 ranged
from 341.79 mm to 364.40 mm; spring runoff ranged from 68.82 mm to 114.03 mm; the
drought index ranged from 1.92 to 2.34; the runoff coefficient ranged from 0.14 to 0.22; and n
ranged from 1.39 to 1.65. Compared with the YR, the TR basin had less snowfall during the
freeze–thaw period, greater E0, more significant drought, and smaller runoff coefficients.
When snowfall increased by 1%, snowmelt runoff increased by 2.16~2.35%. When E0
increased by 1%, snowmelt runoff decreased by 1.04~1.35%. When n increased by 1%,
snowmelt runoff decreased by 1.56~1.95%. The elasticity coefficients of each station show
that the snowmelt runoff at KST station was the most sensitive to climate and subsurface.
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The sensitivity of snowmelt runoff to climate and subsurface changes was more prominent
in the TR basin than in the YR; see Table 5.

Table 5. Climate and subsurface elasticity coefficients of snowmelt runoff from key sections on
Changbai Mountain.

Basins Stations Area (km2) Snowfall (mm)
E0

(mm)
Snowmelt

Runoff (mm)
E0/P R/P n εP εE0 εn

YR

SSDW 9104 206.57 329.54 82.54 1.60 0.40 0.97 1.58 −0.58 −1.04
LJ 20,687 235.47 313.97 68.82 1.33 0.29 1.46 1.96 −0.96 −1.11

TH 4731 275.37 325.61 114.03 1.18 0.41 1.13 1.64 −0.64 −0.86
JA 24,359 258.66 320.03 65.75 1.78 0.25 1.78 2.19 −1.19 −1.11

TR

NP 6745 155.74 364.40 25.57 2.34 0.16 1.44 2.16 −1.16 −1.90
KST 11,062 165.74 354.66 23.48 2.14 0.14 1.65 2.35 −1.35 −1.95
HD 25,970 173.62 341.79 32.35 1.97 0.19 1.50 2.16 −1.16 −1.69
QH 31,800 180.17 345.16 39.10 1.92 0.22 1.39 2.04 −1.04 −1.56

SR

GLCZ 4728 297.15 329.54 154.41 1.11 0.52 0.88 1.44 −0.44 −0.72
HYT 8532 220.80 313.97 103.74 1.42 0.47 0.87 1.48 −0.48 −0.88
WDG 12,391 204.24 337.43 34.28 1.65 0.17 1.83 2.41 −1.41 −1.62

FY 71,783 167.49 359.83 45.24 2.15 0.27 1.12 1.80 −0.80 −1.47

Snowfall in different areas of the SR ranged from 167.49 mm to 297.15 mm; E0 ranged
from 313.97 mm to 359.83 mm; spring runoff ranged from 34.28 mm to 154.41 mm; the
drought index ranged from 1.11 to 2.15; the runoff coefficient ranged from 0.17 to 0.52; and
n ranged from 0.87 to 1.83. The climatic and subsurface parameters of each section of the
SR varied significantly. The drought index at FY station was the largest at 2.15. The runoff
coefficient at GLCZ station was the largest at 0.52. The runoff coefficient at WDG station
was the smallest at 0.17. When snowfall increased by 1%, snowmelt runoff increased by
1.44~2.41%. When E0 increased by 1%, snowmelt runoff decreased by 0.44~1.41%. When n
increased by 1%, snowmelt runoff decreased by 0.72~1.62%. The elasticity coefficient of
each station showed that the snowmelt runoff at WDG station was the most sensitive to
climate and subsurface change; see Table 5.

3.3. Contribution of Driving Factors to Runoff during Freeze–Thaw Periods

According to the m-k mutation test, the abrupt change in spring snowmelt runoff
in the three major basins of Changbai Mountain occurred after 2000. Compared with the
pre-mutation period, all stations except for HYT exhibited an increasing trend; see Table 6.

After the abrupt change, the increase in snowmelt runoff in the YR was between 9.60
and 45.69 mm; the increase in snowfall was between 8.84 and 46.84 mm; the evaporation
change was −2.6~12.21 mm; and the subsurface change was −0.03~−0.16 mm. The change
in snowmelt runoff was mainly affected by climate and subsurface changes. After the
abrupt change, the snowmelt runoff increased by 16.02 mm at SSDW station; the increase in
snowfall led to a 5.6 mm increase in snowmelt runoff; and the increase in E0 led to a 1.2 mm
decrease in snowmelt runoff. The subsurface change led to a 10.8 mm increase in snowmelt
runoff. The contributions of snowfall, E0, and subsurface change to runoff change were
31.8%, 6.9%, and 61.3%, respectively. The increase in runoff at LJ station was 9.60 mm;
the increase in snowfall led to a 10.6 mm increase in snowmelt runoff; the increase in E0
led to a 2.6 mm decrease in snowmelt runoff; and the subsurface change led to a 1.6 mm
increase in snowmelt runoff. The contributions of snowfall, E0, and subsurface change
to the change in runoff were 72.0%, 17.4%, and 10.6%, respectively. The largest increase
in runoff volume was 45.69 mm at TH station. The increase in snowfall led to a 31.8 mm
increase in snowmelt runoff; the decrease in E0 led to a 0.6 mm increase in snowmelt runoff;
and the subsurface change led to a 13.7 mm increase in snowmelt runoff. The contributions
of snowfall, change in E0, and subsurface to the change in runoff were 69.0%, 1.3%, and
29.8%, respectively.
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Table 6. Contribution of climate and subsurface changes to snowmelt runoff. A represents after; B
represents before.

Basins Stations
Area
(km2)

Abrupt
Year

Snowfall
(mm)

E0

(mm)
Snowmelt

Runoff (mm) ΔRP

(mm)
ΔRE0

(mm)
ΔRn

(mm)

ρP

(%)
ρE0

(%)
ρn

(%)
B A B A B A

YR

SSDW 9104 2012 204.7 213.5 327.6 335.9 79.4 95.4 5.6 −1.2 10.8 31.8 6.9 61.3
LJ 20,687 2009 230.4 248.9 310.4 322.6 65.0 74.6 10.6 −2.6 1.6 72.0 17.4 10.6

TH 4731 2002 253.1 300.0 326.9 324.3 91.2 136.9 31.8 0.6 13.7 69.0 1.3 29.8
JA 24,359 2006 250.0 264.2 311.4 345.8 60.6 68.5 7.9 −8.4 7.9 32.7 34.8 32.5

TR

NP 6745 2012 148.3 187.6 366.9 354.9 23.9 32.0 13.9 1.0 −7.4 62.5 4.4 33.2
KST 11,062 2013 159.5 198.4 352.4 365.1 22.3 28.8 13.0 −1.1 −5.5 66.2 5.8 28.0
HD 25,970 2009 162.3 205.1 344.9 341.2 28.6 43.7 17.3 0.4 −3.2 82.9 2.0 15.1
QH 31,800 2004 162.0 203.7 348.3 343.9 36.3 42.7 18.5 0.5 −12.7 58.2 1.6 40.2

SR

GLCZ 4728 2004 267.8 338.1 331.0 333.6 146.2 165.3 52.7 −0.5 −33.5 60.7 0.6 38.7
HYT 8532 2001 201.0 240.3 314.8 340.0 105.9 101.7 27.3 −4.0 −26.6 47.2 6.9 45.9
WDG 12,391 2004 189.1 225.3 338.1 336.6 27.3 43.1 14.6 0.2 0.9 92.8 1.4 5.8

FY 71,783 2004 150.7 196.0 360.3 356.5 42.9 46.7 22.1 0.4 −19.4 52.8 0.9 46.3

After the abrupt change, the increase in snowmelt runoff in TR was between 6.39 and
15.15 mm; snowfall increased by 38.97~42.85 mm; the E0 change was −3.70~12.66 mm;
and the subsurface change was 0.09~0.22. After the abrupt change, the increase in runoff
at NP station was 8.09 mm. The snowfall, E0, and subsurface changes contributed 62.5%,
4.4%, and 33.2% to the runoff change, respectively. The snowmelt runoff at KST station
increased by 6.52 mm; the increase in snowfall led to a 13.0 mm increase in snowmelt
runoff; the decrease in E0 led to a 1.1 mm decrease in snowmelt runoff; and the change in
subsurface led to a 5.5 mm decrease in snowmelt runoff. The contributions of snowfall, E0,
and subsurface change to the change in runoff were 66.2%, 5.8%, and 28.0%, respectively.
At HD station, snowmelt runoff increased by 15.15 mm, snowfall increased by 17.3 mm, E0
decreased by 0.4 mm, and subsurface changes decreased by 3.2 mm; the contributions of
snowfall, E0, and subsurface changes to the change in snowmelt runoff were 82.9%, 2.0%,
and 15.1%, respectively. The snowmelt runoff increased by 6.39 mm at QH station, the
increase in snowfall led to an 18.5 mm increase in snowmelt runoff, the decrease in E0 led
to a 0.5 mm increase in snowmelt runoff, and the change in subsurface led to a 12.7 mm
decrease in snowmelt runoff; see Table 6.

After the abrupt change, the change in snowmelt runoff at SR station was between −4.27
and 19.08 mm; snowfall increased by 36.13~70.33 mm; the E0 change was −3.74~25.16 mm;
and the lower bedding surface change was −0.03~0.33. After the abrupt change, the runoff
at GLCZ station increased by 19.08 mm. The increase in snowfall led to a 52.7 mm increase
in snowmelt runoff. The increase in E0 led to a 0.5 mm decrease in snowmelt runoff.
The subsurface change led to a 33.5 mm decrease in snowmelt runoff. The contributions
of snowfall, E0, and subsurface to the change in runoff were 60.7%, 0.6%, and 38.7%,
respectively. At HYT station, the runoff decreased by 4.27 mm; the increase in snowfall
led to a 27.3 mm increase in snowmelt runoff; the increase in E0 led to a 4.0 mm decrease
in snowmelt runoff; and the subsurface change led to a 26.6 mm decrease in snowmelt
runoff. The contributions of snowfall, E0, and subsurface to the change in runoff were
47.2%, 6.9%, and 45.9%, respectively. The runoff at WDG station increased by 15.86 mm; the
increase in snowfall led to a 14.6 mm increase in snowmelt runoff; the increase in E0 led to
a 0.2 mm increase in snowmelt runoff; and the subsurface change led to a 0.9 mm increase
in snowmelt runoff. The contributions of snowfall, E0, and subsurface to the change in
runoff were 92.8%, 1.4%, and 5.8%, respectively. The runoff at FY station increased by
3.83 mm; the increase in snowfall led to a 22.1 mm increase in snowmelt runoff; the increase
in E0 led to a 0.4 mm increase in snowmelt runoff; and the subsurface change led to a 19.4
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mm decrease in snowmelt runoff. The contributions of snowfall, E0, and subsurface to the
change in runoff were 52.8%, 0.9%, and 46.3%, respectively.

4. Discussion

4.1. The Impact of Climate Change on Runoff during Freeze–Thaw Periods

This study assessed the impact of climate change on runoff during the freeze–thaw
period in the Changbai Mountain region. Runoff regime shifts occurred at all three basins
after 2000. Apart from HYT station, runoff during the freeze–thaw period increased across
all stations (Table 4), primarily driven by increased snowfall during this period. Previ-
ous studies have indicated a significant increase in snowfall over the past 60 years on
Changbai Mountain [29]. This increase has led to higher spring temperatures and greater
snowmelt, indirectly contributing to the increased runoff. Although changes in runoff
during the freeze–thaw period on Changbai Mountain have received little attention in
past research and lack comparable results, numerous studies have demonstrated the sig-
nificant contribution of snowmelt to mountain runoff. Our previous study used isotopic
methods in the Changbai Mountain source area, showing that spring snowmelt contributes
an average of 42.6% to runoff, supporting the validity of our findings [30]. Jenicek and
Ledvinka [11] used a bucket-type watershed model to study 59 mountain watersheds
in the Czech Republic. Their results indicated that 17–42% (an average of 26%) of total
runoff comes from snowmelt. Additionally, snowmelt contributes approximately 23–26%
to runoff in the headwaters of the Yellow River [31]. In our findings, SSDW station in the
TR basin is unique, with groundwater being the primary factor influencing runoff during
the freeze–thaw period. This is mainly because SSDW station is located at the headwaters
of Changbai Mountain, and as shown in Figure 1, it is the highest-elevation hydrological
station. Groundwater and surface water significantly interact at this station [32], where
groundwater replenishment diminishes the contribution of snowmelt to surface runoff.
Evaporation has the least impact on runoff during the freeze–thaw period in the Changbai
Mountain region, and this phenomenon can be explained by three factors. First, tempera-
tures are generally low during the freeze–thaw period. Although spring temperatures rise
during the snowmelt season, they remain relatively low, resulting in slower evaporation
rates [33]. Second, most of the soil remains frozen during this period, further inhibiting
evaporation. Finally, runoff during the freeze–thaw period is primarily derived from
snowmelt and groundwater recharge, both of which more significantly influence runoff,
reducing the impact of evaporation.

4.2. The Impact of Subsurface Change on Runoff during Freeze–Thaw Periods

The impact of groundwater changes on runoff during the freeze–thaw period demon-
strates significant differences across the three basins. In the YR basin, groundwater changes
significantly increased runoff during the freeze–thaw period, whereas runoff in the TR and
SR basins decreased, except at WDG station. Zhang et al. [25] found that human activities
had a greater impact on annual runoff at WDG station than climate change. However, this
study reveals that human activities account for only 5.8% of the impact on WDG station,
with a related significant increase in winter snowfall [29]. This indicates that the drivers
of freeze–thaw period runoff significantly differ from those in other seasons and warrant
further investigation [34]. Furthermore, the impact of land use changes on runoff also
varies. The primary land use type in the Changbai Mountain area is forest (Figure 5), with
forest coverage ratios of 80.4% in the YR basin, 82.6% in the TR basin, and 49.0% in the
SR basin. Since 2000, following the implementation of China’s Natural Forest Protection
Project, the dry land area has decreased, and forest areas have increased in the YR basin. By
contrast, land use changes in the TR and SR basins have shown complex trends. Specifically,
the SR basin has a significantly higher proportion of dry land than the other basins, which
is related to agricultural activities. The dry land expansion notably impacts the hydrologi-
cal cycle during the freeze–thaw period. In addition, changes in permafrost are another
important factor affecting runoff during the freeze–thaw period. Our study indicates that
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permafrost degradation in the YR basin has significantly increased spring runoff [27,35].
Although land use changes, such as increased forest area, may slightly reduce runoff, the
impact of permafrost degradation during the freeze–thaw period is more pronounced. In
summary, the variability in freeze–thaw period runoff is influenced by multiple factors,
including groundwater changes, land use changes, and permafrost degradation, which
interact in complex ways across different basins. Permafrost degradation in high-altitude
areas may significantly increase runoff, while low-altitude areas are more affected by land
use changes and groundwater variations. Future research should pay closer attention to
the coupling effects between permafrost degradation and land use changes to better predict
and manage water resources under extreme climate conditions. This will contribute to
developing more scientifically based water resource management strategies and addressing
the challenges posed by climate change.

Figure 5. Changes in land use/land cover in the Changbai Mountain area.
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5. Conclusions

This study identified the runoff change trends during the freeze–thaw period and
its response to a changing environment in a high-latitude water tower. Based on these
findings, the following conclusions can be drawn: (1) Runoff during the freeze–thaw period
in the Changbai Mountain area was significantly non-stationary. The runoff trends in each
month in the three basins were not completely consistent. The runoff in most months
showed an increasing trend in the YR basin (p < 0.05), a decreasing trend in the TR basin
(p < 0.05), and a more complex and inconsistent trend in the SR basin. (2) The spring
runoff in the YR was 68.82 mm~114.03 mm when the snowfall, E0, and subsurface changes
increased by 1%, and the snowmelt runoff changes were 1.58~1.96%, −0.58~−1.96%, and
−0.86~−1.11%, respectively. The spring runoff in the TR was 23.48 mm~39.10 mm when
the snowfall, E0, and subsurface changes increased by 1%, and the snowmelt runoff changes
were 2.16~2.35%, −1.04~−1.35%, and −1.56~−1.95%, respectively. The spring runoff in the
SR was 34.28 ~154.41 mm when the snowfall, E0, and subsurface changes increased by 1%,
and the snowmelt runoff changes were 1.44~2.41%, −0.44~−1.41%, and −0.72~−1.62%,
respectively. (3) After the abrupt change, the increase in snowmelt runoff in YR ranged
from 9.60 mm to 45.69 mm; the increase in snowmelt runoff in TR ranged from 6.39 mm to
15.15 mm; and the change in snowmelt runoff in the SR ranged from −4.27 mm to 19.08 mm.
The increase in snowfall was the most prominent reason for the increase in snowmelt runoff
in the spring, with a contribution of between 31.8% and 72.0% in the YR basin, 62.5% and
82.9% in the TR basin, and 47.2% and 92.8% in the SR basin. This study quantitatively
analyzed the driving factors of runoff during the freeze–thaw period, providing managers
with a strategic basis for coping with climate change and providing researchers with new
methods and data support for studying hydrological processes in high-latitude regions,
promoting in-depth explorations in related fields.
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Abstract: This study delves into the once-in-a-century extreme precipitation events in
the northern region of the Pearl River Basin during the 2022 Dragon Boat Festival period.
Through a comprehensive analysis spanning various temporal scales, from synoptic-scale
systems to subseasonal oscillations, including the rare triple-peaked La Niña phenomenon,
we illuminate the intricate interactions among these factors and their impact on extreme
precipitation events. Specifically, we present a conceptual model of multiscale interaction
systems contributing to extreme precipitation in the BeiJiang Basin. Our findings reveal that,
during the 2022 Dragon Boat Festival period, precipitation in the BeiJiang Basin exhibited
characteristics across multiple time scales, with the synoptic-scale environment proving
highly conducive. Systems such as the South Asian High, Western Pacific Subtropical
High, and South China Sea summer monsoon were identified as the direct influencing
factors of precipitation. Importantly, our study highlight the pivotal role of subseasonal
oscillation propagation stagnation in extreme precipitation in the BeiJiang Basin, with
synoptic-scale systems playing a contributing role. We emphasize the indirect influence
of ENSO signals, regulating not only monsoons but also the propagation of subseasonal
oscillations. The interplay of these factors across different temporal scales significantly
impacts flood hazards. Overall, our study significantly enhances the understanding of
mechanisms driving extreme precipitation events in the Pearl River Basin, with profound
implications for water resource management and disaster prevention.

Keywords: dragon-boat precipitation; pearl river basin; extreme flood; multiscale factors;
cause analysis

1. Introduction

“Dragon-Boat Precipitation (DBP)” refers to intense rainfall occurring in southern
China during the Dragon Boat Festival period, typically from late May to mid-June
(21 May–21 June). It is associated with the South China Sea (SCS) summer monsoon,
convective precipitation, and frontal precipitation from the convergence of cold and warm
air masses [1]. The Beijiang River Basin (BJB), one of the three major rivers of the Pearl River
Basin (PRB, shown in Figure 1), mainly flows through Guangdong Province before merging
with Xijiang River to form the Pearl River Delta and finally emptying into the SCS. With a
total length of approximately 470 km and a basin area of 42,930 km2, the BJB is the second
largest river in the PRB and one of the most important rivers in Guangdong Province. The
basin experiences a humid subtropical climate, with a long-term mean annual precipitation
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of approximately 1700 mm and a mean annual potential evapotranspiration (PET) exceed-
ing 1200 mm. These climatic conditions, combined with the region’s complex topography,
make the BJB highly susceptible to extreme rainfall and flooding events. In 2022, the PRB
experienced multiple episodes of heavy rainfall, leading to widespread flooding. The BJB,
a major sub-basin of the PRB, witnessed two significant flood events, which were officially
designated as the first and second floods of the year. These floods occurred at 11:00 on
14 June and 12:00 on 19 June, respectively, marking the most severe flooding in the region
since 1915 [2]. These statistics highlight the importance of accurate precipitation forecasting
for river basins, especially in regions like the PRB where extreme rainfall events have
significant socio-economic impacts.

 

Figure 1. (a) Location of the Pearl River Basin within China, with shaded areas representing the
multi-year mean annual precipitation (1998–2022, units: mm). (b) Same as (a) but for the multi-year
mean annual evapotranspiration (1991–2020, units: mm).

Heavy rainfall results from the interactions among various systems operating at multi-
ple temporal scales. Particularly, extreme or persistent heavy rainfall occurs when systems
at different scales (planetary, synoptic, mesoscale, and small-scale) interact significantly.
Among these multiscale systems, while planetary-scale systems (3000–8000 km) do not
directly cause heavy rainfall, they play a crucial role in events lasting over two days by influ-
encing the movement of synoptic-scale systems, thereby indirectly affecting heavy rainfall.
For instance, pre-flood precipitation in southern China exhibits distinct subseasonal vari-
ability [3–6], with periods of increased and decreased rainfall occurring on time scales of
10–20 days and 30–60 days. The low-frequency characteristics of precipitation are primarily
driven by low-frequency variations in atmospheric circulation. A key modulator of rainfall
anomalies in southern China, particularly extreme rainfall events [7,8], is the Madden–
Julian Oscillation (MJO) [9,10]. The MJO is a large-scale tropical phenomenon characterized
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by eastward-propagating anomalies in rainfall and circulation, with typical timescale of
30–60 days. Originating over the Indian Ocean, it propagates eastward across the Maritime
Continent and into the Pacific Ocean, exerting a global influence on weather patterns.
During specific phases, the MJO enhances convective activity and moisture transport via
teleconnection waves, leading to increased rainfall in regions such as southern China. This
oscillatory behavior makes the MJO a crucial predictor of subseasonal weather variability,
especially in monsoon regions. The eastward propagation of MJO convection, from the
western Indian Ocean to the western Pacific, is commonly monitored using the real-time
multivariate MJO (RMM) index [11], which divides MJO activity into eight phases. Phases
2–3 and 6–7 are particularly significant, representing “wet” and “dry” phases, respectively,
that strongly influence pre-flood precipitation in southern China. Recent research has also
highlighted the significant impact of prolonged stagnation of the MJO in specific phases
on persistent heavy rainfall in certain regions. For example, Roxy et al. [12] attributed
strong Southeast Asian rainfall in 2011 to the long-term stagnation of the MJO in phases
5–7. Chinese scholars have also indicated that the prolonged stagnation of MJO convection
in the Indian Ocean region (phases 1–2) was a key factor in the occurrence of super-heavy
rainfall events in the Yangtze River Basin in 2020 [13,14].

At seasonal and longer time scales, the El Niño-Southern Oscillation (ENSO) is the
strongest signal of the tropical Pacific Ocean–atmosphere interaction on interannual scales
and is a crucial influencing factor on East Asian climate [15]. ENSO is a natural climate
phenomenon characterized by periodic fluctuations in sea surface temperatures (SSTs) and
atmospheric pressure in the tropical Pacific Ocean. It consists of two main phases: El Niño,
associated with warmer-than-average SSTs in the central and eastern Pacific, and La Niña,
associated with cooler-than-average SSTs in the same region. These phases alter global
atmospheric circulation patterns, leading to significant impacts on weather and climate
worldwide. China, located in eastern Asia, is profoundly influenced by the East Asian
monsoon. The timing and intensity of the onset of the South China Sea (SCS) summer
monsoon are modulated by ENSO [16–19], thereby regulating the intensity and frequency
of rainfall, including extreme rainfall events [20], in southern China. For example, during
El Niño years, the SCS summer monsoon tends to be weaker and delayed, often resulting in
reduced rainfall. Conversely, during La Niña years, the monsoon is typically stronger and
earlier, leading to increased rainfall and a higher likelihood of extreme precipitation events.

Given that multiscale factors may modulate precipitation in South China, analyzing
only the synoptic-scale systems responsible for flood-triggering heavy rainfall is insufficient
to fully explain this extreme event. Previous studies on the causes of extreme rainfall
in 2022 have mostly focused on the synoptic scale [1,21–24] or individual influencing
systems with longer timescales [7,8,13,20,25], with fewer studies revealing the causes from
the perspective of multiscale influencing factors. This paper focuses on why the BJB
experienced a once-in-a-century flood-triggering heavy rainfall event in 2022 [2]. The
aim is to reveal the causes of flood-triggering precipitation in the BJB during the DBP
period in 2022 from the perspective of multiscale influencing systems and their interactions.
While our study aims to provide a comprehensive understanding of the multiscale factors
contributing to the 2022 DBP event in the BJB, it is important to acknowledge some research
limitations. Firstly, while we focus on the key multiscale systems and their interactions,
the complexity of the atmospheric system means that other factors may also play a role,
which may not be fully captured in this study. Secondly, data availability and resolution
constraints may limit the depth and precision of our analysis, particularly at smaller scales.
Despite these limitations, this paper will provide valuable insights into the multiscale
mechanisms that contributed to the once-in-a-century flood-triggering heavy rainfall event
in the BJB region in 2022.
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The remaining sections of this paper are structured as follows: Section 2 presents the
data and methods utilized. Section 3 discusses the multiscale characteristics of the flood-
triggering heavy rainfall in the BJB during the 2022 Dragon Boat Festival. Following that,
Section 4 reveals the influences of multiscale factors on the extreme DBP events. Finally,
Section 5 offers a summary and discussion.

2. Data and Methods

This study explores the relationship between heavy precipitation events in the BJB
and various multiscale factors by utilizing multiple data sources. Specifically, we utilized
precipitation data from the Global Precipitation Measurement (GPM) and Tropical Rainfall
Measuring Mission (TRMM) satellites [26,27], as well as precipitation data from national
and regional meteorological stations collected and compiled by the China Meteorological
Administration’s (CMA) National Meteorological Information Center. Since the TRMM
satellite concluded its mission in April 2015, with the GPM satellite succeeding its tasks, we
merged the precipitation data from both satellites into a single-gridded precipitation dataset.
It is noteworthy that we validated the satellite precipitation data using station-based pre-
cipitation data, and the results remained consistent regardless of the precipitation product
chosen, indicating independence from the choice of precipitation product. Furthermore,
we employed circulation and humidity fields from European Centre for Medium-Range
Weather Forecasts (ECMWF) Reanalysis 5th Generation (ERA5) data [28], as well as outgo-
ing longwave radiation (OLR) data [29] and sea surface temperature (SST) data [30] from
the National Oceanic and Atmospheric Administration (NOAA).

To monitor the activity of tropical intraseasonal signals, we adopted the Boreal Summer
Intraseasonal Oscillation (BSISO) index [31]. The BSISO index is a widely used metric
to track the evolution of large-scale tropical convection and circulation patterns during
the boreal summer (May–October). It captures two main modes of variability: BSISO1,
which operate on a 30–60 day timescale, and BSISO2, which operates on a 10–30 day
timescale. These modes are characterized by the northward and eastward propagation of
rainfall and wind anomalies, influencing monsoon activity and extreme weather events in
regions such as South Asia and East Asia. By dividing BSISO activity into eight phases,
the index provides a framework for understanding the spatial and temporal evolution
of intraseasonal variability, making it a valuable tool for studying subseasonal climate
phenomena (see Table 1).

In Figure 2, we employ the precipitation anomaly percentage to describe the deviation
of precipitation from a reference period or long-term average (for example, the temporal
coverage for precipitation data are from 1998 to 2002, while for ERA5 data, it is from 1991
to 2020). The formula for calculating the anomaly percentage is as follows:

AP =
Anom
LTM

× 100% (1)

where AP represents the anomaly percentage, anomaly represents the anomaly value, and
LTM represents the climatological mean.

When conducting significance tests for correlation coefficients, this study employs the
t-test formula (as shown in Equation (2)) at a 95% confidence level with (n − 2) degrees
of freedom (where n is the sample size) to compute the critical value of the correlation
coefficient. If the absolute value of the calculated correlation coefficient exceeds the critical
value, it is considered to pass the significance test. The t-test was chosen because it is robust
and widely used for comparing two groups under the assumption of normally distributed
data, and a 95% confidence level (p < 0.05) was selected to ensure the balance between
Type I and Type II errors, consistent with common practices in climate studies. Sensitivity
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tests were conducted using 90% and 99% confidence levels to ensure the robustness of
our findings.

t = r
√

n − 2
1 − r2 (2)

Table 1. Summary of datasets used in this study.

Dataset Variables
Spatial

Resolution
Temporal

Resolution
Temporal
Coverage

Source Notes

GPM Precipitation 0.1◦ × 0.1◦ Daily 2014–2022

National Aeronautics and
Space Administration

(NASA)/ Japan Aerospace
Exploration Agency (JASA)

Merged with TRMM data;
validated against

station observations

TRMM Precipitation 0.25◦ × 0.25◦ Daily 1998–2015 NASA/JAXA
Mission ended in April

2015; data merged
with GPM

ERA5
Geopotential, UV

winds, temperature,
specific humidity

0.25◦ × 0.25◦ Hourly 1979–2022 ECMWF Used for synoptic and
subseasonal analysis

CMA Stations Precipitation Stations Daily 2005–2022 CMA Used for validation of
satellite precipitation data

NOAA OLR Outgoing
longwave radiation 2.5◦ × 2.5◦ Daily 1974–2022 NOAA Used to monitor

tropical convection

NOAA SST Sea
surface temperature 0.25◦ × 0.25◦ Monthly 1981–2022 NOAA Used for interannual-scale

analysis (e.g., ENSO)

China Ept Evapotranspiration 0.01◦ × 0.01◦ Monthly 1991–2020 National Tibetan Plateau
Data Center in China

BSISO Index BSISO1, BSISO2 N/A Daily 1981–2022 Lee et al. [31] Used to monitor tropical
intraseasonal signals

 

Figure 2. (a) Accumulated precipitation (units: mm) and (b) precipitation anomaly percentage
(units: %) from 21 May to 21 June 2022. The boxed area in the figure corresponds to the latitude
and longitude range of 23.5–25◦ N and 112–115◦ E, representing the Beijiang River Basin (The same
geographical range is used for boxed areas in subsequent figures).
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3. The Multiscale Nature of Flood-Inducing Rainfall in the BJB

The precipitation during this event exhibited a typical pattern of more rainfall in the
north and less in the south (see Figure 2). Specifically, the BJB became the epicenter of this
precipitation event, with an accumulated rainfall of 1200 mm and a precipitation anomaly
percentage of 200%. The immense cumulative precipitation during this event far exceeded
the long-term average, leading to a once-in-a-century flood in the BJB.

We selected the region between 23.5–25◦ N and 112–115◦ E as the primary precipi-
tation zone in the BJB. During the 32-day period of DBP in 2022, as shown in Figure 3a,
precipitation exceeded historical climatological norms on 18 days. From 12 June to 21 June,
daily cumulative precipitation exceeded the historical average by an average of 39 mm
(range: 9–72 mm), with consecutive days of precipitation surpassing double the historical
average after 16 June. A t-test confirmed that the daily precipitation during this period was
significantly higher than the historical average (p < 0.01). This period represented the peak
of precipitation during the 2022 DBP, significantly increasing the flood control pressures in
the area.

 

Figure 3. Temporal evolution of precipitation during the Dragon Boat Festival period in the Beijiang
River Basin (BJB). (a) Daily precipitation during the DBP period (21 May–21 June) in the BJB. The
red line and bars represent the year 2022, while the purple line and bars indicate the climatological
mean (1991–2020). (b) Daily precipitation for the year 2022, displayed as a bar chart with green and
red lines representing 5-day and 10-day moving averages, respectively. (c) Cumulative precipitation
during the DBP period for selected years, displayed as a bar chart with a purple line indicating the
climatological mean.
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During the 2022 DBP, the precipitation in the BJB exhibited significant multiscale
characteristics. From a synoptic-scale perspective (Figure 3b), the maximum daily rainfall
in the BJB during the DBP was comparable to that of February and March of the same year,
indicating that individual daily rainfall events were not extreme. However, it was precisely
at the subseasonal scale that we observed a notable peak in precipitation. The moving
average results (illustrated by the green line for 5-day average and red line for 10-day
averages) clearly highlighted the pronounced subseasonal scale characteristics of basin
precipitation. Remarkably, subseasonal scale precipitation in the BJB peaked during the
2022 DBP. This emphasizes the crucial role likely played by subseasonal scale signals in the
extreme precipitation event of 2022. Taking a broader temporal perspective, comparing the
precipitation levels during DBP across different years (Figure 3c), the annual precipitation
in the BJB during the 2022 DBP period peaked, surpassing that of 2008, a year previously
regarded as experiencing the strongest DBP in the history of Guangdong Province [21].
However, in 2008, the DBP precipitation was more concentrated in the coastal cities and
counties of South China.

In brief, the precipitation during the 2022 DBP period exhibited a distinct north–south
gradient and historical extremity, serving as the primary cause of the flood-triggering heavy
rainfall in the BJB. The precipitation in the BJB during this period displayed multiscale
characteristics. From a synoptic-scale perspective, the basin-average precipitation did not
show historical extremity. The occurrence of flood-triggering precipitation in the BJB in
2022 can be attributed to the prolonged duration and significant accumulation of rainfall
during the DBP period, resulting in the historical extremity of precipitation on subseasonal
and even climatic time scales. Therefore, comprehensively discussing the extremity of the
2022 DBP in the BJB necessitates the consideration of multiscale factors and the modulation
effect of the entire climatic environment.

4. Impact of Multiscale Temporal Factors on Extreme Precipitation

The multiscale characteristics of heavy precipitation in the pre-flood season of the
BJB in 2022 imply that key influencing factors may involve multiple temporal scales.
Understanding these multiscale influencing factors and their interactions is crucial for
effectively preventing and mitigating catastrophic flood-triggering heavy rainfall events.
In the following, we will discuss the favorable conditions for this flood-triggering heavy
rainfall event from the perspectives of synoptic-scale systems, subseasonal scale signals,
and interannual scale background, focusing particularly on how the historical extremity of
this precipitation event was formed.

4.1. Favorable Synoptic Environments

The synoptic-scale systems play a direct and crucial role in precipitation, revealing
not only the distribution, movement, and vertical motion of atmospheric moisture but also
determining the location, intensity, and duration of precipitation. Therefore, the timely and
accurate analysis and understanding of synoptic-scale patterns are essential for precipita-
tion prediction and the mitigation of associated risks, such as flooding. Figure 4 illustrates
the linear correlation of circulation patterns with precipitation in the BJB during the 2022
DBP period. A broad anticyclonic circulation is observed in the lower levels over the SCS,
with Southern China situated to its north, promoting the onshore southwest monsoon
flow. The upper-level divergence field closely aligns with the precipitation area in the BJB,
providing crucial clues for predicting precipitation regions. In the region controlled by the
anticyclonic circulation (10–20◦ N), significant subsidence airflow is evident. Correspond-
ingly, influenced by the convergence circulation of the southwest monsoon, significant
upward motion is observed in the BJB. In summary, the combination of a lower-level
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anticyclonic circulation, enhanced southwest monsoon, upper-level divergence field, and
the interplay between subsidence and upward airflows collectively constitutes a synoptic
system configuration favorable for precipitation in the BJB region.

 

Figure 4. Correlation analysis between the average precipitation in the Beijiang River Basin (BJB)
during the 2022 Dragon Boat Festival period and atmospheric circulation patterns. (a) Correlation
coefficients between BJB precipitation and the 850 hPa wind field (vectors) and 200 hPa divergence
field (shading). (b) Correlation coefficients between BJB precipitation and the meridional-vertical
(v-ω) wind field along 113◦ E (vectors) and vertical velocity (ω) field (shading). Only results passing
the 95% confidence level are displayed.

To clarify the backgrounds that contributed to the aforementioned circulation patterns,
Figure 5 further elucidates the favorable environmental conditions prevalent during the
post-June 12 period of the DBP, focusing on aspects such as dynamic fields (Figure 5a,b),
water vapor distribution (Figure 5c), and geographical context (Figure 5d). As previously
noted, the extreme event associated with the 2022 DBP predominantly unfolded after
12 June. Following this date, persistent heavy rainfall led to flood-inducing downpours in
the BJB.

Dynamic fields like the South Asia High (SAH) and Western Pacific Subtropical
High (WPSH) played pivotal roles in shaping these background field. The SAH, a high-
pressure system in the upper troposphere, is typically centered over the Tibetan Plateau
during summer. Meanwhile, the WPSH, a semi-permanent high-pressure system in the
lower troposphere, influences moisture transport and precipitation patterns. The SAH
was located over the Tibetan Plateau, with its core positioned over the northern Indian
subcontinent or nearby regions, placing the BJB under the northwesterly flow along the
northeastern edge of the SAH, precisely within the outflow divergence zone of this high-
pressure system (Figure 5a). This location facilitates the upper-level divergence, thereby
enhancing the atmospheric pumping action and favoring upward motion (Figure 5d).
Meanwhile, the WPSH was located over the eastern SCS, and combined with shortwave
trough fluctuations over the Tibetan Plateau region, further intensified the convergence
of air masses with contrasting temperature and humidity from the north and south over
Guangdong (Figure 6e).

It is worth noting that the specific position of the WPSH is crucial for determining the
precipitation zones, as rainfall typically occurs on the northern side of the WPSH. When
the WPSH’s main body extends northward, encompassing the entirety of South China, it
results in prolonged periods of sunny, scorching, and arid weather. However, the WPSH
maintained a generally southern position, situated over the eastern South China Sea and
the western Pacific. This alignment allows WPSH’s southeastern easterly flow to merge
smoothly with the southwesterly monsoon from the SCS. As depicted in Figure 5c, a high
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humidity zone is observed on the northern side of the WPSH, coupled with regions of high
wind speeds associated with low-level jets. This combination results in the BJB being a zone
of high water vapor flux, creating favorable moisture conditions conducive to precipitation.

Many studies have shown that low-level jets play a critical role in heavy rainfall during
the pre-summer rainy season in South China [22,23]. During this event, the low-level jet
also played a crucial role. Even the average low-level wind speed for the event reached the
jet stream threshold of 12 m/s. On the mornings of June 18 and 19, maximum wind speeds
of over 20 m/s and 16 m/s were recorded in Guangxi and Guangdong, respectively. The
core of the jet extended from the northern SCS to inland Guangdong, with the precipitation
area located in the jet’s exit region, consistent with the classical relationship between jets
and heavy precipitation.

 

Figure 5. Atmospheric circulation and moisture conditions during the extreme precipitation event
in the Beijiang River Basin (BJB) from 12 to 21 June 2022. (a) Average 200 hPa geopotential height.
(b) Average 500 hPa geopotential height. (c) Average 850 hPa specific humidity (shading, units: g/kg)
and wind field (vectors, units: m/s; Wind speeds exceeding 12 m/s are highlighted in red).
(d) Meridional-vertical cross-section along 113◦ E, showing the v-ω wind field (vector: v in m/s,
ω in 10−2 Pa/s) and horizontal divergence (shading, units: 10−6 s−1), with cumulative rain-
fall distribution (units: mm) overlaid. The purple line represents the BJB, and the black bars
indicate topography.
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Figure 6. Temporal evolution of atmospheric circulation and thermodynamic conditions dur-
ing the extreme precipitation event in the Beijiang River Basin (BJB) from 12 June to 21st, 2022.
(a) Characteristics of the 200 hPa geopotential height 1252-dagpm line, with red dots indicating the
eastern ridge point of the South Asian High (SAH). (b) Characteristics of the 500 hPa geopotential
height 588-dagpm line, with red dots indicating the western ridge point of the Western Pacific Sub-
tropical High (WPSH). Numbers within the line segments represent dates, and red lines connect
the ridge points, black contours represent pre-17 June conditions; colored contours denote post-18
June evolution. (c) Latitude–time distribution of the 500 hPa geopotential height field along 113◦ E.
(d) Latitude–time distribution of the 925 hPa horizontal wind (vectors, units: m/s) and temperature
(shading, units: K) along 113◦E, with the purple line indicating the latitudinal range of the BJB.
(e) Level–time distribution of the divergence field (shading, units: 10−7 s−1) and vertical velocity
(contours, units: 10−1 Pa/s) averaged over the BJB region.
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The terrain of the Nanling Mountains plays a crucial role in enhancing moisture con-
vergence, which subsequently increases the precipitation intensity. As moist air moves
inland, it encounters the windward slopes of the Nanling Mountains (Figure 5d). The inter-
action of this moist, low-level airflow with the mountain slopes creates an orographic effect,
causing the horizontal convergence of the airflow as it slows and accumulates at the base
of the mountains. This process forces the moist air to ascend, intensifying vertical motion.
Additionally, the combination of low-level convergence and upper-level divergence over
the mountainous region further supports uplift (Figure 5d), leading to strong convection
and increased rainfall intensity on the windward slopes. This topographic influence is thus
a key factor in amplifying precipitation during heavy rainfall events in the region.

Seasonal mean patterns provide a broader perspective on the occurrence of precip-
itation in the BJB region. However, to gain a deeper understanding of how synoptic
disturbances impact precipitation in this area, we now delve into the daily evolution of
key synoptic systems. These changes in atmospheric pressure systems can significantly
influence the pathways and strength of monsoonal airflow, thereby affecting the spatiotem-
poral distribution of precipitation. Monitoring and studying the SAH and the WPSH is
of great importance for predicting precipitation in South China. To achieve the real-time
monitoring of the activity characteristics of these key synoptic systems, the scientific com-
munity calculates indices that reflect information on system intensity and position, tracking
changes in these indices over time [32]. In operational weather forecasting, meteorologists
typically observe the characteristic contours in the 200 hPa and 500 hPa geopotential height
fields. Specifically, the 1252-dagpm line represents the SAH, while the 588-dagpm line
represents the WPSH. This approach has proven to be both simple and effective, gaining
popularity among forecasters [33].

Figure 6a,b illustrates the daily evolution of these two characteristic lines. From
12 June to 17 June, the core of the SAH moved westward. However, after 18 June, the
SAH’s center began to shift northward from the northern part of the Indian subcontinent,
gradually entering the Tibetan Plateau region. Overall, from 12 June to 21 June, the SAH’s
core underwent a transition from the northern part of the Indian subcontinent to over
the plateau. During this stage, the configuration of atmospheric systems kept the upper
atmosphere over the BJB in a state of persistent divergence (Figure 6e, shading area),
leading to continuous heavy precipitation. Previous studies have indicated that, when
the SAH’s core is positioned over the Tibetan Plateau, it usually signifies the end of the
pre-flood season in South China [34]. This finding is consistent with the gradual cessation
of precipitation in the BJB after 21 June.

The activity of the WPSH from 12 June to 21 June can be distinctly divided into
two stages ([20], also shown in Figure 6b). During the first phase, spanning from 12 June to
15 June, the WPSH underwent a notable westward extension. This extension facilitated
the convergence of cold air from the north with warm, moist air from the south over South
China (Figure 6d), thereby creating meteorological conditions favorable for frontal shear
rainstorms. In the second stage, from 17 June to 21, the WPSH began to retreat eastward.
Despite this retreat, the plateau shortwaves intensified and shifted southward (Figure 6c),
leading to an increase in low-level wind speeds due to the enhanced pressure gradient
between the trough and the WPSH (Figure 6d). This enhancement further facilitated the
transport of moisture by the SCS monsoon, directing the convergence of low-level moisture
over the BJB region (shaded area in Figure 6e). The combination of low-level convergence
with upper-level divergence created a suction effect, resulting in strong upward motion in
the middle troposphere (contours in Figure 6e). These conditions collectively contributed
to a favorable synoptic pattern conducive to precipitation in the BJB area.
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It is noteworthy that, whether in the earlier westward extension stage or the later
eastward retreat stage, the overall position of the WPSH ridge remained south of 20◦ N.
This positioning provided a continuous favorable environment for precipitation over the
BJB region. After 21 June, as the WPSH covered the entire South China region, precipitation
in the BJB tended to cease, marking the end of the precipitation events in this area and also
signaling the cessation of the DBP period.

In brief, the occurrence of flood-triggering heavy rainfall in the BJB in 2022 was
facilitated by favorable synoptic-scale, with the position of SAH and WPSH, and the
intensity of the SCS monsoon being a crucial systems leading to sustained precipitation.
Notably, the relatively southern position of the WPSH and the consistently strong intensity
of the monsoon were the primary reasons for the sustained heavy precipitation in the BJB.
However, historical extreme precipitation should not be solely viewed from the perspective
of synoptic scales. For example, the 2008 Dragon Boat Festival extreme rainfall also occurred
under favorable synoptic conditions, yet the spatial distribution of heavy rainfall differed
significantly from that in 2022 [21]. A comparison of the 2022 and 2008 events reveals
distinct differences in the intensity and position of the WPSH: in 2022, the WPSH was
positioned anomalously south and west compared to climatology, while in 2008, it was
positioned north and east. This raises critical questions: What factors maintained the
relatively southern position of the WPSH in 2022? Did signals on longer time scales also
play significant roles? These questions may require explanations from abnormal signals
on longer time scales, as large-scale signals typically constrain their smaller-scale systems.
Additionally, the 2008 event occurred under La Niña conditions, which are known to
enhance the intensity of the SCS monsoon [21]. Similarly, the 2022 extreme rainfall may
have been influenced by interannual-scale signals, which also modulate subseasonal-scale
phenomena. Therefore, the subsequent sections of this paper will focus on the pivotal role
of factors beyond synoptic scales in the extreme precipitation events in the BJB in 2022.

4.2. Influence of Subseasonal-Scale Signal Stagnation

While synoptic-scale systems directly influence short-term precipitation patterns,
subseasonal oscillations modulate the persistence and intensity of rainfall over longer
periods (>10 days). In the subseasonal time scale, a significant source of predictability
comes from intraseasonal oscillations (ISOs), particularly the eastward propagation of the
MJO on planetary scales [6,7]. Studies have shown that tropical ISOs exhibit significant
variations across different seasons [35–37], with MJO typically more active during winter
in the Northern Hemisphere and the BSISO exhibiting more complexity, including pro-
nounced northward propagation features besides eastward propagation across the Indian
and western Pacific monsoon regions [31,38]. The BSISO signal is considered one of the key
factors influencing rainfall and flooding in the Asian monsoon region [39–44]. Although
the precipitation in the BJB during the 2022 DBP period exhibits clear low-frequency charac-
teristics in multi-day sliding averages, it remains unclear whether such features correspond
to low-frequency signals in tropical regions. Figure 7 illustrates the correlation distribution
of subseasonal-scale precipitation in the BJB with the 925hPa wind field and OLR. The
regions extending from South Asia through the southern SCS to the western equatorial
Pacific exhibit convective suppression, while the southern China region (including the
BJB) exhibits a convective active area. An anomalous anticyclone exists between these two
convective activity areas. Although this circulation anomaly is similar to the synoptic-scale-
related results (Figure 4), the subsidence in the synoptic scale background mainly occurs
in the southern SCS, whereas the subseasonal-scale convective suppression is primarily
concentrated on the southern side of the SCS anomalous anticyclone near the equator.
These results indicate that with the extension of time scales, the corresponding circulation
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anomalies also expand in spatial scale, consistent with the principle of spatiotemporal
equivalence, thereby emphasizing the significant role of tropical intraseasonal oscillations
in extreme heavy rainfall processes during the DBP period.

  

Figure 7. Correlation analysis between subseasonal precipitation anomalies in the Beijiang River
Basin (BJB) during the 2022 Dragon Boat Festival period and anomalies of the 925 hPa wind field
and outgoing longwave radiation (OLR). The subseasonal anomalies represent 10–90-day filtered
signals. Colored regions indicate areas where the correlation coefficients are significant at the 95%
confidence level.

In June to July 2020, record-breaking floods struck the Meiyu Belt in China, Japan,
and Korea, which were attributed to the unusually persistent (lasting 59 days) and quasi-
stationary MJO activity over the Indian Ocean during the same period [12]. To investigate
whether intraseasonal-scale signals also played a crucial role during the extreme DBP
period in 2022, this study employed the BSISO index [31] to monitor its activity, as it is more
representative in influencing precipitation in the summer monsoon regions of Asia. Figure 8
illustrates the monitoring of the BSISO index during the 2022 DBP period. Unlike the classic
intraseasonal oscillations, both BSISO1 (representing 30–60-day oscillations) and BSISO2
(representing 10–30-day oscillations) exhibited anomalous propagation stagnation during
the 2022 DBP period (spanning 32 days). Specifically, the BSISO1 index monitoring showed
that quasi-30–60-day oscillations were in the phase 1 for 17 days, which significantly
exceeded the climatological state (~5 days per phase). The BSISO2 index monitoring
revealed that quasi-10–30-day oscillations were in the phase 5 for 23 days, also well above
the historical climatological average (~5 days per phase).

The aforementioned phase anomalies indicate that the propagation of low-frequency
oscillation signals ceased during the 2022 DBP period, a phenomenon that is also extreme
historically (see Figure 9). Compared to historical counterparts, the duration of Phase 1 for
BSISO1 and Phase 5 for BSISO2 during the 2022 DBP period reached historical extremes,
indicating that the anomalous behavior of subseasonal-scale signals during this period was
exceptionally rare in history. Furthermore, the linear trend (green line) and polynomial fit
trend (purple line) analyses reveal a notable upward trend in the frequency of these specific
phase changes in ISO. The phase anomaly changes in BSISO1 align with the findings of
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Sasikumar et al. [45], which also indicate an accelerated regeneration speed of the MJO
in the western Indian Ocean, increased residence time in the western hemisphere and
western Indian Ocean, but reduced time in the eastern Indian Ocean and eastern Pacific.
This anomaly is attributed to the local feedback of the MJO on the Indian Ocean and the
emergence of a La Niña-like mode in Pacific SST.

Figure 8. Daily evolution of the Boreal Summer Intraseasonal Oscillation (BSISO) indices during
the 2022 Dragon Boat Festival period (21 May–21 June). (a) BSISO1 index (30–60-day timescale) and
(b) BSISO2 index (10–30-day timescale).

Figure 9. Annual statistics of the duration of (a) Phase 1 for BSISO1 and (b) Phase 5 for BSISO2 during
the Dragon Boat Festival period (21 May–21 June). Blue (red) bars indicate years with durations
below (above) the historical climatology (1991–2020). The green line represents a linear regression
trend, while the purple line depicts a third-degree polynomial fit using the least squares method.
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To investigate the potential mechanisms underlying the unusual ISO events and
their modulation of extreme precipitation in the BJB, we composited anomaly maps of
OLR and low-level wind fields within the ISO frequency range in Figure 10. Convection
anomalies associated with Phase 1 of BSISO1 appear over the equatorial Indian Ocean,
accompanied by anomalous anticyclonic circulation and suppressed convection prevailing
over the Western North Pacific (WNP). This enhances the intensity of the SCS summer
monsoon, facilitating the transport of abundant warm and moist airflow from the tropical
Indian Ocean–Pacific region to East Asia. In the South China region, the convergence
of anomalous southwesterly flows leads to exceptionally active convective activity. It is
noteworthy that the composited results in Figure 10a closely resemble those in Figure 7,
once again highlighting the crucial modulating role of this phase anomaly of BSISO1 on
precipitation in the BJB at the subseasonal time scale. Circulation anomalies associated
with Phase 5 of BSISO2 manifest as anomalous anticyclonic circulation from the east of the
Philippines to the western Pacific region. While this circulation anomaly may not linearly
modulate precipitation in the BJB (as shown in Figure 7), the enhanced SCS summer
monsoon and convective activity in the SCS region, coupled with the upslope terrain of the
Nanling Mountains, still contributes to an amplifying effect on precipitation in the BJB.

Figure 10. (a,b) The composited outgoing longwave radiation (OLR) anomalies (shading: W/m2)
and 925 hPa wind anomalies (green vectors: m/s) associated with (a) Phase 1 of BSISO1 and (b)
Phase 5 of BSISO2 during the 2022 Dragon Boat Festival period. (c,d) Evolution of the indices of the
Western Pacific Subtropical High (WPSH; purple line: climatological mean, red line: 2022) for (c) the
ridgeline index and (d) the ridgepoint index.

The stagnation in the propagation of the BSISO may also indirectly impact precipitation
by modulating the activities of the WPSH. Huang et al. [46] observed that the cumulative
influence of convection within the tropical WNP ISO plays a crucial role in regulating
the meridional displacement of the WPSH. Specifically, their findings revealed that active
WNP ISO activities can stimulate a poleward-propagating Rossby wave train, promoting
a northward shift of the WPSH. To illustrate the positional changes of the WPSH during
the DBP period in 2022, we adopted the western boundary point (hereinafter referred to
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as ridgepoint) and ridge line index (hereinafter referred to as ridgeline) defined by Liu
et al. [47]. During the DBP period in 2022, the WPSH ridgeline was abnormally positioned
farther south, and its ridgepoint unusually farther west (relative to the climatic state, as
illustrated in Figure 10c,d), thereby creating conducive conditions for precipitation in the
South China. Notably, the anomalous positioning of the WPSH in 2022 could be attributed
to the suppression resulting from the cumulative influence of tropical WNP ISO convection,
which coincided with the opposite phase of the ISO described in Huang et al. [46]. In that
study, BSISO1 persisted for an extended period during phases 6–8, corresponding to an
active convective state in the WNP. Conversely, during the 2022 DBP period, BSISO1’s
phase 1 persisted for a longer duration, corresponding to a convective suppression state in
the WNP. The rapid northward shift and eastward retreat of the WPSH after the prolonged
stagnation of the ISO ended (e.g., the transition of BSISO1 from phase 1 to phases 2–3 and
BSISO2 from phase 5 to phases 6–7, after the 17th) may suggest a coupling between these
two cross-timescale signals. Of course, this hypothesis warrants further exploration to
confirm the existence of this regulatory mechanism and to investigate the potential impacts
of BSISO2’s prolonged maintenance in phase 5.

In brief, during the 2022 DBP period, the active days of BSISO1 in phase 1 (17 days)
and BSISO2 in phase 5 (23 days) were more than three times and four times the clima-
tological average (5 days), respectively. This prolonged subseasonal oscillation favored
the intensified SCS summer monsoon, potentially causing the WPSH to be abnormally
positioned farther south and west, compared to climatology, providing continuous tropical
moisture supply for prolonged rainfall in the BJB.

Notably, the abnormal propagation of BSISO observed during the 2022 DBP period
was not seen in 2008, representing a key difference between the two events. This sug-
gests that subseasonal-scale signals may play a critical role in modulating synoptic-scale
systems, such as the WPSH and SCS monsoon, thereby influencing the spatial and tempo-
ral characteristics of extreme precipitation. The stagnation of BSISO propagation during
this period may have been further modulated by interannual-scale anomalies. Specifi-
cally, the cooler-than-average SSTs in the central-eastern Pacific during the triple-peak
La Niña event likely enhanced western Pacific convection and strengthened the Walker
circulation, creating favorable conditions for BSISO phase stagnation. This interannual
modulation of subseasonal variability underscores the complex interactions across tempo-
ral scales, which played a critical role in the 2022 extreme precipitation event. Therefore, the
subsequent sections of this paper will focus on the pivotal role of interannual-scale anoma-
lies in modulating BSISO propagation and their indirect effects on extreme precipitation
in the BJB.

4.3. Indirect Effects of Rare Tri-Peak La Niña Phenomenon

On an even larger scale, interannual phenomena such as La Niña set the background
conditions for BSISO activity. Is there a connection between the extreme heavy rainfall
event in the BJB in 2022 and tropical anomalous interannual signals? According to the latest
data released by the NOAA in April 2023, SST in the central and eastern equatorial Pacific
have remained below average since the winter of 2020 (see Figure 11). The current La Niña
event began in September 2020, strengthened again in September after weakening in May
2021, and persisted until January 2023 when the La Niña event ended. The occurrence of
consecutive La Niña events over three consecutive winters is extremely rare, marking the
first occurrence of a “triple peak” La Niña phenomenon in this century.
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Figure 11. Monthly evolution of the Niño 3.4 index and the Southern Oscillation Index (SOI) from
January 2020 to April 2023. The Niño 3.4 index (line, units: ◦C) represents sea surface temperature
(SST) anomalies in the central equatorial Pacific, while the Southern Oscillation Index (SOI, bars)
reflects the atmospheric pressure difference between Tahiti and Darwin.

Interestingly, we did not find a significant concurrent correlation between La Niña-like
SST anomalies and the interannual-scale anomalies in precipitation over the BJB (Figure
omitted). Instead, significant SST signals were found in the Northeast Pacific and maritime
continental regions, consistent with the findings of Liu et al. [21], who attributed the
extreme precipitation event in 2022 to historical warm anomalies in the Northeast Pacific
and maritime continental regions. While such results indicate no direct link between the
extreme DBP in 2022 and the rare tri-peaked La Niña phenomenon, this does not rule out
the possibility of indirect effects of the interannual-scale anomaly signals. Firstly, the warm
SST anomalies in the Northeast Pacific and maritime continental regions are closely related
to the ENSO phenomenon. Secondly, anomalous ENSO signals can indirectly affect the
timing and intensity of the onset of the SCS summer monsoon, thereby influencing the
heavy rainfall in southern China [19]. Generally, in the year following a La Niña event, the
onset of the summer monsoon tends to be early. According to statistics, the onset of the
SCS summer monsoon in 2022 (12 May) was earlier than the average onset time (the fourth
pentad of May). After the monsoon onset, the warm and humid conditions in southern
China significantly improved, leading to an increase in heavy rainfall events. Additionally,
under the forcing of La Niña background SST, the enhancement of anticyclonic circulation
in the Northwest Pacific region favors interannual-scale southerly wind anomalies in the
SCS region (Figure 12), increasing the intensity of the SCS summer monsoon, thereby
contributing to the extreme precipitation during the 2022 DBP period.

 

Figure 12. Anomalies in sea surface temperature (SST) and 925 hPa wind field during the 2022
Dragon Boat Festival period (21 May–21 June). Shading represents SST anomalies (units: ◦C), while
vectors indicate 925 hPa wind anomalies (units: m/s).
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From a perspective of multiscale interactions, abnormal ENSO signals may indirectly
influence the extreme DBP in 2022 by modulating the anomalies in subseasonal-scale signals.
For instance, Pohl and Matthews [48] found that the lifespan of the MJO is significantly
shortened (extended) under warm (cold) conditions in the eastern Pacific. Wei and Ren [49]
systematically investigated the influence of different ENSO types on the propagation speed
of the MJO. Their results showed that, during El Niño, the MJO propagates rapidly and
symmetrically from the Indian Ocean to the equatorial western Pacific, whereas during
La Niña, the MJO moves slowly eastward and often takes a detour around the southern
maritime continent. Wang et al. [50] classified MJO events into four categories using a
clustering analysis method, including “non-propagating”, “jumping”, “slow-propagating”,
and “fast propagating” MJO events. Through the composite analysis of the SST anomalies
in the background fields of each type of MJO event, they found that “non-propagating” MJO
events correspond to significant La Niña-like SST anomalies, providing further evidence
that La Niña background SST conditions are unfavorable for the eastward propagation of
the MJO.

During the 2022 DBP period, the number of days with BSISO1 in the phase 1 and
BSISO2 in the phase 5 reached historical extremes (Figure 9), which may also be related to
the rare three-peak La Niña phenomenon. To reveal this possibility, Figure 13 calculates
the correlation coefficients between the summer (May to August) occurrences of BSISO1
in the phase 1 and BSISO2 in the phase 5 and the interannual SST. The figure shows that
La Niña-like SST positively contributes to the summer occurrences of BSISO1 in phase 1
and BSISO2 in phase 5. In other words, the rare three-peak La Niña phenomenon impedes
the propagation of intraseasonal oscillations, indirectly leading to sustained heavy rainfall
during the DBP period in 2022.

  

Figure 13. Annual correlation coefficients between the number of days with (a) BSISO1 in Phase 1
and (b) BSISO2 in Phase 5 during May to August (1981–2022) and concurrent sea surface temperature
(SST). Points in the figure indicate correlations that are significant at the 95% confidence level.
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5. Conclusions and Discussion

This study aims to investigate the causes of extreme precipitation events in the PRB
during the DBP period of 2022. We conducted a comprehensive analysis spanning multiple
time scales, from synoptic-scale systems to subseasonal oscillations, and even the rare triple-
peaked La Niña phenomenon of this century. We constructed a conceptual framework
summarizing the contributions of multiscale interactions to the extreme precipitation
process, revealing the complex relationships among these factors and their impacts on
extreme precipitation events in the study area (Figure 14).

Figure 14. Conceptual framework illustrating multiscale interactions contributing to extreme precipi-
tation events in the Pearl River Basin (PRB) during the 2022 Dragon Boat Festival period. This figure
summarizes the synergistic effects of interannual (e.g., triple-peak La Niña), subseasonal (e.g., BSISO
phase stagnation), and synoptic-scale (e.g., SAH, WPSH, SCS monsoon) systems on the extreme
rainfall event.

The extreme precipitation during the 2022 Dragon Boat Festival Period in the Pearl
River Basin represents a paradigm case of multiscale synergy—an aspect underexplored
in prior studies focusing on single-scale drivers [20,21]. At the synoptic scale, systems
such as SAH, the WPSH, and the SCS monsoon are the direct influencing factors leading
to precipitation. The SAH transitioned from the Indian subcontinent towards the Tibetan
Plateau, providing favorable conditions for upper-level outflow in the BJB. The dominance
of the WPSH in the eastern SCS region facilitated the opening of a low-level moisture
transport corridor. Meanwhile, the strong summer monsoon in the SCS transported mois-
ture to the northern regions of South China. This, coupled with the unique terrain of the
Nanling Mountains, led to the intense convergence and uplift of moist air on the windward
slopes. At the subseasonal scale, our analysis revealed a connection between this sustained
heavy rainfall and anomalous behavior in subseasonal oscillations, specifically, the du-
ration of BSISO1 in phase 1 and BSISO2 in phase 5 far exceeded climatological averages.
This extended duration in the specific phases of ISO, by exciting Rossby–Kelvin wave
trains [51], enhanced the intensity of the SCS summer monsoon and moisture transport at
subseasonal scales. Additionally, the Accu-ISO signals can indirectly affect the precipitation
by modulating the activity of synoptic-scale systems [46]. At the interannual scale, the
emergence of the triple-peak La Niña phenomenon was found to advance the timing and
intensify the eruption of the SCS summer monsoon, thereby augmenting the extremity of
rainfall at the interannual scale in 2022. Additionally, a La Niña-type SST distribution was
identified as impeding the propagation of ISOs, leading to specific phase anomalies and
consequently regulating the persistence of heavy rainfall.

Our study advances the field through two novel contributions:

(1) First identification of the combined impacts from a rare triple-peaked La Niña, stalled
BSISO phases, and synoptic–system interactions on South China rainfall extremes;
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(2) A new conceptual framework (Figure 14) quantifying cross-scale feedbacks between
interannual (ENSO), subseasonal (ISO), and synoptic systems.

These findings redefine operational extreme weather forecasting by emphasizing
cross-scale precursors, which have significant implications for both research and practical
applications in water resource management:

(1) Early warning potential: The co-occurrence of third-year La Niña and BSISO phase
1/5 persistence (detectable 4–6 weeks pre-event) could serve as a novel predictor for
South China rainstorms;

(2) Methodological innovation potential: The paradigm shift calls for revisiting attribu-
tion methodologies in climate science and developing scale-integrated
prediction systems.

While rooted in a regional case study, this work illuminates the universal principles of
multiscale climate interactions. The framework developed here—highlighting the synergis-
tic coupling of synoptic (e.g., SAH-WPSH dipole), subseasonal (BSISO stagnation), and
interannual (triple-peak La Niña) systems—provides a transferable toolkit for analyzing
flood extremes in other global basins (e.g., the Amazon, Ganges–Brahmaputra, and Mekong
River basins). Although the impacts of specific weather or climate systems may vary across
regions due to geographic differences, the role of multiscale interactions in driving extreme
precipitation is universally applicable. This framework not only advances our understand-
ing of compound meteorological hazards but also offers practical insights for improving
flood risk assessments and early warning systems under evolving climate conditions.

However, the complex interaction mechanisms between these multiscale factors re-
main an area of ongoing exploration. Two critical frontiers warrant further investigation:
How do synoptic-scale systems (e.g., SAH, WPSH) respond to versus drive subseasonal
anomalies such as BSISO stagnation? Resolving this causality requires advanced diagnostic
tools (e.g., vorticity budget analysis) to quantify the bidirectional feedback between scales.

While existing studies confirm climate models’ ability to simulate ENSO’s modula-
tion of monsoon systems [18] and the combined impacts of central Pacific SST anomalies
with BSISO signals on regional extremes [24,52], a pivotal challenge lies in assessing
whether current-generation models (e.g., CESM2, EC-Earth3) can replicate cross-temporal
scale synergies. Systematic sensitivity experiments—such as spectral nudging to iso-
late BSISO-scale perturbations or prescribed SST experiments to evaluate La Niña–ISO
teleconnections—could rigorously test model fidelity in capturing these interactions while
guiding physics parameterization improvements. Addressing these questions will refine
our understanding of multiscale climate dynamics and improve the spatial adaptability of
early warning systems.

Author Contributions: Conceptualization, P.R.; Methodology, N.W.; Formal analysis, J.Z.; Resources,
W.D.; Data curation, W.D.; Writing—original draft, J.Z.; Writing—review & editing, P.R.; Supervision,
N.W. and D.Z.; Funding acquisition, D.Z. All authors have read and agreed to the published version
of the manuscript.

Funding: This work was supported by the Guangdong Provincial Meteorological Bureau’s Leader
Disclosing and Taking Charge Project (GRMCGS202101); the Guangdong Meteorological Joint Fund
(2024A1515510013); the CMA Leader Disclosing and Taking Charge Project (CMAJBGS202217);
Special Fundings for Youth Innovation Teams from CMA (CMA2023QN05, CMA2024QN01); the
Science and Technology Research Project of Guangdong Meteorological Bureau (GRMC2023Q18);
and the National Natural Science Foundation of China (42075087).

Data Availability Statement: Data is contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

62



Water 2025, 17, 1013

References

1. Lin, L.X.; Wu, N.G.; Huang, Z.; Cai, A.A. Causality analysis of the infrequent Dragon-Boat Precipitation in Guangdong Province
in 2008. Meteor. Mon. 2009, 35, 43–50. (In Chinese)

2. Yao, W.G. Successful flood defense in the Pearl River Basin in 2022 with multiple measures. China Water Resour. 2022, 1–4.
3. Tang, T.Y.; Wu, C.S.; Wang, A.Y.; Hao, I.P.; Luo, H.B. An observational study of intraseasonal variations over Guangdong province

China during the rainy season of 1999. J. Trop. Meteor. 2007, 23, 683–689. (In Chinese)
4. Ji, Z.P.; Hu, L.T.; Gu, D.J.; Wu, N.G.; Liang, J. The quasi-biweekly oscillation of flood-causing tropical rain in Xijiang River region

and its atmospheric circulation models. J. Trop. Meteor. 2011, 27, 775–784. (In Chinese)
5. Cao, X.; Ren, X.J.; Yang, X.Q.; Fang, J.B. The quasi-biweekly oscillation characteristics of persistent severe rain and its general

circulation anomaly over southeast China from May to August. Acta Meteor. Sin. 2012, 70, 766–778. (In Chinese)
6. Hong, W.; Ren, X.J. Persistent heavy rainfall over South China during May–August: Subseasonal anomalies of circulation and sea

surface temperature. J. Meteor. Res. Appl. 2014, 27, 769–787. [CrossRef]
7. Zhang, L.; Wang, B.; Zeng, Q. Impact of the Madden–Julian Oscillation on Summer Rainfall in Southeast China. J. Clim. 2009, 22,

201–216.
8. Ren, H.L.; Ren, P. Impact of Madden–Julian Oscillation upon Winter Extreme Rainfall in Southern China: Observations and

Predictability in CFSv2. Atmosphere 2017, 8, 192. [CrossRef]
9. Madden, R.A.; Julian, P.R. Detection of a 40–50 Day Oscillation in the Zonal Wind in the Tropical Pacific. J. Atmos. Sci. 1971, 28,

702–708. [CrossRef]
10. Madden, R.A.; Julian, P.R. Description of Global-Scale Circulation Cells in the Tropics with a 40–50 Day Period. J. Atmos. Sci. 1972,

29, 1109–1123.
11. Wheeler, M.C.; Hendon, H.H. An all-season real-time multivariate MJO index: Development of an index for monitoring and

prediction. Mon. Weather Rev. 2004, 132, 1917–1932. [CrossRef]
12. Roxy, M.K.; Dasgupta, P.; McPhaden, M.J.; Suematsu, T.; Zhang, C.; Kim, D. Twofold expansion of the Indo-Pacific warm pool

warps the MJO life cycle. Nature 2019, 575, 647–651. [CrossRef]
13. Zhang, W.J.; Huang, Z.C.; Jiang, F.; Stuecker, M.F.; Chen, G.; Jin, F. Exceptionally persistent Madden-Julian Oscillation activity

contributes to the extreme 2020 East Asian summer monsoon rainfall. Geophys. Res. Lett. 2021, 48, e2020GL091588.
14. Wang, Y.; Ren, H.L.; Wei, Y.; Jin, F.; Ren, P.; Gao, L.; Wu, J. MJO phase swings modulate the recurring latitudinal shifts of the 2020

extreme summer-monsoon rainfall around Yangtse. J. Geophys. Res. Atmos. 2022, 6, 127.
15. Biabanaki, M.; Eslamian, S.S.; Koupai, J.A.; Cañón, J.; Boni, G.; Gheysari, M. A principal components/singular spectrum analysis

approach to ENSO and PDO influences on rainfall in western Iran. J. Hydrol. Res. 2014, 45, 250–262.
16. Huang, R.H.; Wu, Y.F. The influence of ENSO on the summer climate change in China and its mechanism. Adv. Atmos. Sci. 1989,

6, 21–32.
17. Zhang, R.H.; Sumi, A.; Kimoto, M. Impact of El Niño on the East Asian monsoon: A diagnostic study of the ’86/87 and ’91/92

events. J. Meteor. Soc. Jpn. 1996, 74, 49–62.
18. Tao, S.Y.; Zhang, Q.Y. Response of the Asian winter and summer monsoon to ENSO events. Chin. J. Atmos. Sci. 1998, 22, 399–407.

(In Chinese)
19. Wang, B.; Wu, R.G.; Fu, X.H. Pacific-East Asian teleconnection: How does ENSO affect East Asian climate? J. Clim. 2000, 13,

1517–1536.
20. Liu, M.H.; Ren, H.L.; Zhang, W.J.; Ren, P.F. Influence of super El Nino events on the frequency of spring and summer extreme

precipitation over eastern China. Acta Meteor. Sin. 2018, 76, 539–553. (In Chinese)
21. Deng, W.J.; Ren, P.F.; Zhang, D.; Sun, Y.; Wu, N.-G. An Extreme Monsoonal Heavy Rainfall Event over Inland South China in June

2022: A Synoptic Causes Analysis. J. Trop. Meteor. 2023, 29, 16–25.
22. Wang, T.; Hu, Y.M.; Pan, W.J. Climate causation analysis of the strongest Dragon-Boat precipitation in Guangdong province in

2008. Guangdong Meteor. 2008, 30, 5–7. (In Chinese)
23. Du, Y.; Chen, G. Heavy rainfall associated with double low-level jets over Southern China. Part II: Convection initiation. Mon.

Weather Rev. 2019, 147, 543–565. [CrossRef]
24. Liu, X.; Luo, Y.; Huang, L.; Zhang, D.; Guan, Z. Roles of double low-level jets in the generation of coexisting inland and coastal

heavy rainfall over south China during the pre-summer rainy season. J. Geophys. Res. Atmos. 2020, 125, e2020JD032890. [CrossRef]
25. Liu, B.; Zhu, C.; Xu, K.; Ma, S.; Lu, M.; Han, X.; Hua, L. Record-breaking pre-flood rainfall over South China in 2022: Role of

historic warming over the Northeast Pacific and Maritime Continent. Clim. Dyn. 2023, 61, 3147–3163. [CrossRef]
26. Kummerow, C.; Barnes, W.; Kozu, T.; Shiue, J.; Simpson, J. The Tropical Rainfall Measuring Mission (TRMM) Sensor Package. J.

Atmos. Ocean. 1998, 15, 809–817. [CrossRef]
27. Hou, A.Y.; Kakar, R.K.; Neeck, S.; Azarbarzin, A.A.; Kummerow, C.D.; Kojima, M.; Oki, R.; Nakamura, K.; Iguchi, T. The Global

Precipitation Measurement Mission. Bull. Am. Meteorol. Soc. 2014, 95, 701–722. [CrossRef]

63



Water 2025, 17, 1013

28. Hersbach, H.; Bell, B.; Berrisford, P.; Hirahara, S.; Horányi, A.; Muñoz-Sabater, J.; Nicolas, J.; Peubey, C.; Radu, R.; Schepers, D.;
et al. The ERA5 global reanalysis. Q. J. R. Meteorol. Soc. 2020, 146, 1999–2049. [CrossRef]

29. Liebmann, B.; Smith, C.A. Description of a Complete (Interpolated) Outgoing Longwave Radiation Dataset. Bull. Am. Meteorol.
Soc. 1996, 77, 1275–1277.

30. Reynolds, R.W.; Rayner, N.A.; Smith, T.M.; Stokes, D.C.; Wang, W. An Improved In Situ and Satellite SST Analysis for Climate. J.
Clim. 2002, 15, 1609–1625. [CrossRef]

31. Lee, J.Y.; Wang, B.; Wheeler, M.C.; Fu, X.; Waliser, D.E.; Kang, I.-S. Real-time multivariate indices for the boreal summer
intraseasonal oscillation over the Asian summer monsoon region. Clim. Dyn. 2013, 40, 493–509.

32. Liu, B.; Zhu, C.; Yuan, Y. Two interannual dominant modes of the South Asian High in May and their linkage to the tropical SST
anomalies. Clim. Dyn. 2017, 49, 2705–2720.

33. Chen, Y.; Zhai, P. Mechanisms for concurrent low-latitude circulation anomalies responsible for persistent extreme precipitation
in the Yangtze River Valley. Clim. Dyn. 2016, 47, 989–1006.

34. Sun, Z.; Zhou, H.; Peng, L.; Ni, D. Relationships between different types of South Asian high and atmospheric circulation in the
Northern Hemisphere in July. Trans. Atmos. Sci. 2016, 39, 577–588. (In Chinese)

35. Wang, B.; Rui, H. Synoptic climatology of transient tropical intraseasonal convection anomalies: 1975–1985. Meteor. Atmos. Phys.
1990, 44, 43–61. [CrossRef]

36. Madden, R.A.; Julian, P.R. Observations of the 40–50-Day Tropical Oscillation—A Review. Mon. Weather Rev. 1994, 122, 814–837.
[CrossRef]

37. Zhang, C.D.; Dong, M. Seasonality in the Madden-Julian Oscillation. J. Clim. 2004, 17, 3169–3180. [CrossRef]
38. Jiang, X.; Li, T.; Wang, B. Structures and mechanisms of the northward propagating boreal summer intraseasonal oscillation. J.

Clim. 2004, 17, 1022–1039.
39. Zhu, C.W.; Nakazawa, T.; Li, J.P.; Chen, L. The 30–60 day intraseasonal oscillation over the western North Pacific Ocean and its

impacts on summer flooding in China during 1998. Geophys. Res. Lett. 2003, 30, 1952.
40. Mao, J.; Wu, G. Intraseasonal variations of the Yangtze rainfall and its related atmospheric circulation features during the 1991

summer. Clim. Dyn. 2006, 27, 815–830. [CrossRef]
41. Yang, J.; Wang, B.; Bao, Q. Biweekly and 21–30-day variations of the subtropical summer monsoon rainfall over the lower reach

of the Yangtze River basin. J. Clim. 2010, 23, 1146–1159. [CrossRef]
42. Chen, J.; Wen, Z.; Wu, R.; Chen, Z.; Zhao, P. Influences of northward propagating 25–90-day and quasi-biweekly oscillations on

eastern China summer rainfall. Clim. Dyn. 2015, 45, 105–124. [CrossRef]
43. Hsu, P.C.; Lee, J.Y.; Ha, K.J. Influence of boreal summer intraseasonal oscillation on rainfall extremes in southern China. Int. J.

Climatol. 2016, 36, 1403–1412. [CrossRef]
44. Lee, S.; Moon, J.; Wang, B.; Kim, H.-J. Subseasonal Prediction of Extreme Precipitation over Asia: Boreal Summer Intraseasonal

Oscillation Perspective. J. Clim. 2017, 30, 2849–2865. [CrossRef]
45. Sasikumar, K.; Nath, D.; Wang, X.; Chen, W.; Yang, S. Recent enhancement and prolonged occurrence of MJO over the Indian

Ocean and their impact on Indian summer monsoon rainfall. Clim. Dyn. 2022, 59, 2585–2598. [CrossRef]
46. Huang, Z.; Zhang, W.; Geng, X.; Hsu, P.-C. Accumulated Effect of Intra-Seasonal Oscillation Convections over the Tropical

Western North Pacific on the Meridional Location of Western Pacific Subtropical High. Front. Earth Sci. 2020, 8, 579442. [CrossRef]
47. Liu, Y.; Li, W.; Ai, W.; Li, Q. Reconstruction and Application of the Monthly Western Pacific Subtropical High Indices. J. Appl.

Meteorol. Sci. 2012, 23, 414–423. (In Chinese)
48. Pohl, B.; Matthews, A.J. Observed changes in the lifetime and amplitude of the Madden-Julian Oscillation associated with

interannual ENSO sea surface temperature anomalies. J. Clim. 2007, 20, 2659–2674. [CrossRef]
49. Wei, Y.; Ren, H. Modulation of ENSO on Fast and Slow MJO Modes during Boreal Winter. J. Clim. 2019, 32, 7483–7506. [CrossRef]
50. Wang, B.; Chen, G.; Liu, F. Diversity of the Madden-Julian Oscillation. Sci. Adv. 2019, 5, eaax0220. [CrossRef]
51. Ambrizzi, T.; Hoskins, B.J.; Hsu, H.-H. Rossby wave propagation and teleconnection patterns in the austral winter. J. Atmos. Sci.

1995, 52, 3661–3672. [CrossRef]
52. Ren, P.; Ren, L.; Fu, X.; Wu, J.; Du, L. Impact of Boreal Summer Intraseasonal Oscillation on Rainfall Extremes in Southeastern

China and its Predictability in CFSv2. J. Geophys. Res. Atmos. 2018, 123, 4423–4442. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

64



Article

Intercomparison of Runoff and River Discharge Reanalysis
Datasets at the Upper Jinsha River, an Alpine River on the
Eastern Edge of the Tibetan Plateau

Shuanglong Chen 1,†, Heng Yang 2,† and Hui Zheng 3,*

1 Baihetan Hydropower Plant, China Three Gorges Corporation, Liangshan 615421, China;
chen_shuanglong@ctg.com.cn

2 Science and Technology Research Institute, China Three Gorges Corporation, Beijing 100038, China;
yang_heng2@ctg.com.cn

3 Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China
* Correspondence: hzheng_iap@outlook.com
† These authors contributed equally to this work and should be considered co-first authors.

Abstract: This study assesses the effectiveness and limitations of publicly accessible runoff
and river discharge reanalysis datasets through an intercomparison in the Upper Jinsha
River, an alpine region with substantial hydropower potential on the eastern edge of
the Tibetan Plateau. The examined datasets are the European Centre for Medium-Range
Weather Forecast Reanalysis version 5 (ERA5-Land), the Global Flood Awareness System
(GloFAS), the Global Reach-Level Flood Reanalysis (GRFR), and the China Natural Runoff
Dataset (CNRD). These datasets are created using various meteorological forcing, runoff
generation models, river routing models, and calibration methods. To determine the causes
of discrepancies, additional simulations were carried out. One simulation, driven by mete-
orological forcing similar to that of ERA5-Land and GloFAS but utilizing the uncalibrated
NoahMP land surface model at a higher spatial resolution, was included to evaluate the
effects of meteorological inputs, spatial resolution, and calibration on runoff estimation.
Runoff from all datasets was rerouted on a high-resolution river network derived from
the 3-arcsecond Multi-Error-Removed Improved-Terrain Hydrography (MERIT-Hydro)
dataset, allowing for a comparison between vector- and grid-based river routing models for
discharge estimates. The intercomparison is grounded in observations from three gauging
stations—Zhimenda, Gangtuo, and Benzilan—at monthly, daily, and hourly scales. The
results suggest that model calibration has a more significant influence on runoff and dis-
charge estimates than meteorological data. Calibrated datasets, such as GloFAS and GRFR,
perform better than others, despite variations in the forcing data. The runoff characteristics-
based calibration method used in GRFR exhibits superior performance at Zhimenda and
Benzilan. However, at Gangtuo, GRFR’s performance is unsatisfactory, highlighting the
limitation of the machine learning-based method in regions with rugged terrain and limited
observations. Vector-based river routing models demonstrate advantages over grid-based
models. GloFAS, which uses a grid-based routing model, encounters difficulties in simulta-
neously producing accurate runoff and discharge estimates. The intercomparison shows
that GRFR’s river routing is sub-optimally configured. However, when GRFR’s runoff
rerouted, the performance of discharge improves substantially, attaining a Kling–Gupta
efficiency of approximately 0.9. These findings offer valuable insights for the further devel-
opment of reanalysis datasets in this region.
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1. Introduction

The rapid growth of global- and continental-scale runoff and discharge reanalysis
datasets marks a significant advancement in hydrological research. Datasets such as the
European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis version 5
(ERA5) [1], ERA5-Land [2], the Global Flood Awareness System (GloFAS) [3,4], and the
Global Reach-Level Flood Reanalysis (GRFR) [5,6] provide continuous, spatially com-
prehensive runoff and river discharge estimates. Additionally, regional datasets like the
National Water Model (NWM) of the United States [7], the European Flood Early Warning
Systems [8], and the China Natural Runoff Dataset (CNRD) [9,10] provide runoff and
discharge estimates tailored to specific regions. These datasets have greatly improved our
understanding of river systems [11,12] and their interactions with other components of
the Earth system [13]. Furthermore, they have been instrumental in supporting decision-
making processes, particularly in the area of water resources utilization and flood protec-
tion [7,14].

Reanalysis datasets are generated through a complex chain of methodologies that
include meteorological forcing data, land surface models or hydrological models, river
routing models, river network delineations, and calibrations. The diversity among these
components can significantly influence the estimation of runoff and river discharge. Studies
have demonstrated that meteorological forcing data can differ remarkably [15,16]. The
use of different meteorological forcing data [17,18], in combination with varying model
structure [19], spatial resolutions [20–22], parameterizations [23,24], and parameters [25] of
land surface models or hydrological models, can lead to disparate estimates of runoff [26,27].
Furthermore, these differences in runoff estimation can be further amplified by the methods
employed in river routing [28–30].

The diversity in estimation methodologies necessitates careful intercomparison before
using reanalysis datasets. In the past decades, a variety of intercomparison studies have
been conducted with different objectives. Land surface model comparisons such as the
Project for Intercomparison of Land-surface Parameterization Schemes [31] and the Land
Surface, Snow and Soil Moisture Model Intercomparison Project [32], conducted with the
same meteorological forcing data, greatly help to reveal the weakness of the participant
models and the interactions of land surface processes. The Distributed Model Intercompari-
son Project [33,34] compared distributed models with lumped models. This project revealed
the superiority of distributed routing models in reproducing flood peaks and reported the
importance of calibration on distributed rainfall-runoff models. Beck et al. [27] compared
ten hydrological models at the global scale. Their results further confirm that proper
parameter calibration is vital for accurate runoff estimation. The Continental Hydrological
Intercomparison Project [35] compared two high-resolution, physics-based models at the
continental scale. The intercomparison promotes high-resolution modeling to enhance
topographic processing and to improve topographic representation over complex topog-
raphy. There are also intercomparisons with regional focuses. The Great Lakes Runoff
Intercomparison Project [29] and the Nelson Model Intercomparison Project under the
Integrated Modelling Program of Canada initiative [30] are two examples. These intercom-
parison studies aim to select the best-performing estimation methodologies for the region
and guide further improvements of operations.
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The Upper Jinsha River, the source of the Changjiang River, is notable for its steep
gradient and high hydroelectric potential. The river is located on the eastern edge of
the Tibetan Plateau. Thirteen hydroelectric facilities have been built or planned along its
main stem, collectively possessing an installed capacity of approximately 14.6 gigawatts.
The river originates from the Tibetan Plateau. The source area of the river consists of a
major part of the Sanjiangyuan National Nature Reserve, the highest and largest nature
reserve in China yet. The operations of hydroelectric facilities and natural reserves require
accurate estimation of water resources. However, the scarcity of in situ hydrometeorological
observations in the region is a notable challenge. In this context, reanalysis datasets of
runoff and discharge emerge as an indispensable data source for the area. Simultaneously,
the Upper Jinsha River’s intricate topography, high-alpine environmental conditions, and
the pressing need for accurate runoff and river discharge estimations render it an exemplary
testing ground for these reanalysis datasets.

This study intercompares runoff and river discharge reanalysis data obtained from
ERA5-Land, GloFAS, GRFR, and CNRD for the Upper Jinsha River as a pilot analysis.
The primary objective is to assess the effectiveness and limitations of the methodologies
employed in these reanalyses, providing insights to guide future improvements in runoff
and discharge estimation.

2. Materials and Methods

Figure 1 illustrates the terrain and river network of the upper Jinsha River. The study
area encompasses the region upstream of the Benzilan gauging station. The elevation
ranges from approximately 6600 m at its highest point to 2000 m at its lowest. The river
network was extracted from the Multi-Error-Removed Improved-Terrain Hydrography
(MERIT-Hydro) dataset [36,37]. MERIT-Hydro is a globally recognized dataset providing
hydrologically conditioned elevation, flow direction, and flow accumulation area data,
with a spatial resolution of 3 arcseconds. The river network was extracted using a flow
accumulation area threshold of 25 km2, resulting in 5787 river reaches.

92°E 94°E 96°E 98°E 100°E

29°N

30°N

31°N

32°N

33°N

34°N

35°N

ZMD

GT

BZL
0

1000

2000

3000

4000

5000

6000

7000

E
le
va
ti
o
n
(m

)

Figure 1. Study domain and river network of the source region of the upper Jinsha River. White
crosses mark the gauging stations: ZMD, Zhimenda; GT, Gangtuo; BZL, Benzilan.

67



Water 2025, 17, 871

2.1. Reanalysis Datasets

Table 1 presents an overview of the datasets employed in this study. ERA5-Land [2]
is an enhanced global dataset, an improvement over ERA5 [1]. This dataset features
a significant improvement in spatial resolution, increasing from ERA5’s 31 km to 0.1°
globally. A variety of land surface variables, including runoff, are simulated using the
Carbon Hydrology-Tiled ECMWF Scheme for Surface Exchanges over Land (CHTESSEL)
model [38,39], operating at an hourly temporal resolution.

Table 1. The datasets used in this study.

Dataset Time Period
Temporal

Resolution
Runoff

Resolution
River

Routing
References

Publically available datasets
ERA5-Land 1950–Present Hourly 0.10° N/A Muñoz-Sabater et al. [2]
GloFAS v4.0 1979–Present Daily 0.10° LISFLOOD Harrigan et al. [4]
GRFR v1.0 1980–2019 3-hourly 0.05° RAPID Yang et al. [5]
CNRD v1.0 1961–2018 Monthly 0.25° N/A Miao et al. [10]

Datasets produced in this study
ERA5-Land/NoahMP 2009–2016 Hourly 0.01° MC This study

The GloFAS historical reanalysis version 4.0 [3,4] is another dataset produced by
the European Centre for Medium-Range Weather Forecasts (ECMWF), with a focus on
hydrological variables. GloFAS shares the same spatial resolution of 0.1° as ERA5-Land.
It is driven by ERA5 meteorological data, which is highly similar to ERA5-Land. The
primary distinctions between GloFAS and ERA5-Land lie in the hydrological model em-
ployed, the temporal resolution, and the output variables. GloFAS utilizes the LISFLOOD
model [40] at a daily time step. Unlike ERA5-Land, the parameters of LISFLOOD are
calibrated against daily river discharge observations using an evolutionary algorithm [41].
LISFLOOD simulates both runoff and river discharge, whereas ERA5-Land provides only
runoff estimates.

The GRFR dataset [5] is a comprehensive global dataset providing runoff and river
discharge data at a 3-hourly temporal resolution. The runoff is simulated using the Vari-
able Infiltration Capacity (VIC) model [42] at a spatial resolution of 0.05°, which is driven
by precipitation data from the Multi-Source Weighted-Ensemble Precipitation (MSWEP)
dataset [43] and other meteorological variables from ERA5. The VIC model’s parameters
are calibrated [44] at each 0.05° grid cell against a machine learning-derived runoff char-
acteristics dataset produced by Beck et al. [45]. The bias in the VIC-simulated runoff is
further corrected using the same runoff characteristics dataset, following the methodology
of Lin et al. [6]. The calibrated and bias-corrected runoff data are then utilized to drive
the Routing Application for Parallel computatIon of Discharge (RAPID) river routing
model [46] for simulating river discharge. The parameters of RAPID are estimated using
a statistical relationship that correlates discharge with river width, water depth, channel
slope, and celerity [6]. The river network employed in the routing process is also derived
from the MERIT Hydro dataset [47].

The China Natural Runoff Dataset (CNRD) [9,10] comprises runoff data at a 0.25°
spatial resolution. This dataset is simulated using the VIC model, driven by the China Me-
teorological Forcing Dataset [48]. The parameters of the VIC model were calibrated against
river discharge observations from approximately 200 catchments across China and then
extrapolated to ungauged river basins using the multiscale regionalization method [49].
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As presented in Table 1, a new dataset was generated in this study for comparative
purposes. This dataset was driven by ERA5-Land meteorological data and simulated via a
distinct land surface model and river routing model. Given that the new dataset shares a
similar meteorological forcing dataset with GloFAS and ERA5-Land, this comparison can ef-
fectively isolate the impacts of model selection, spatial resolution, and calibration on runoff
and discharge estimations. The model employed in this study emulates the National Water
Model (NWM). The Noah with Multi - Parameterization (NoahMP) land surface model [50]
was utilized, operating at a spatial resolution of 0.01° from 2008 to 2016. The static parame-
ters for NoahMP are derived from the Weather Research and Forecasting geographic static
data (https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html,
accessed on 10 November 2024). The initial condition for 2008 is sourced from ERA5-Land.
The first year is allocated for model spin-up, with the simulated runoff from 2009 to 2016
used for analysis. NoahMP offers a variety of parameterization schemes for land surface
processes, and we adopted the same schemes as those used in the NWM of the United
States [7]. The runoff is routed using the variable-parameter Muskingum–Cunge (MC)
method on the river network depicted in Figure 1 to estimate river discharge. The routing
algorithm mirrors that of the NWM, assuming a trapezoidal channel cross-section. Channel
cross-section geometry and roughness parameters are sourced from the default parameter
lookup table of the NWM [51] and the Strahler stream order for each river reach within the
network. In theory, the MC routing method would outperform the kinematic wave routing
method used in GloFAS by also additionally considering diffusive wave dynamics, while
the Muskingum routing method used in GRFR would be the least performing among the
three. It is important to note that this comparison is theoretical, and actual performance
can vary significantly with model implementation and parameter settings.

2.2. River Discharge Observations

We utilized river discharge observations from three gauging stations along the main-
stream of the upper Jinsha River: Zhimenda (ZMD), Gangtuo (GT), and Benzilan (BZL),
covering the period from 2009 to 2016. Zhimenda serves as the demarcation point between
the source region of the Changjiang River and the Upper Jinsha River. All the planned
hydroelectric power stations are located on the river segment stretching between Zhimenda
and Benzilan. The inclusion of Gangtuo provides additional data coverage along the river’s
mainstream. By choosing these stations, the performance of reanalysis datasets in a region
of high hydropower potential and complex hydrological processes can be assessed. The
selection of this timeframe is justified by the minimal presence of hydroelectric facilities,
which ensures that the river discharge data are largely unaffected by human interventions.

The dataset from Zhimenda is compiled at a daily resolution. The dataset comprises
1477 records, with 49% of the days missing between 2009 and 2016. In contrast, Gangtuo
and Benzilan provide data at an hourly resolution, aaccumulating 52,246 h and 69,011 h,
respectively. The respective missing data rates for these stations are 25% for Gangtuo and
1.6% for Benzilan. Given the nature of our analysis, we have chosen not to impute the
missing values, opting instead to focus solely on the complete data records. This choice
was made with the aim of maximizing the utilization of available observations in this
region where data are scarce. Additionally, by avoiding the use of gap-filling methods, we
sought to minimize the potential biases that could be introduced, especially given that the
proportion of missing data is substantial.

To our knowledge, the daily river discharge observations at Zhimenda have been used
to calibrate GloFAS and GRFR, while the observations at Gangtuo and Benzilan have not
been incorporated into the datasets analyzed in this study.
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2.3. Evaluation Methods

As shown in Table 1, the datasets vary in spatial and temporal resolution. River
discharge estimates are not available in every dataset examined. To address these incon-
sistencies, we remapped the runoff onto a common 0.01° grid and refined both daily and
monthly values to hourly values, as depicted in Figure 2. The spatial remapping was
conducted using a first-order conservative method. For temporal refinement, we used the
fraction of hourly ERA5-Land runoff to the accumulated runoff within a day or a month
to redistribute the daily or monthly values. Subsequently, the runoff from all datasets
was routed using the same Muskingum–Cunge (MC) method, as previously described, to
estimate river discharge. For GloFAS and GRFR, which provide river discharge estimates,
we also refined the 3-hourly or daily values to hourly values using the same refinement
method as the runoff.

The river discharge estimates derived from the Muskingum–Cunge method, as well
as the temporally refined river discharge data from GRFR and GloFAS, are then compared
with the observations at the gauging stations. This evaluation is conducted across three
temporal scales—monthly, daily, and hourly—to comprehensively assess the accuracy and
consistency of the estimates with the actual observations.

The structure and parameters of the river routing model significantly influence the
river discharge estimates. To isolate the impact of river routing on these estimates, we not
only compared the model-derived river discharge with observations at gauging stations
but also aggregated the runoff above these stations for a more direct comparison. This
aggregation helps to isolate the effects of routing by focusing on the input runoff rather
than the routing process itself. The aggregated runoff is calculated by summing the runoff
within the upstream area of each gauging station. The delineation of the upstream area
was based on the flow direction data from the MERIT-Hydro dataset.
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Figure 2. Workflow of this study.

2.4. Evaluation Metrics

We employed the Kling–Gupta efficiency (KGE) [52] to assess the performance of the
reanalysis datasets. The KGE shares similarities with the commonly used mean squared
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error (MSE) and Nash–Sutcliffe efficiency (NSE). It incorporates the correlation coefficient,
the ratio of the standard deviations, and the ratio of the mean values of both the observed
and simulated data. Unlike MSE or NSE, in the KGE, these three components are combined
in an independent manner. This enables a straightforward separation of their relative
contributions to the overall metric. The KGE is formulated as follows:

KGE =1 −
√

G2
1 + G2

2 + G2
3, (1)

G1 =r − 1, (2)

G2 =
σs

σo
− 1, (3)

G3 =
μs

μo
− 1, (4)

where r is the correlation coefficient, σs and σo are the standard deviations of the simulated
and observed data, respectively, and μs and μo are the mean values of the simulated and
observed data, respectively. The KGE ranges from −∞ to 1, with a value of 1 indicating a
perfect match between the simulated and observed data. A KGE value significantly less
than 1 indicates a poor match.

The relative contribution of the three terms in the KGE can be calculated using the
following formula [52]:

gi =
G2

i
G2

1 + G2
2 + G2

3
, for i = 1, 2, 3, (5)

where g1, g2, and g3 are the relative contributions of correlation coefficient, variability, and
bias, respectively. A higher value indicates a greater contribution of the corresponding
term to the deviation of the KGE from 1.

3. Results and Discussion

3.1. Runoff

Figure 3 geographically compares the runoff estimates within the Benzilan catchment.
The five datasets fall into three categories: ERA5-Land and ERA5-Land/NoahMP; GloFAS
and GRFR; and CNRD. The first group utilizes uncalibrated land surface models, the
second group employs extensively calibrated hydrological models, and the third group fea-
tures a hydrological model with parameters that are regionalized rather than individually
calibrated. Notably, ERA5-Land, ERA5-Land/NoahMP, and GloFAS exhibit significant dif-
ferences despite similar meteorological forcing data. On the other hand, GloFAS and GRFR,
which are driven by different meteorological forcing data, show close spatial patterns. This
comparison indicates that the calibration of land surface models or hydrological models
has a profound impact on runoff estimation, more than the meteorological data.

Figure 4 intercompares the monthly variations and annual cycle of the aggregated
runoff above Zhimenda, Gangtuo, and Benzilan. Since the river flow travel time is typically
smaller than a month [53], it is generally safe to neglect the impact of river routing at
the monthly time scale. Both ERA5 and CNRD overestimate the runoff at all examined
stations, but the reasons for this overestimation differ. The overestimation in ERA5 is
consistent with previous studies, which attribute it to overestimated precipitation in high-
altitude regions [54–57]. In contrast, the overestimation of CNRD is primarily observed
in the upstream area of Zhimenda. Given that CMFD, the meteorological data that drive
CNRD, has shown closeness to in situ precipitation observations in this region [57], the
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overestimation of the CNRD runoff is likely due to less constrained hydrological model
parameters. CNRD uses parameters calibrated at gauged basins and extrapolates these
parameters to ungauged basins using multiscale regionalization functions [9,10]. The
scarcity of river discharge gauges on the Tibetan Plateau means that this extrapolation can
lead to bias.
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Figure 3. Intercomparison of the spatial distribution of multiyear averaged runoff from 2009 to 2016.
White crosses denote the gauging stations.

Figure 4. Intercomparison of the aggregated runoff at the gauging stations: (a) monthly aggregated
runoff at Zhimenda; (b) annual cycle of the aggregated runoff at Zhimenda; (c) monthly aggregated
runoff at Gangtuo; (d) annual cycle of the aggregated runoff at Gangtuo; (e) monthly aggregated
runoff at Benzilan; and (f) annual cycle of the aggregated runoff at Benzilan.
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The runoff from ERA5-Land/NoahMP exhibits two peaks, particularly in the high-
altitude regions above Zhimenda. In contrast, ERA5-Land, which utilizes the same meteo-
rological data, shows an insignificant rise in runoff during spring. The discrepancy between
ERA5-Land/NoahMP and ERA5-Land is likely due to differences in the spatial resolution
of the land surface model. The higher resolution of ERA5-Land/NoahMP allows for a
better capture of the vertical gradient of the land surface temperature. The combination of
overestimated precipitation in the ERA5-Land meteorological data and increased snowmelt
in low-altitude model grids [21] results in an artificial spring runoff peak not observed in
the actual data.

The two calibrated datasets, GloFAS and GRFR, exhibit distinct behaviors. This
difference is even evident at Zhimenda, where observations are publicly available through
the Global Runoff Data Centre and have been utilized in both datasets. The distinct
calibration approaches of the two datasets likely account for this difference. GloFAS
is calibrated against river discharge observations [41], while its runoff is not directly
calibrated. Since river discharge can be calculated by multiplying the catchment area by
runoff, different estimates of the catchment area will lead to different runoff values after
the calibration of river discharge. In contrast, GRFR’s runoff is directly calibrated against a
machine learning-derived runoff characteristics dataset [44]. The results suggest that the
calibration method employed by GRFR is highly effective, yielding the best-performing
runoff among the examined datasets.

Figure 5 presents the performance of the aggregated runoff in comparison with dis-
charge observations at the monthly time scale. ERA5-Land consistently underperforms
across all stations and time scales, corresponding to the overestimation shown in Figure 4.
CNRD also performs poorly in high-altitude areas above Gangtuo due to overestimation,
but its performance improves at Benzilan. The performance of CNRD slightly outperforms
the high-resolution ERA5-Land/NoahMP. Among the examined datasets, the two cali-
brated datasets, GloFAS and GRFR, perform the best at almost every station examined,
highlighting the importance of calibration for land surface models or hydrological models.
Notably, GRFR’s performance is exceptionally good, with a KGE above 0.8 at Zhimenda
and Benzilan. GRFR’s high performance underscores the effectiveness of the characteristics-
based calibration method. Meanwhile, GRFR shows subpar performance at Gangtuo. This
underperformance can be attributed to the underestimation of both the variability and
the long-term mean, as detailed in Section 3.2. Since both variability and the long-term
mean are the characteristics to which GRFR is calibrated, the poor performance of GRFR at
Gangtuo implies that the machine learning-derived runoff characteristics dataset does not
accurately represent the runoff characteristics at Gangtuo. This is likely because the terrain
at Gangtuo is steep, and the observations from this location were not incorporated into the
training dataset.

3.2. Streamflow

Figure 6 compares the monthly discharge estimations with observations. The patterns
generally follow the runoff pattern shown in Figure 4. The overestimation observed
in ERA5-Land and CNRD closely mirrors their runoff overestimation. The artificial
spring peak, which is also present in the ERA5-Land/NoahMP discharge, aligns with
the runoff pattern.

It is interesting to note that the GloFAS and GRFR discharge behave differently from
the runoff. Our rerouted GloFAS runoff (GloFAS-MC in Figure 6) can reproduce the
underestimated patterns observed for the runoff (Figure 4), confirming that GloFAS un-
derestimates runoff. However, the underestimation of runoff is no longer presented in the
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river discharge. GloFAS closely reproduced the observed river discharge (Figure 6). The
contradiction between the runoff underestimation and the unbiased discharge estimation
suggests that the spatial resolution of GloFAS’s routing grid plays a role. GloFAS is routed
on a 1

10 ° grid cell basis, whereas the river basins delineated in this study (as shown in
Figure 1) are based on 1

1200 ° grids. The resolution of GloFAS may be too coarse to accurately
delineate the river basins. However, this error is mitigated in the discharge due to the
calibration, and the impact is transferred to errors in the runoff.

Figure 5. Kling–Gupta efficiency of the monthly aggregated runoff: (a) the measures at Zhimenda;
(b) the measures at Gangtuo; and (c) the measures at Benzilan.

Despite the high skill of GRFR’s runoff demonstrated in Figure 4, the skill of GRFR’s
discharge is unexpectedly unsatisfactory. GRFR remarkably overestimates discharge at all
gauging stations. The overestimation is also reported in the literature [58,59]. We argue
that neither the dynamics nor the parameters of the river routing model should have such
significant impacts on monthly discharge, and that the unexpected overestimation in GRFR
is likely attributable to some inadequate configurations of the river routing model. Our
rerouted discharge (GRFR-MC) using the GRFR runoff and the Muskingum–Cunge routing
method can closely reproduce the observed discharge patterns. This confirms that the
overestimation in GRFR is not due to the runoff but rather the routing process.
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Figure 6. Same as Figure 4, but for river discharge.

Figure 7 presents the river discharge estimates compared with both daily and hourly
observations. The aggregated runoff is also displayed for comparison. The difference
between aggregated runoff and river discharge highlights the impact of river routing.
The comparison shows that river routing has a marginal impact in low flow conditions
and at the monthly time scale. The impact increases with flow rate and on shorter time
scales. Significant impacts of river routing are found on the hourly high flow estimations
at all gauging stations. This finding suggests the indispensable role of river routing in
flood forecasting.

The differences among the examined river discharge estimates are mainly exhibited
in high flow conditions. However, these differences do not vary significantly with the
time scale of the estimates (i.e., daily or hourly). The GRFR river discharge estimation
suspiciously indicates a high probability of discharge at approximately 4000 m3 s−1 at all
the examined stations, whereas such a high probability is not found in the other estimates
including GRFR-MC. This suspicious pattern is another strong indicator of inadequate
configurations within GRFR’s routing process. The GloFAS estimate can reproduce the
observed discharge probability patterns well. Our rerouted river discharge using the
GloFAS runoff and the Muskingum–Cunge method deviates from the observed pattern of
discharge probability. The discrepancy arises from the calibration of river discharge, which
compensates for imprecise river basin area estimation.
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Figure 7. Intercomparison of the probability distribution of river discharge and aggregated runoff at
the river gauging stations: (a) daily estimates at Zhimenda; (b) daily estimates at Gangtuo; (c) hourly
estimates at Gangtuo; (d) daily estimates at Benzilan; and (e) hourly estimates at Benzilan. Dotted
lines denote the aggregated runoff. Solid lines denote the river discharge estimates provided by
the examined datasets. Dashed lines denote the river discharge estimates using the runoff and the
Muskingum–Cunge routing method. Zhimenda is not shown in the hourly estimates due to the lack
of hourly observations.

Figure 8 illustrates the skill scores for the estimation of river discharge across monthly,
daily, and hourly temporal scales. At the monthly scale, the river discharge estimation’s
skill closely mirrors that of the runoff, as depicted in Figure 5. The coincidence hints that
the primary determinant of river discharge variability within the study area is the runoff
estimation, rather than the river routing process. An exception to this pattern is observed
with GloFAS, where the divergence in discharge skill scores from those of runoff is likely
due to the coarse and imprecise river routing grid employed, as previously discussed.

Among the examined dataset, GloFAS, GloFAS-MC, and GRFR-MC perform the best
at all gauging stations and across all time scales. Proper calibration of the land surface
model and the hydrological model is essential for accurate river discharge estimation.
As revealed in Figure 9, the primary reasons for the poor performance of the examined
datasets, except for GRFR-MC, are errors in reproducing the observed mean and variability
of river discharge. GRFR-MC can effectively reproduce the observed mean and variability
of river discharge. The KGE of GRFR-MC’s hourly discharge can reach a high score of
approximately 0.9 at Benzilan, which again confirms the effectiveness of the characteristics-
based calibration method. The relatively lower performance of GRFR at Gangtuo implies
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that the machine learning-based calibration method employed by GRFR needs to incor-
porate more local observations to enhance its applicability in specific regions. At all three
gauging stations, the deviation of the KGE from 1 for GRFR-MC is mainly attributed to
the correlation coefficient, which can be further improved through the calibration of the
river routing parameters. The exceptionally high skill of GRFR-MC again confirms the
effectiveness of the characteristics-based calibration method.

It is worth noting that the KGE (Figure 8) and the relative contribution within the KGE
(Figure 9) are consistent for both hourly and daily estimates. This consistency suggests
that calibration at the daily time scale could potentially be applied to the hourly time
scale. However, the relative contributions of the correlation coefficient, variability, and
bias differ between the monthly, daily, and hourly time scales, as illustrated in Figure 9.
At the monthly scale, the datasets under examination mainly exhibit differences in the
variability and bias of river discharge estimations. The correlation coefficient plays a
relatively minor role, indicating that all the examined datasets are capable of reasonably
capturing the timing of the peak discharge, as evidenced by Figure 6. In contrast, at the
daily and hourly scales, the correlation coefficient emerges as a crucial factor. This suggests
that the examined datasets face challenges in accurately reproducing the observed timing
of floods.

The KGE of river discharge is also consistent between daily and monthly estimates for
most datasets, with the exception of the high-resolution ERA5-Land/NoahMP estimation
(Figure 8). The increase in KGE from the monthly to daily time scale indicates that a
more accurate representation of the spatial distribution of runoff and river routing could
improve the temporal variations in river discharge estimates, aligning with the concept of
the time of concentration [60]. However, these findings are based on a limited number of
gauging stations and limited time periods. Further studies are needed to validate these
preliminary observations.

Figure 8. Kling–Gupta efficiency of the river discharge estimation: (a) the measures at the Zhimenda
station; (b) the measures at the Gangtuo station; and (c) the measures at the Benzilan station.
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Figure 9. Ternary plot showing the relative contribution of the correlation coefficient (g1), variability
(g2), and bias (g3) to the deviation of the Kling–Gupta efficiency of simulated river discharge from
one. The three rows of the plot represent the estimation at Zhimenda, Gangtuo, and Benzilan,
respectively. The three columns of the plot represent the results of the monthly, daily, and hourly
estimates, respectively.

4. Conclusions

This study presents a pilot intercomparison of several publicly available large-domain
reanalysis datasets of runoff and river discharge in the Upper Jinsha River basin. The
datasets under scrutiny include ERA5-Land, GloFAS, GRFR, and CNRD. To enhance the
understanding of the effects of calibration, spatial resolution, and meteorological forcing
on runoff estimation, a high-resolution runoff simulation has been incorporated into the
comparison. The runoff from the examined datasets is rerouted on a high-resolution river
network delineated from the 3-arcsecond MERIT-Hydro dataset. This rerouting aids in
identifying the impacts of different river routing models and river network delineations on
river discharge estimation. The estimated runoff and river discharge are compared with
observations at three gauging stations—Zhimenda, Gangtuo, and Benzilan—spanning
monthly, daily, and hourly time scales. The principal findings of this study are as follows:

• Among ERA5-Land, GloFAS, GRFR, and CNRD, GloFAS performs the best in river
discharge estimation. The superior performance is attributed to the extensive calibra-
tion of model parameters rather than the quality of meteorological forcing. The other
datasets, driven by similar meteorological forcing but using uncalibrated models—
including ERA5-Land and a high-resolution simulation conducted in this study—did
not perform on a par with GloFAS.
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• Despite its high skill in river discharge estimation, GloFAS’s runoff estimation is
subpar. This discrepancy is attributable to the coarse resolution of GloFAS’s routing
grid. A 0.1° grid cell resolution is insufficient to accurately delineate the catchment
area in the study region. Since river discharge is calculated by multiplying runoff by
the catchment area, errors in catchment area estimation propagate to runoff estimates
during the calibration of river discharge.

• GRFR demonstrates the best performance in runoff estimation at two out of the three
stations examined. The high performance of GRFR runoff is attributed to its runoff
characteristics-based calibration method. However, this machine learning-based
method is more sensitive to the training dataset used than the traditional method
employed by GloFAS. At Gangtuo, the station with steep terrain where observations
are not included in the training dataset, GRFR’s performance is subpar.

• GRFR’s river discharge estimation is unexpectedly poor. GRFR substantially overesti-
mates river discharge, a finding consistent with previous studies. Our study confirms
that the overestimation is due to inadequate settings in river routing. By rerouting
the discharge using GRFR runoff and the Muskingum–Cunge routing method, we
closely reproduce the observed discharge patterns, achieving the best skill among all
the examined datasets.

Given the scarcity of in situ observations in the Upper Jinsha River, reanalysis datasets
are indispensable for these regions. The findings of this study have implications for both
the utilization of existing reanalysis datasets and the future development of new ones. For
users of reanalysis datasets, the datasets investigated in this study exhibit notable variances
in the estimation of runoff and river discharge. Generally, GloFAS is found to be relatively
more reliable for estimating river discharge, while GRFR shows more promise for runoff
estimation. For users with prior modeling experience, rerouting the runoff data from GRFR
can be beneficial.

For those involved in developing reanalysis datasets, calibrating land surface and
hydrological models is a critical step in obtaining accurate runoff and river discharge
estimates. The calibration process should be carefully designed to incorporate as many
relevant observations as possible within the target region to better capture distinct runoff
characteristics, especially for machine learning-based methods. In terms of river routing
methods, the vector-based approach demonstrates advantages over the grid-based method.
The vector-based method better represents the detailed geometry of the river network and
accurately defines the catchment area, both of which are essential for achieving reliable
runoff and river discharge estimations.
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Abstract: This study introduces a time-lag-informed Random Forest (RF) framework for streamflow
time-series prediction across diverse catchments and compares its results against SWAT predictions.
We found strong evidence of RF’s better performance by adding historical flows and time-lags for
meteorological values over using only actual meteorological values. On a daily scale, RF demon-
strated robust performance (Nash–Sutcliffe efficiency [NSE] > 0.5), whereas SWAT generally yielded
unsatisfactory results (NSE < 0.5) and tended to overestimate daily streamflow by up to 27% (PBIAS).
However, SWAT provided better monthly predictions, particularly in catchments with irregular
flow patterns. Although both models faced challenges in predicting peak flows in snow-influenced
catchments, RF outperformed SWAT in an arid catchment. RF also exhibited a notable advantage over
SWAT in terms of computational efficiency. Overall, RF is a good choice for daily predictions with
limited data, whereas SWAT is preferable for monthly predictions and understanding hydrological
processes in depth.

Keywords: hydrological modeling; machine learning; process-based models; green AI; computational
efficiency

1. Introduction

Accurate and timely streamflow estimation in watersheds and water resource systems
is essential for efficient and effective water resource management [1–3]. However, the
quickly changing nature of the flow, shaped by ecohydrological and climate changes cou-
pled with human activities, poses a considerable challenge for flow prediction [2–4]. To mit-
igate this problem, several hydrological models, ranging from simple empirical models to
sophisticated process-based models, have been developed and extensively employed to ef-
fectively simulate a wide range of hydrological processes, including streamflow [5–10]. The
Soil and Water Assessment Tool (SWAT) is a widely utilized process-based eco-hydrological
model that integrates hydrological processes based on the water-balance principle [11].
Several studies have demonstrated the reliability of SWAT for accurately depicting spatial
information and efficiently modeling diverse hydrological processes across a range of
watershed scales [7,9,12,13].

Despite its widespread adoption, SWAT has faced criticism for its demanding data
requirements, which make hydrological modeling computationally expensive and chal-
lenging [10,14–16]. The inherent complexity of its process-based approach also poses
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difficulties for users with limited hydrologic expertise [2]. In addition, its heavy reliance
on detailed soil and land use information presents a significant challenge, particularly in
regions with limited data availability [14,17]. The calibration of multiple parameters in
SWAT is a complex process, and introduces uncertainties in the model’s outcomes [15] and
the potential for misleading conclusions due to equifinality, in which different parameter
sets yield similar results [18]. SWAT also has limitations in representing groundwater
systems accurately, as it lacks the ability to account for geological information and neglects
inter-basin groundwater flows [18,19]. Furthermore, its shortcomings extend to an inability
to capture non-linear flows [15] and to model hydrological processes in mid- and high-
latitude regions and arid areas [20]. However, using physics-based models such as SWAT
continues to be a crucial method for comprehending the fundamental physical mechanisms
that govern hydrological fluctuations.

In recent years, the use of machine learning (ML) techniques including the Random
Forest (RF) model [21–25], support-vector regression [21,26,27], and deep learning such as
artificial neural network [28,29], long-short-term-memory (LSTM) neural networks [30,31],
and extreme gradient-boosting neural networks [32–34], have gained significant attention
among hydrologists as alternatives to traditional process-based models [15,35]. ML meth-
ods are capable of capturing non-linear processes numerically with no knowledge of the
underlying physical processes involved [1,36–39]. Moreover, ML models can identify rela-
tionships between input and output variables, which lead to inherent errors in streamflow
estimates [2,35]. Despite the potentially time-consuming training phases, ML predictions
are faster than process-based models [35]. In addition, ML models pre-trained on data from
diverse basins can be fine-tuned for specific basins through transfer learning.

Previous studies have mainly shown that LSTM models perform very well in flow
prediction [30,31,37–40]. LSTM models can also store and regulate information over
time [41,42], making these models particularly suitable for simulating the memory effects
of different hydrological variables with short-term and long-term dependencies. However,
LSTM, as a deep learning method, is computationally quite expensive and produces results
that are not easily explainable. This is problematic because, in modeling natural processes,
explainability is essential so that model users can understand the outputs and validate
them against physical processes.

Among regression-based models, RF has gained popularity in flow prediction due
to its advantages in terms of visualization and interpretation of the model structure, as
well as its computational efficiency [43–47]. Shortridge et al. [46] showed that RF can
also outperform artificial neural networks but pointed out that model predictions have
too-high uncertainty under extreme weather conditions. Tongal and Booij [47] observed
good performance of RF in predicting streamflow for four rivers in the United States.
Similarly, Fernández-Delgado et al. [48] compared 179 learning models from 17 fami-
lies using 121 classification datasets, and found that RF performed best in terms of its
error magnitude.

Despite its notable strengths, RF lacks the inherent capability to consider ordered
sequences or the time-dependent structure of data, which poses challenges in time-series
forecasting [49,50]. Unlike other ML or deep learning models, such as LSTM, which capture
long-term dependencies and complex patterns in hydrological time series [37,51], RF has a
limited ability to capture temporal dependencies.

Our study aimed to overcome these limitations of RF by incorporating covariates that
explicitly account for temporal dependencies into the RF model. We introduced time lags,
rolling aggregates, and calendar-based variables like day and month of the year, which
allow the model to capture relevant temporal patterns and seasonal variations in the data.
These modifications aimed to improve the predictive power of RF in time-series-based
streamflow forecasting by simulating the temporal awareness inherent in models such as
LSTM. In addition, we aimed to compare the performance of RF with SWAT more rigorously.
Previous comparisons have mainly centered around aspects like forecasting sediment yield
and soil erosion [15,52,53], evaluating aquatic ecosystems [54], and assessing the impact
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of climate change on stream ecology [55]. This highlights the need for a comparison that
specifically addresses streamflow prediction. Moreover, previous studies that compared
SWAT and RF models for streamflow prediction were often restricted to catchments with
similar climates and topographic conditions, and typically focused on daily or monthly time
scales. Therefore, the second aim of this study was to compare the predictive capabilities
of RF and SWAT in simulating streamflow on daily and monthly time steps across four
catchments with very different climatic and topographic conditions.

Specifically, our study answered the following research questions: (1) How can RF’s
limitations in handling time-series data be addressed? (2) How well does the time-lag-
adjusted RF perform compared to the process-based model SWAT among different catch-
ments? (3) Which model is more computationally efficient? The last research question
is particularly relevant in light of efforts to reduce the carbon footprint of AI to achieve
“green AI” [56,57].

2. Study Areas

We used four study catchments with different sizes, land use, topography, and climatic
conditions as our study areas: Argos (Spain), Porijõgi (Estonia), Rib (Ethiopia), and Bald
Eagle (USA) (Figure 1).

Figure 1. Locations of the study areas.

85



Water 2024, 16, 2805

The Argos catchment, covering an area of 448 km2, is situated in southeastern Spain at
elevations ranging from 408 to 1698 m above sea level (m a.s.l.). The catchment primarily
comprises calcic Xerosols, although a range of soil types can be found [58]. The catchment
is characterized by a semi-arid climate with mean annual precipitation between 345 and
440 mm, and an average monthly temperature that typically ranges from 11 to 16 ◦C [58].

The Porijõgi catchment, situated in southern Estonia, spans an area of 235 km2 at
elevations ranging from 32 to 188 m a.s.l. Agriculture and forests account for 45 and 49% of
the total area, respectively [59]. The predominant upland soils are podzoluvisols, planosols,
and podzols with loamy sand or fine sandy loam texture and a surface soil organic matter
content of 1.6 to 1.9% (Kmoch et al., 2021). The mean annual precipitation and temperature
are 678 mm and 6.4 ◦C, respectively [60].

The Rib catchment, spanning 1293 km2, is situated in the northwestern Ethiopian
highlands, with an elevation range of 1799 to 4096 m a.s.l. The dominant land use is
cropland, accounting for more than 85% of the area [61]. The catchment contains various
soil types, including Luvisols, Vertisols, Leptosols, and Regosols, which cover more than
80% of the land [62]. The mean annual precipitation and temperature are 1502 mm and
15.6 ◦C, respectively [63].

The Bald Eagle–Spring Creek catchment (1446 km2) lies in Pennsylvania State, USA,
spanning Center and Clinton counties. Its elevation ranges between 175 and 756 m a.s.l,
and the physiographic province comprises valley, ridge, and Appalachian plateau topog-
raphy. To simplify the modeling, we restricted the catchment boundary to the sub-basin,
including the streamflow gauge location farthest downstream. Loam and fine loam soils
are predominant, and the catchment experiences an average annual precipitation of around
1000 mm and a mean annual temperature of approximately 10 ◦C [64].

3. Materials and Methods

3.1. RF Model

RF is a supervised ensemble-learning algorithm that consists of many regression
trees that together form the “forest” [65]. RF uses a set of observed input training data to
predict the mean of the decision-tree ensemble for new input data [45]. The model mini-
mizes over-fitting and statistical uncertainty by using the bootstrap aggregation (bagging)
technique to build many decision trees by randomly sampling the observed dataset with
replacement [47,66]. As a result, the trees have low bias and high variance, which leads to
a more robust overall model after averaging the predictions of the individual regression
trees [67,68].

We developed six RF models for each watershed (three for daily and three for monthly
flow prediction) using different combinations of predictors. The predictor variables (fea-
tures) we utilized were derived from datasets containing daily precipitation, streamflow,
maximum temperature, and minimum temperature (Table 1). Unlike deep learning meth-
ods such as LSTM, RF generally has no internal concept to model or to explain ordered
data sequences, such as time steps. One way to model temporal dependencies in time
series, such as the sequence of streamflow days and weeks before a focal time, is to create
these explicitly as individual covariates. Here, we employed various time lags, rolling
aggregates of previous observations, and numeric representations of the day or month of
the year alongside the actual measurement value at each time step to let RF learn the time
sequences and improve its predictive capabilities. In the context of our RF model, a time lag
refers to using past measurements of predictor variables (precipitation, temperature, and
streamflow) from previous days or months to predict future streamflow. Rolling aggregates
refer to using summary statistics (mean, maximum, and minimum) of variables over a
certain period of time (e.g., 7 days or 3 months) as additional predictors. Day and month of
the year represent the calendar time at which a particular measurement was recorded.

For daily prediction, we focused on time lags of 1 to 7 days, with a 1-day lead time,
following Rasouli et al.’s [69] recommendation that shorter lead times are more effective
for local observation-based predictors. For monthly prediction, we extended the time
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lag window to 12 months with a 1-month lead time to capture longer-term patterns and
dependencies (Figure 2). We also used rolling aggregates as predictor variables, encom-
passing the previous 7 to 28 days with a 7-day gap for daily steps, and 3 to 12 months
with a 3-month gap for monthly steps. Consequently, we created different feature sets
(predictor combinations), which resulted in three daily models (DM1, DM2, and DM3) and
three monthly models (MM1, MM2, and MM3). Streamflow was not used as a predictor in
DM1 and MM1. The precipitation and temperature were excluded from DM2 and MM2.
Finally, DM3 and MM3 used all predictors from DM1 and MM1, respectively, while also
including the streamflow measurement for the corresponding day or month. We allocated
the observed streamflow data into two datasets: 50% for model development (training)
and 50% for model evaluation (testing). The number of trees used to train each of the RF
models was set to 100. The RF models were built using the Scikit-learn Python package
version 1.5.2 [70].

 

Figure 2. Overview of the three daily and three monthly Random Forest models with different
feature sets. Abbreviations: DM1, DM2, and DM3, RF models at a daily time step; DOY, numeric
day of the year; i, lag days or months; MM1, MM2, and MM3, Random Forest models at a monthly
time step; MOY, numeric month of the year; Pcpd, average precipitation on day d; Pcpm, average
precipitation in month m; Qd, average streamflow on day d; Qd+1, streamflow prediction for the next
day; Qm, average streamflow in month m; Qm+1, streamflow prediction for the next month; Tmaxd

and Tmind, maximum and minimum air temperature on day d; Tmaxm and Tminm, maximum and
minimum air temperature in month m.

3.2. SWAT Model

SWAT is a hydrological model that operates at different time steps and regulates the
hydrological processes in a catchment to quantify their rate of change [11]. The model
uses a water-balance equation that includes factors such as precipitation, surface runoff,
percolation, evapotranspiration, lateral flow, and baseflow [71]. The model requires input
data such as a digital elevation model (DEM), soil, land use, and hydro-climatic data. We
used the same global land use, soil, and DEM data sources for all catchments (Table 1).
These environmental factors greatly influence SWAT’s performance by affecting hydro-
logical processes such as evapotranspiration, runoff, infiltration, and nutrient dynamics,
which in turn enhance its simulation accuracy across different conditions (refer to [72] for
detailed insights on their impact and spatial variability within the studied watershed). We
obtained the daily hydro-meteorological data records (streamflow, precipitation, maximum
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temperature, and minimum temperature; Figure S1) from the hydro-meteorological service
centers of the studied countries. We used the QSWAT3 interface [73] with QGIS 3.16 to
build one model for each catchment. We simulated the models at daily and monthly time
steps and calibrated and validated the models using the SUFI-2 method in the SWAT-CUP
software version 5.1.3 [74]. Hereafter, we will use the terms “training” and “testing” to
refer to the calibration and validation phases of SWAT to maintain consistency with the
RF model nomenclature. For all catchments, we utilized the same period of 14 years, with
the initial 2 years designated for model warmup and the remaining years evenly divided
between training and testing phases (Tables S1 and S2).

Table 1. Summary of the data used in this study. Abbreviations: DEM, digital elevation model; ESA,
European Space Agency.

Dataset Description Sources

Elevation data AW3D30 DEM at 30 m spatial resolution, released
in 2022 JAXA [75]

Landcover map ESA land cover data for 2020 at 10 m spatial resolution Zanaga et al. [76]

Soil map Harmonized World Soil Database v1.2 for 2008 at 1 km
spatial resolution Fischer et al. [77]

Hydro-meteorological data Daily streamflow, precipitation, maximum temperature,
and minimum temperature

Hydro-meteorological service centers
of the studied countries

3.3. Model Evaluation Metrics

We assessed the predictive capacity of the models using three metrics: the Nash–
Sutcliffe efficiency coefficient (NSE) [78], normalized root-mean-squared errors (NRMSE),
and percentage of bias (PBIAS) [79] (Table 2). NSE measures the agreement between
observed and predicted values, with a perfect fit indicated by a value of 1 and a value
exceeding 0.5 considered acceptable [80]. NRMSE offers a standardized measure of accuracy
by normalizing the error and accounting for data variability. We selected NRMSE over
RMSE to facilitate comparisons across different catchments (i.e., catchments with varying
ranges of parameter values). PBIAS quantifies the average tendency of simulated data
to deviate from observed data, and expresses the extent of over- or underestimation as a
percentage [81].

Table 2. Statistical metrics used for performance evaluation of the Soil and Water Assessment Tool
(SWAT) and Random Forest (RF) models. O and P refer to the observed and predicted (simulated)
streamflow, respectively; Ō refers to the mean observed streamflow, and n is the number of observa-
tions. Abbreviations: NRMSE, normalized root-mean-squared error; NSE, Nash–Sutcliffe efficiency;
PBIAS, percentage of bias.

Metric Equations Range
Performance Rating a

Very Good Good Satisfactory Unsatisfactory

NSE
n
∑

i=1
(Oi−Pi)

2

n
∑

i=1
(Pi−O)

2

−∞ to 1.0 0.75 < NSE < 1.00 0.65 < NSE < 0.75 0.50 < NSE < 0.65 NSE < 0.50

PBIAS
(

∑n
i=1(Pi−Oi)

∑n
i=1 Oi

)
× 100 −∞ to ∞ PBIAS < ±10 ±10 < PBIAS < ±15 ±15 < PBIAS < ±25 PBIAS > ±25

NRMSE 100 × 1
O

√
1
n

n
∑

i=1
(Oi − Pi)

2 0 to 1

Note: a Adapted from Moriasi et al. [80] for the monthly time step.

The results were visualized using boxplots, Taylor diagrams, and hydrographs. The
Taylor diagram [82] provides a visual representation that effectively illustrates the proximity
between predicted values and observed data based on key metrics such as Pearson’s corre-
lation coefficient, centered root-mean-squared errors (CRMSE), and standard deviations.
Figure 3 illustrates the workflow we applied to compare and evaluate the performance of

88



Water 2024, 16, 2805

the SWAT and RF models. In addition, the most important predictors for the RF models
were detected using the SHapley Additive exPlanations (SHAP) explainable AI method [83].
SHAP values indicate how much (i.e., m3 s−1) and in which direction (i.e., increase or
decrease in streamflow) each predictor contributes to the model’s prediction, with more
important predictors accounting for more variance in the predictions.

Figure 3. Workflow used to compare the performance of SWAT and RF models. Abbreviations: DEM,
digital elevation model; NRMSE, normalized root-mean-square error; NSE, Nash–Sutcliffe efficiency
coefficient; PBIAS, percentage of bias; RF, Random Forest; SWAT, Soil and Water Assessment Tool;
TD, Taylor diagram.

4. Results

4.1. Performance of RF

There were differences in RF performance between catchments. Of the three daily
RF models, DM2 and DM3 generally achieved satisfactory performance on a daily time
step (NSE > 0.5), except for the Argos catchment (NSE < 0.25; Figure 4A). However, when
streamflow was excluded as a predictor (model DM1), the model failed to accurately predict
daily flows in all catchments (NSE < 0), except for Rib (NSE = 0.81). For monthly predictions,
all RF models exhibited poor performance during the testing period (NSE < 0.4) in all
catchments, except for Rib (NSE > 0.75) (Figure 4B). All RF models generally performed
well in the Rib catchment at both temporal steps. For Argos, all monthly RF models
outperformed the daily models. Overall, when the streamflow is considered as a predictor
(MM2 and MM3), RF exhibited better performance on a daily step than on a monthly step
in most cases. Flow (Q) consistently emerged as the main predictor in all catchments for
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daily predictions (DM3 model; Figure S2) and, in most cases, for monthly predictions (MM3
model; Figure S3), highlighting its strong influence on the model’s predictions.

Figure 4. Nash–Sutcliffe efficiency (NSE) for the (A) daily and (B) monthly streamflow predictions
(during the testing period) for the Random Forest models.

4.2. Performance of SWAT

The global sensitivity analysis for streamflow calibrations with SWAT revealed that
among the sensitive parameters identified, the Curve Number (r_CN2) exhibited the
highest statistically significant sensitivity across all catchments (Table 3). In addition, the
parameters associated with groundwater (v_GWQMN, v_ALPHA_BF, v_RCHRG_DP),
soil properties (r_SOL_BD), and slope steepness (v_HRU_SLP) exhibited a statistically
significant sensitivity in most catchments. In the Rib catchment, a substantial reduction
(36%) in the fitted value of r_CN2 was observed, but there was an increase in the value of
v_HRU_SLP (0.42 m/m). The forested catchments (Porijõgi and Bald Eagle) had a higher
soil evaporation compensation factor (v_ESCO) than the other catchments. Furthermore,
in the Argos and Rib catchments, the fitted values of v_GW_DELAY were much higher
than the values in the other catchment and indicated a significant time delay (>400 days)
between the water leaving the soil profile and it entering the shallow aquifer.
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Table 3. Sensitivity analysis results for parameters that were commonly sensitive across all catchments
during the training period on a monthly time step. Parameters (r = relative change to the initial
value (i.e., multiplication of the existing value by [1 + given value]), v = replacement of the actual
value by a given value: CN2, Soil Conservation Service (SCS) runoff curve number; SOL_BD, moist
soil bulk density (g/cm3); GW_DELAY, groundwater delay (days); RCHRG_DP, recharge to the
deep aquifer; GWQMN, depth of water for return flow (mm); GW_REVAP, groundwater “revap”
coefficient; ALPHA_BF, baseflow alpha factor for the recession constant (days); HRU_SLP, average
slope steepness (m/m); ESCO, soil evaporation compensation factor; CH_N2, Manning coefficient
for main channel; CH_K1, effective hydraulic conductivity in tributary channel alluvium (mm/h).
*, significant at p < 0.05.

Parameter
Argos Porijõgi Rib Bald Eagle

Rank Fitted Value Rank Fitted Value Rank Fitted Value Rank Fitted Value

r_CN2 1 * 0.01 1 * 0.04 1 * −0.36 1 * −0.12
r_SOL_BD 11 −0.03 2 * −0.02 2 * −0.10 10 * −0.03
v_GW_DELAY 2 * 476 4 287 8 417 4 * 137
v_RCHRG_DP 3 * 0.15 7 * 0.44 7 * −0.78 3 * 0.40
v_GWQMN 5 * 2686 3 * 3086 4 * 2539 2 * 2268
v_GW_REVAP 6 * −0.03 5 0.24 5 * 0.18 6 * 0.22
v_ALPHA_BF 9 0.51 6 0.88 6 −0.34 5 0.58
v_HRU_SLP 7 * 0.15 11 0.00 3 * 0.42 7 * 0.27
v_ESCO 8 * 0.10 8 * 0.52 11 0.13 11 0.45
v_CH_N2 10 0.13 10 * 0.33 9 * 0.14 9 0.01
v_CH_K2 4 144 9 * 164 10 * 63.7 8 208

During the testing period, the performance of SWAT for daily predictions was gener-
ally unsatisfactory (NSE < 0.5), except in the Rib catchment (NSE = 0.86) (Table 4). Most
catchments (except Argos) also experienced overestimation of the daily streamflow predic-
tion (positive PBIAS values) and significant discrepancies between predicted and measured
values, resulting in larger prediction errors (NRMSE > 5%). However, SWAT generally
exhibited good performance for monthly predictions. Based on the criteria of Moriasi et al.
(2007), the model achieved satisfactory or better performance (NSE > 0.5) in most cases,
except for Argos and Bald Eagle during the testing period (NSE < 0.5) (Table 5). However,
the Argos and Porijõgi catchments exhibited significant prediction errors on the monthly
time step, particularly during testing (NRMSE > 18%, except for Rib). SWAT showed
a general tendency to underestimate peak flows and overestimate base flows across all
catchments on both daily and monthly steps.

Table 4. Statistical summary of daily streamflow prediction performance across catchments using
the Soil and Water Assessment Tool (SWAT) model and the Random Forest (RF) DM3 model. Ab-
breviations: NRMSE, normalized root-mean-square error; NSE, Nash–Sutcliffe efficiency; PBIAS,
percentage of bias.

Catchment Metric
SWAT RF

Training Testing Training Testing

Argos NSE 0.18 0.10 0.90 0.24
NRMSE 4.42 4.76 1.46 4.94
PBIAS −7.6 −4.7 0.2 −2.7

Porijõgi NSE 0.72 0.44 0.99 0.85
NRMSE 5.36 6.66 0.95 2.07
PBIAS 22.6 3.18 −0.1 1.9

Rib NSE 0.78 0.86 0.98 0.88
NRMSE 11.04 8.07 2.38 6.17
PBIAS 12.1 2.02 0.6 4.5

Bald Eagle NSE 0.55 0.33 0.93 0.51
NRMSE 2.68 8.98 0.99 2.32
PBIAS 15.2 27.4 −4.9 −2.5
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Table 5. Statistical summary of monthly streamflow prediction performance across catchments
using the Soil and Water Assessment Tool (SWAT) model and Random Forest (RF) MM3 model.
Abbreviations: NRMSE, normalized root-mean-square error; NSE, Nash–Sutcliffe efficiency.

Catchment Metric
SWAT RF

Training Testing Training Testing

Argos NSE 0.51 0.26 0.93 0.38
NRMSE 18.15 21.14 5.0 16.25

Porijõgi NSE 0.82 0.51 0.9 0.05
NRMSE 7.65 18.2 5.75 9.89

Rib NSE 0.88 0.95 0.97 0.88
NRMSE 9.54 6.37 4.5 8.88

Bald Eagle NSE 0.58 0.34 0.88 0.31
NRMSE 14.49 18.11 6.89 16.74

4.3. Comparing the Performance of RF and SWAT

To compare RF with SWAT, we focused on the daily DM3 model and the monthly
MM3 model, which included all predictors and were the best-performing RF models.
For daily predictions, RF outperformed SWAT, with higher correlation coefficients and
lower CRMSE values between the observed and modeled values across all catchments
in both the training and testing periods (Figure 5). SWAT’s predictions on a daily time
step generally displayed lower correlations and larger deviations from the observed data,
indicating a greater difference between actual and predicted flows. Moreover, daily RF
generally demonstrated strong performance based on the other statistical metrics (NSE > 0.5,
NRMSE < 7%, PBIAS ≤ ±5; Table 4). In most cases, SWAT tended to overestimate the
daily streamflow, especially for Bald Eagle during testing (PBIAS = 27.4%) and Porijõgi
during training (PBIAS = 22.6%). Conversely, RF provided more reasonable predictions,
with only slight over- or underestimation in a few cases. This trend was further supported
by visual analysis of the hydrographs (Figure 6), where the RF model demonstrated better
performance in capturing both peak- and base-flow levels.

For the monthly predictions, SWAT outperformed RF, particularly in catchments with
irregular flow regimes (Figure 7). The SWAT and RF models both achieved satisfactory or
better performance during training in all catchments (NSE > 0.5). However, RF struggled
to maintain acceptable performance during testing, especially for Porijõgi (NSE = 0.05;
Table 5). The monthly predictions showed higher NRMSE values than the daily predictions
across all catchments except Rib. However, the monthly prediction for Rib exhibited the
lowest NRMSE values compared to the monthly and daily predictions in other catchments.
For Argos (the arid catchment), RF generally outperformed SWAT in terms of all metrics
and in the visual analysis for both temporal steps.

4.4. Computational Efficiency

We evaluated the computational efficiency of SWAT and RF by measuring the total time
required to complete a simulation. On a single-core Windows computer with a 3.60 GHz
processor and 64 GB of RAM, the average time needed for a single simulation in SWAT ranged
between 78 s (on a monthly time step) to 90 s (on a daily time step). Achieving satisfactory
NSE values in SWAT demanded a considerable amount of time: 10 to 14 iterations, each
requiring 1500 to 2000 simulations. The time needed for SWAT simulations, therefore, ranged
from approximately 72 h for Porijõgi on a monthly time step to approximately 241 h for Bald
Eagle on a daily time step (Figure S4A). In contrast, the RF models exhibited remarkable
computational efficiency compared to SWAT. With a maximum training time of less than 12 s
for the daily time step (Figure S4B), testing RF on both daily and monthly time steps required
less than 12 s. It is essential to highlight that our comparison primarily focused on the training
and testing phases of the models; nevertheless, developing a fully functional SWAT model
demanded considerable overall time.
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Figure 5. Taylor diagrams for comparison of the observed daily streamflow and the predictions by
the Random Forest (RF) DM3 model and the Soil and Water Assessment Tool (SWAT) model across
catchments. The “observed” data points (purple) are the reference values for evaluating the model
predictions. The black dashed line corresponds to the standard deviation of the observed data. The
golden contour lines indicate the values of the centered root-mean-squared errors (CRMSE). Perfect
alignment between the observed and predicted values at the “observed” data point suggests a strong
correlation, with no error (zero CRMSE) and similar variability (a similar standard deviation).
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Figure 6. Hydrographs for comparison of the observed daily streamflow to the predictions of the
Random Forest (RF) DM3 model and the Soil and Water Assessment Tool (SWAT) model for the
(A) Argos, (B) Porijõgi, (C) Rib, and (D) Bald Eaglecatchments.
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Figure 7. Hydrographs for comparison of the observed monthly streamflow and the predictions by
the Random Forest (RF) MM3 model and the Soil and Water Assessment Tool (SWAT) model in the
(A) Argos, (B) Porijõgi, (C) Rib, and (D) Bald Eagle catchments.

5. Discussion

5.1. Temporal Considerations and Feature Engineering for RF Models

Our investigation of the performance of RF revealed significant differences that de-
pended on the combination of predictors employed. Sole reliance on precipitation and
temperature proved insufficient for precise streamflow predictions, which is likely to be
attributable to the existence of non-linear relationships and a weak correlation between
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meteorological variables and streamflow [47]. However, we observed a notable improve-
ment in prediction accuracy when incorporating historical flow values as inputs. This
improvement can be ascribed to the influence of prior observations, which facilitate and im-
prove utilization of historical patterns and permit more effective management of temporal
dependencies [15,45,47,84]. Moreover, our results suggest that RF models that incorporate
time-lag information as inputs performed better than models without lag information. This
could be associated with the complex and lagged relationship between streamflow and
meteorological variables [47,85], which is influenced by factors such as variable soil types,
land cover and use types, and geological characteristics [85,86]. As a result, integrating
the lagged information into predictions supports a more thorough comprehension of the
temporal dynamics of streamflow and a more accurate representation of the interplay
between meteorological factors and streamflow processes.

The selection of optimal time lags as predictors significantly influence the accuracy of
streamflow predictions [28,47,87]. Conversely, including inefficient or redundant lags may
lead to the development of poor or overly complex models [28]. Our analysis indicates
that time lags ranging from 1 to 7 days for daily predictions and 1 to 3 months for monthly
predictions result in satisfactory model performance. This suggests that shorter time lags
effectively capture relevant patterns and dependencies in the data, which agrees with
previous findings that historical data with longer intervals, significantly exceeding 60 days,
do not yield notable improvements [85,88]. However, it is essential to note that the ideal
lag periods for hydrological variables may differ among sub-basins of a catchment [85].

5.2. Comparison of RF and SWAT

RF outperformed SWAT in daily predictions, whereas SWAT was more accurate for
monthly predictions, particularly in catchments with irregular flow patterns. This observa-
tion agrees with Jimeno-Sáez et al.’s [15] findings, and highlights the better performance of
ML models, including RF, over SWAT for daily hydrological predictions. RF has exhibited
robust performance, even at shorter temporal scales such as hourly scales, as has been
indicated in multiple studies [89,90]. This suggests that ML can effectively capture the
characteristics of complex hydrological systems [8,15,91]. RF’s ensemble learning, which in-
corporates multiple decision trees, enhances its ability to recognize patterns under extreme
flow conditions, thereby improving its accuracy in capturing both peak events and baseflow
dynamics, which is critical for flood forecasting and water resource management [45,92].
Akbarian et al. [93] and Ferreira et al. [94] also confirmed RF’s better performance in high-
flow basins. RF’s feature importance analysis based on SHAP values also aids in identifying
key variables that influence streamflow, thereby contributing to a better understanding of
hydrological processes than with process-based models [91].

SWAT encountered challenges in accurately predicting daily streamflow, particularly
in capturing peak and base flows, whereas RF exhibited better performance for these
characteristics. The more dispersed the data points, the worse the SWAT model’s perfor-
mance [15,95]. This might be associated with the fact that SWAT was initially designed
for long-term analyses and is more suitable for monthly or longer time scales [11], thereby
providing weaker capability at handling event-based simulations, such as flash floods and
peak flows [96]. The uncertainties introduced by daily data, including measurement errors
and missing values, pose challenges to SWAT’s reliability in model calibration. Additionally,
simulating hydrological processes on a daily time step demands complex parameteriza-
tion and calibration, which further complicates SWAT’s performance in such scenarios.
However, SWAT demonstrated better performance on a monthly time step than its own
daily predictions and the monthly predictions of RF. This aligns with other findings that
highlight the enhanced efficacy of SWAT at lower temporal resolutions, such as an annual
time step [91]. Monthly data, which are more reliable and have fewer gaps, improves
the model’s performance by reducing uncertainties associated with measurement errors.
In addition, our findings indicated that SWAT demonstrated a more robust capability in
catchments with irregular flow patterns, which results from SWAT’s ability to incorporate
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hydrological processes explicitly, monitor the catchment’s water budget, and effectively
represent dynamic changes within the system [11]. Given its ability to operate without
direct input from observed streamflow data, SWAT remains a valuable model, particularly
in basins with limited streamflow data [15].

Hydrological modeling in arid and semi-arid regions poses a formidable challenge
that can be attributed to water scarcity, irregular precipitation, and complex hydrological in-
teractions [97,98]. In the arid (Argos) catchment that we studied, the SWAT and RF models
both exhibited poorer performance than in wetter catchments, with RF consistently out-
performing SWAT across metrics and temporal steps. Argos’s hydrogeological complexity,
influenced by ground and surface water flows, presents challenges for effective model-
ing [58]; RF’s advantage lies in managing non-linear relationships and adapting to spatial
and temporal variability, which is especially beneficial for predicting streamflow in condi-
tions with extended droughts or with flash floods. With only one hydro-meteorological
station, Argos highlights the challenge of limited climate data, a situation in which RF
excels compared to the data-intensive SWAT [99].

Hydrological models also face challenges in catchments influenced by snow, resulting
in variable performance [45,98]. Both SWAT and RF showed diminished performance in
predicting peak flows in the snow-influenced Porijõgi and Bald Eagle catchments. Winter
precipitation as snow introduces complexities in hydrological processes, particularly the
intricate freeze–thaw dynamics, which affect soil moisture, groundwater, and overall model
predictions [100]. RF’s inability to directly account for snow retention adds to its chal-
lenges in capturing snow-related hydrological processes [45]. SWAT’s poor performance in
snow-dominated catchments can be attributed to difficulties in modeling snow dynamics,
insufficient parameterization, and constraints in capturing spatial and temporal variations.
Improving parameter tuning, representing snow-related processes, and enhancing data
quality may enhance model accuracy in snow-dominated catchments.

RF greatly outperforms SWAT in computational efficiency during both training and
testing. Creating a fully functional SWAT model demands substantial time due to the
intricate workflow, including data preparation, model setup, and the training and testing
processes [101]. SWAT’s computational intensity increases notably with larger scales and
high-resolution data, and this is amplified by iterative procedures [102]. In contrast, RF’s
streamlined model structure results in efficiency across feature selection, engineering,
training, and testing. Overall, our findings show that with significantly less modeling
effort and resources, RF still performs better than SWAT in daily streamflow prediction.
Nonetheless, for monthly predictions, especially in catchments with irregular flow patterns,
SWAT may be a preferred option. SWAT considers numerous parameters in its flow
simulation, making it the preferred choice for studies that analyze the influence of diverse
parameters on flow simulation and conduct more in-depth investigations of hydrological
processes. Researchers should carefully consider the specific demands and objectives of
their hydrological modeling task to review the potential trade-offs between the two models.

Accurate hydrological modeling often relies on in situ gauges, but limited distribution
of such gauges in the studied catchments hinders overall model performance. Although
our RF model focused on 1-day streamflow forecasting, exploring extended lag times
would be helpful for strategic water resource management [1]. Separating streamflow
components into peak and base flows can enhance ML models [47], though our study
did not explore this aspect. Likewise, separating streamflow for dry and wet periods and
then combining the optimal results into an overall simulation series can notably enhance
SWAT’s performance, especially in catchments with seasonal variations [103]. Moreover,
RF might perform better at a sub-daily time step, but we did not examine this possibility
due to the unavailability of data for such a timeframe.

Incorporating the RF and SWAT models into water resource management and flood
warning systems could offer significant potential for enhancing environmental protection
and scientific research. RF is particularly advantageous due to its flexibility and rapid setup,
especially in data-scarce situations, making it suitable for quick assessments and flood
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predictions. Together, these models can optimize water allocation and conservation strate-
gies while improving flood preparedness and response, ultimately helping to safeguard
communities and ecosystems against climate variability and change. Furthermore, their
integration can facilitate advanced scientific research by providing reliable data-driven
insights into hydrological processes and environmental dynamics.

6. Conclusions

In this study, we incorporated time lags into RF models to make them more efficient
in predicting flow time-series and compared the performance of time-lag-adjusted RF with
process-based SWAT models to predict streamflow across diverse catchments. We showed
that incorporating time lags for predictor values improved RF’s ability to predict time
series, and the performance of SWAT and RF differed among catchments due to catchment-
specific characteristics that affected model efficacy. To address the limitations associated
with ensemble learning methods such as RF in time-series predictions, we introduced time
lag values for the predictors as model inputs. This greatly improved RF’s accuracy and ap-
plicability in flow prediction, which confirms our first hypothesis. RF outperformed SWAT
for daily predictions, whereas SWAT showed greater accuracy for monthly predictions,
albeit with a much greater computational effort. SWAT also performed better in catchments
with irregular flow patterns, which can likely be attributed to its explicit integration of
hydrological processes, water budget monitoring, and effective representation of dynamic
system changes. SWAT is also preferable in basins with limited streamflow data since it
does not require observed streamflow as a direct input. Our findings also revealed the lim-
ited efficacy of both SWAT and RF in predicting peak flows in snow-influenced catchments.
However, RF demonstrated better adaptability to the arid catchment, which showcases
its ability to handle spatial and temporal variability under dry environmental conditions.
In terms of computational efficiency, RF greatly outperformed SWAT, requiring less data
and time, especially for daily streamflow prediction. The ensemble learning approach
used by RF contributed to its effectiveness under extreme flow conditions, making it a
valuable tool for real-time flood forecasting with reduced computational demands. This
creates another advantage for RF: it adapts more easily to changes in conditions such as
climate change, since the model can be retrained and revalidated more quickly than a
SWAT model. SWAT and RF generally differed in prediction accuracy and computational
efficiency across catchments and time steps, which confirms our second hypothesis. Our
results contribute valuable insights into the strengths and weaknesses of both models,
emphasizing their suitability in different contexts and shedding light on their performance
across diverse catchments.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w16192805/s1, Table S1. The lengths of the warmup, training,
and testing periods (year–month–day) for the daily SWAT and RF models, Table S2. The lengths
of the warmup, training, and testing periods (year–month–day) for the monthly SWAT and RF
models. Figure S1. Daily streamflow (Qd), precipitation (Pcpd), maximum temperature (Tmax,d),
and minimum temperature (Tmin,d) observations in the (A) Argos, (B) Porijõgi, (C) Rib, and (D) Bald
Eagle catchments during the corresponding study periods. Figure S2. SHapley Additive exPlanation
(SHAP) values for the most important (top 10) features for the Random Forest (RF) DM3 model (with
a daily time step) for the four catchments. Figure S3. SHapley Additive exPlanation (SHAP) values
for the most important (top 10) features for the Random Forest (RF) MM3 model with a monthly time
step for the four catchments. Figure S4. Total time required to train and test (A) the Soil and Water
Assessment Tool (SWAT) model at both time steps and (B) the Random Forest (RF) model at a daily
time step. Qd+1 represents daily flow the day after the focal date. For the SWAT model, the process
considered 14 parameters and 10 to 14 iterations, each containing 1500 to 2000 runs.
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Abstract: Floods, along with other natural and anthropogenic disasters, profoundly disrupt both
society and the environment. Populations residing in deltaic regions worldwide are particularly
vulnerable to these threats. A prime example is the Danube Delta (DD), located in the Romanian
sector of the Black Sea. This research paper aims to identify areas within the DD that are highly or
very highly susceptible to flooding. To accomplish this, we employed a combination of multicriteria
decision-making (AHP) and artificial intelligence (AI) techniques, including deep learning neural
networks (DLNNs), support vector machines (SVMs), and multilayer perceptron (MLP). The input
data comprised previously flooded regions alongside eight geographical factors. All models identified
high or very high flood potential of over 65% of the studied area. The models’ performance was
assessed using receiver operating characteristic (ROC) analysis, demonstrating excellent outcomes
evaluated by the area under the curve (AUC) exceeding 0.908. This study is significant as it lays the
groundwork for implementing measures against flood impacts in the DD.

Keywords: AHP; flood potential index; machine learning; MLP; SVM

1. Introduction

Floods lead to significant socioeconomic losses and environmental damage worldwide.
Reducing flood risk and managing water resources in the face of global environmental
changes presents a major challenge for contemporary society [1]. Floods are complex
phenomena that can create varying levels of damage depending on the geographical
conditions of the affected areas. Given the increasing frequency and severity of floods,
accurately identifying flood risk areas is essential [2].

Every year, numerous regions face natural disasters linked to water in excess. Floods,
in particular, rank as the most destructive among natural hazards, impacting nearly
200 million people worldwide annually [3,4]. During recent decades, there has been an
important recorded increase in the frequency of these disasters [5,6], mostly attributed to
the global climate change. This trend is expected to continue, resulting in more damages
from floods [7]. In Europe, Romania ranks third after Italy and France in terms of the
financial impact and casualties caused by these phenomena [8].

According to the European Directive on Floods 2007/60/EC [9], all actions aimed at
reducing the adverse impacts of floods need to be grounded in the prior identification of
areas most vulnerable to these natural hazards [10]. Assessing flood susceptibility in a
region is also a critical non-structural measure for effective flood risk management. National
hydrological forecasting centers issue flood forecasts and warnings by evaluating predicted
precipitation and the area’s susceptibility to flooding. To maximize the effectiveness of
flood mitigation efforts, accurate assessment of flood potential in a given region is crucial.

In general, worldwide, floodplains and deltas are very sensitive to increased flows
and river levels that can easily generate floods [11,12]. Flood susceptibility indices and
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hydrodynamic modeling are very prevalent in the studies aimed to estimate areas affected
by river flooding. It should be noted that river deltas are extremely vulnerable to environ-
mental changes and natural disasters [13]. Therefore, it is crucial to examine the natural
hazards that may impact the ecological systems of coastal environment and deltaic areas,
with a particular focus on identifying areas susceptible to these phenomena.

In recent years, numerous models for estimating susceptibility to flooding have been
proposed by the specialized scientific literature and have also been applied, including
for deltaic areas [14–16]. Traditional hydrological techniques, like data-driven analysis
and also rainfall-runoff models, cannot comprehensively analyze rivers and floodplains.
Significant advancements in flood modeling and prediction have been achieved through
the use of geographic information systems (GIS) and remote sensing [17]. Along with the
increase in the number of papers dealing with this theme, there has also been a significant
diversification of models applied to evaluate the flood hazard. From a qualitative point
of view, in the specialized literature, flood hazard is expressed through the susceptibility
or potential for the occurrence of these phenomena [10,18]. The first category of widely
used methods for determining areas susceptible to flooding is multicriteria decisional
analysis. This category includes the AHP, analytical network process, TOPSIS, and VIKOR
methods [19,20]. Fuzzy systems have also been applied to identify the zones most prone to
floods [21].

Both decisional multicriteria analysis and fuzzy systems are methods that rely on
expert opinions, which introduce a certain degree of subjectivity [22]. In contrast, there
are algorithms that do not rely on expert intervention; instead, their application is based
solely on the available data [23]. Bivariate statistics, such as frequency ratios, evidence
weights, the entropy index, and statistical indices, fall into this category. Additionally,
various techniques from the field of artificial intelligence have been adapted for calculating
flood susceptibility, including ANN and the ANFIS [24,25]. Another group of methods
that relies exclusively on available data belongs to ML (a subfield of AI), which includes
SVM, random forests (RFs), classification and regression trees, rotation forests, and naïve
Bayes [26]. All of these models utilize datasets that contain the locations of past flood
events along with a variable number of predictors [27]. The ability to evaluate a model’s
precision and verify the results is a significant benefit of using these methods to evaluate
susceptibility to floods.

In Romania, most studies investigated water quality [28–30], a few articles utilized
AI or hybrid methods for flood evaluation of some rivers [31–35], and only a limited
number of studies [36,37] were dedicated to hydrological modeling for small zones in the
DD biosphere reserve, which is the subject of this study. Therefore, the main goal of our
article is determining the flood hazard in the DD biosphere reserve through AI methods.
The study will highlight aspects that were not investigated until now, which will also
contribute to a better understanding of the flooding mechanism and serve as a background
for policymakers for insight into the measures that can be taken for flood prevention and
the mitigation of their effects.

2. Data Series and Methodology

2.1. The Study Zone

The analyzed region is the DD (Figure 1), which was formed in the last 5200 years be-
tween the Bugeacului Plain and the Dobrogea Plateau. A morphological analysis classifies
the DD as a developing alluvial plain, with reduced hypsometry. The maximum elevation
range of 64 m is related to the region of the Letea fluvial sea dike and Tulcea Branch. The
DD is formed by the deposition of sediments carried by the Danube River, creating a
complex network of channels, lakes, islands, marshes, and reed beds. It constantly shifts,
with new islands and channels forming, while older ones may disappear or become more
saline over time.
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Figure 1. Map of the research zone.

The DD faces significant flood hazards due to its low-lying geography, the seasonal
variability of the Danube River, and climate change. The delta’s ecosystem stability is
threatened by sea-level depth rise, temperature rising, and shifts in rainfall patterns. Its
biodiversity is also at significant risk from increasingly frequent extreme meteorological
phenomena like drought and floods.

2.2. Data Series
2.2.1. Inventory of Flooded Areas

In our pursuit of applying AI methods to understand the influence of geographical
factors on flood occurrence, we identified the zones previously subjected to floods. We
divided this dataset into training areas (70% of the total) and validation areas (30%). To
ensure the highest degree of objectivity of the results, we randomly selected other dry areas
within the DD, with a total area equal to those affected by floods. These were also split
into training and validation zones (70–30%). Given that the flood susceptibility detection is
a binary process, the first dataset used in the AI models, signifying the presence of flood
phenomena, was coded with 1, while the second dataset, signifying the absence of flood
phenomena, was coded with 0. The presence/absence of flood-affected areas will constitute
the dependent variable within the AI models for flood-susceptible zones.

2.2.2. Flood Conditioning Factors

Identifying areas susceptible to flooding requires consideration of eight key factors that
significantly influence flood occurrence: relief slope, altitude, distance from watercourses,
land use, vertical distance from rivers, distance from water bodies, lithology, and soil
hydrological group. The relief slope, elevation, and vertical distance from rivers are
morphometric factors derived from the digital terrain model (DTM).

The study area’s DTM was extracted utilizing the SRTM database. The other five
factors were obtained by extracting or processing existing vector databases. Specifically,
the distances to rivers and water bodies were calculated using the recorded hydrographic
network of rivers and lakes. Additionally, the land use dataset was obtained from the
Corine Land Cover 2018, while lithological information was sourced from the Geological
Map of Romania in digital format at 1:200,000 scale. The spatial distribution of the soil
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hydrological group in the DD was also represented using the Digital Soil Map of Romania
at 1:200,000 scale. Below is a brief description of all eight geographic factors that were used
in this research.

The slope of the relief can influence the flooding susceptibility in a given area. Slope
angle refers to the steepness or gradient of the land surface and decisively influences
surface runoff during a flood event [38]. Here, the slope categories are as follows: 0–1◦,
1.1–2◦, 2.1–3◦, 3.1–4◦, and >4◦ (Figure 2a).

Figure 2. Factors conditioning the flooding (a) slope, (b) altitude, (c) distance to rivers, and (d) land use.

Elevation significantly impacts flood susceptibility. Zones having low altitudes are
more exposed to flood genesis because of proximity to water bodies or their tendency
to collect water during heavy rains [39]. In this study, eight classes were established for
elevation: 0–1 m, 1–2 m, 2–3 m, 3–4 m, 4–5 m, 5–6 m, 6–7 m, and >7 m (Figure 2b).

Distance to rivers greatly influences flood susceptibility, with regions near rivers or
within low-lying floodplains facing a higher risk [40]. Even distant low-lying zones can
collect water during heavy rains, making them prone to flooding. Specific distance classes
have been established to assess this factor: [0, 50), [50, 100), [100, 150), [150, 200), [200, 400),
[400,700), [700, 1000), and above 100 m (Figure 2c).

Land use in deltaic regions can significantly impact flood susceptibility. The presence
of impervious surfaces (roads and buildings) can increase the amount of runoff on the
ground surface and contribute to flooding genesis [41]. According to the Corine Land

107



Water 2024, 16, 3511

Cover database, 10 classes could be found in the DD (Figure 2d). Areas of the DD occupied
by swamps that are not ecologically designed as floodwater retention areas can be highly
flood-prone.

The vertical distance to the river affects flood susceptibility, and higher elevations above
the drainage channel are less prone to flooding. However, areas in narrow valleys or steep
slopes may still face risks due to rapid water drainage. In the DD, the altitude above the
channel was categorized into the following specific groups: [0, 1), [1, 2), [2, 3), [3, 4), [4, 5),
[5, 6), [6, 7), and greater than 7 m (Figure 3a).

Figure 3. Factors conditioning the flood (a) vertical distance to rivers, (b) distance to water bodies,
(c) lithology, and (d) hydrological soil group.

In the DD, water bodies cover vast areas, and any rise in their water levels poses a
significant threat to surrounding regions. The distance to these water bodies was calculated
using the Euclidean distance method. Eight distance classes (in meters) were established to
define the proximity to water bodies: [0, 50), [50, 100), [100, 150), [150, 200), [200, 400), [400,
700), [700, 1000), and greater than 1000 m (Figure 3b).

Lithology influences flood susceptibility as different rock types vary in permeability.
Impermeable rocks, like clay, increase surface runoff, raising flood risk, while permeable
rocks, like sand or gravel, promote water infiltration, reducing risk [24]. Six lithological
categories were identified in the DD (Figure 3c).

Soil type also impacts the rate of water infiltration, sometimes favoring the accumu-
lation of water at the surface of the soil. For this study, the digital Romanian soil map at
a 1:200,000 scale was used as a data source. As shown in Figure 3d, all four hydrological
groups are represented in the DD.
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The classification of the following factors was based on expert judgment, which
considered the study area’s characteristics: slope, altitude, distance from water bodies,
distance from rivers, and vertical distance to the river network. Land use, lithological
groups, and hydrological soil groups were classified according to their categories.

2.3. Methodology
2.3.1. Information Gain (IG)

IG measures the reduction in uncertainty (entropy) of a target variable Y when a
feature X is known. Here, Y is the location of flooded areas, while each conditioning
factor represents X. Features with higher IG are considered more informative and are often
selected for building predictive models.

IG was used to test each factor’s predictive ability regarding rapid water runoff on slopes.
This method reduces uncertainties by eliminating factors with a low predictive capacity.

The quality of a discrete attribute is defined as the expected decrease in impurity when
the attribute value is known. Information gain is determined as the difference between the
entropy of a class and the entropy of the same class conditioned by the attribute [42]. It
should be noted that the IG results do not have general applicability, being influenced by
the characteristics of the zone and the location of the dependent variable.

The IG values were determined in WEKA 3.9.2 software.

2.3.2. Analytical Hierarchy Process (AHP)

Given the importance of establishing weights as objectively as possible for the classes
of factors that influence the potential for flood formation, the AHP method was used in the
present study. This algorithm [43] allows for solving and analyzing a problem flexibly and
easily. A key feature of this approach is the active involvement of specialists throughout
the entire methodological process. AHP is commonly used in research aiming to assess
susceptibility to natural risk phenomena [44]. The core of the methodology lies in breaking
down complex problems into a hierarchical structure, placing at the top the main goal, with
criteria and sub-criteria following at lower levels. At the bottom, the alternative decisions
are situated.

Five main stages can be distinguished when using AHP to determine the coefficients
of the factor classes within the study area:

(i) Divide the problem into several parts, then set the objectives.
(ii) Determine the criteria and alternatives.
(iii) Create a comparison matrix, X, for the pairs of factors that influence flood production,

and the pairs composed of their respective categories or classes. X is built taking
into account the expert judgment regarding the impact of each factor category/class
on flooding potential. If one class/category is more significant than another, its
relative value will range from 1 to 9 and be assigned horizontally. Conversely, when a
class/category is less important, the values assigned horizontally will vary between
1/9 and 1/2.

(iv) Compute the relative weights of the factors category/class using the eigenvalue
technique.

(v) Calculate the consistency ratio (CR) matrix, which shows the pairwise comparisons’
quality. CR is obtained using Equation (2), which involves first calculating the consis-
tency index (CI) from Equation (1):

CI =
λmax − n

n − 1
(1)

where λmax is the highest eigenvalue and n is the number of factors conditioning the
potential for flash floods, respectively.

CR = CI/RI (2)
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The number of categories/classes of the factors, and RI depend on the number of
factors included in the comparison matrix (Table 1).

Table 1. RI [43].

n 3 4 5 6 7 8 9 10 11 12 13 14 15

RI 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.53 1.56 1.57 1.59

A qualitatively performing comparison matrix is indicated by a CR < 0.1.
All mathematical operations were performed in Microsoft Excel 2016 software, while

maps and primary data related to geographic factors were obtained in ArcGIS 10.5.
The values of the AHP coefficients formed the input data in the AI algorithm to

calculate the flood susceptibility within the DD.

2.3.3. DLNN

Deep learning (DL) belongs to of machine learning (ML) category, which utilizes AI
networks to learn from large datasets. It relies on layers of neural networks, which are
heavily inspired by brain functions. Training these networks with extensive data adjusts
the configuration of neurons within the system. Once trained, a DL model can process new
data. These models analyze information from various data sources in real-time, without
human intervention.

Compared to basic ANNs, DLNNs feature a structure with multiple hidden layers
composed of neurons. Whereas a simple neural network may have one or two hidden
layers, a DLNN may have a high number of layers. Increasing this number and the nodes
can improve the performance, but an increased number of parameters and computational
resources are also required. DL processes and classifies information, each layer receiving
the raw data as input [45,46].

In this study, the DLNN model was applied to estimate flood susceptibility. The flood
conditioning factors served as input data in the input layer, while the dataset indicating the
presence or absence of flooded areas was used as output data in the output layer. A sigmoid
function, E(Y = 1/x), was employed to classify pixels as either flooded or non-flooded. The
output layer consisted of a single neuron for each class i, providing an approximation of
E(Y = i/x). The sum of all estimated values equaled 1. For this study, the softmax function
was used for the final classification:

so f tmax(ai) =
exp(ai)

∑k exp(ai)
(3)

where ai is a layer of the softmax function.
A neural network with multiple hidden layers (h) can be expressed utilizing the

following mathematical relations:

a(h)(x) = b(h) + W(h)p(h−1)(x), (4)

p(h)(x) = ∅(a (h)(x)) (5)

where ∅ is the activation function, and for h = 1, . . ., H (hidden layers).
The TensorFlow2.0 platform and Keras in Python 3.13.1 were used to run the

DLNN model.

2.3.4. Support Vector Machine

SVM is a robust, supervised mathematical ML algorithm widely used in training
dataset classification. It is primarily a binary classification technique that identifies an
optimal hyperplane in an n-dimensional space based on the training data. This hyper-
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plane is then used to classify new datasets, effectively dividing the training data into two
distinct classes.

To classify multidimensional data, SVM employs “kernels” that enable the construction
of multidimensional hyperplanes. A hyperplane acts as a boundary that separates data
points, serving as a decision boundary between the two classes. When there are two input
variables, the hyperplane is represented as a straight line; if there are more than two inputs,
it becomes a plane in higher dimensions.

Support vectors are the data points that play a crucial role in optimizing the hyper-
plane. These vectors are positioned closest to the hyperplane and represent the most
challenging cases to classify. The location of the decision hyperplane is directly influenced
by the SVs. If these SVs are removed, the position of the hyperplane will change as a
result [47]. The inputs and outputs of an SVM are similar to those of a neural network. Con-
structing an optimized hyperplane in a linearly separable problem is done using Kernels
functions.

2.3.5. Multilayer Perceptron (MLP)

An MLP [48] is an ANN formed by multiple layers of neurons, among which is an
input and output layer and one or many hidden layers. Hidden layers are formed of
interconnected neurons and have the role of processing the input data. All neurons from a
hidden layer receive information from all neurons from the previous layer. Each input value
is multiplied by a certain weight, influencing the output. A bias is also associated with
each neuron. During the training phase, the biases and weights are learned, and the output
of each neuron in a hidden or output layer is obtained by computing the weighted sum
of the inputs plus the bias. Training the network is done by a backpropagation algorithm
aiming to minimize the root mean square error (RMSE). RMSE values close to 0 highlight
the models’ good performance.

2.3.6. ROC Curve for Results Validation

The ROC curve is built in orthogonal coordinates, where the X-axis contains the
specificity and the Y-axis the sensitivity. It is used to measure the efficiency of a model. The
larger the AUC, the better the model. The following reference intervals are considered for
AUC: [0.9, 1]—the model is excellent, [0.8, 0.9)—very good, [0.7, 0.8)—good, [0.6, 0.7)—fair;
values under 0.6 lead to the model’s rejection [49].

The workflow for the present research is shown in Figure 4.

 

Figure 4. Workflow diagram.
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3. Results

3.1. Information Gain Results

After applying the IG, it was found that the slope of the relief had the highest pre-
dictability for flood events, with an indicator value of 0.67. The vertical distance from
nearby rivers was identified as the second most significant factor, with a value of 0.53. The
hierarchy of the remaining factors is as follows: Altitude (0.41), Land use (0.36), Distance
from rivers (0.29), Lithology (0.27), Distance from water bodies (0.22), and Hydrological
soil groups (0.15) (Figure 5). Overall, the results from this method indicate that all eight
geographic factors analyzed have some capacity to influence flooding events. Therefore, all
eight variables will be considered for further analysis.

Figure 5. IG values.

3.2. Analytical Hierarchy Process Results

Table 2 contains all the possible combinations made between the classes/categories of
geographical factors that condition the occurrence of floods. Each factor or class/category
was compared to the others by assigning a dominant relative value, based on insights from
the specialized literature [50]. The corresponding weights are provided in Table 2.

Table 2. AHP matrices used for factor weighting and factor classes/categories.

Factors/Classes Categories Pair-Wise Comparison AHP

Class/Categories [1] [2] [3] [4] [5] [6] [7] [8] Weights

Slope (◦)

[1] 0–1 1 4 6 7 9 0.546
[2] 1–2 1/4 1 3 4 6 0.229
[3] 2–3 1/6 1/3 1 2 4 0.113
[4] 3–4 1/7 1/4 1/2 1 3 0.075
[5] >4 1/9 1/6 1/4 1/3 1 0.037

Altitude (m)

[1] 0–1 1 2 3 4 5 6 7 8 0.327
[2] 1–2 1/2 1 2 3 4 5 6 7 0.227
[3] 2–3 1/3 1/2 1 2 3 4 5 6 0.157
[4] 3–4 1/4 1/3 1/2 1 2 3 4 5 0.108
[5] 4–5 1/5 1/4 1/3 1/2 1 2 3 4 0.073
[6] 4–6 1/6 1/5 1/4 1/3 1/2 1 2 3 0.050
[7] 6–7 1/7 1/6 1/5 1/4 1/3 1/2 1 2 0.034
[8] >7 1/8 1/7 1/6 1/5 1/4 1/3 1/2 1 0.024
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Table 2. Cont.

Factors/Classes Categories Pair-Wise Comparison AHP

Class/Categories [1] [2] [3] [4] [5] [6] [7] [8] Weights

Distance from river (m)

[1] 0–50 1 2 3 4 5 6 7 9 0.323
[2] 50–100 1/2 1 2 3 4 5 6 7 0.221
[3] 100–150 1/3 1/2 1 2 3 4 5 6 0.152
[4] 150–200 1/4 1/3 1/2 1 2 3 4 5 0.104
[5] 200–400 1/5 1/4 1/3 1/2 1 3 3 3 0.073
[6] 400–700 1/6 1/5 1/4 1/3 1/3 1 4 6 0.063
[7] 700–1000 1/7 1/6 1/5 1/4 1/3 1/4 1 6 0.043
[8] >1000 1/9 1/7 1/6 1/5 1/3 1/6 1/6 1 0.021

Land use

[1] Forests, sands 1 1/3 1/5 1/7 1/9 0.035
[2] Vineyards, fruit trees, shrubs 3 1 1/3 1/5 1/7 0.069
[3] Agriculture areas 5 3 1 1/3 1/5 0.136
[4] Pastures 7 5 3 1 1/2 0.286
[5] Built-up areas, marsh, river, water bodies 9 7 5 2 1 0.474

Altitude above channel (m)

[1] 0–1 1 2 3 4 5 6 7 8 0.327
[2] 1–2 1/2 1 2 3 4 5 6 7 0.227
[3] 2–3 1/3 1/2 1 2 3 4 5 6 0.157
[4] 3–4 1/4 1/3 1/2 1 2 3 4 5 0.108
[5] 4–5 1/5 1/4 1/3 1/2 1 2 3 4 0.073
[6] 4–6 1/6 1/5 1/4 1/3 1/2 1 2 3 0.050
[7] 6–7 1/7 1/6 1/5 1/4 1/3 1/2 1 2 0.034
[8] >7 1/8 1/7 1/6 1/5 1/4 1/3 1/2 1 0.024

Distance from water bodies (m)

[1] 0–50 1 2 3 4 5 6 8 9 0.324
[2] 50–100 1/2 1 2 3 4 5 7 8 0.225
[3] 100–150 1/3 1/2 1 2 3 4 6 7 0.156
[4] 150–200 1/4 1/3 1/2 1 2 4 5 6 0.113
[5] 200–400 1/5 1/4 1/3 1/2 1 2 3 4 0.069
[6] 400–700 1/6 1/5 1/4 1/4 1/2 1 2 6 0.053
[7] 700–1000 1/8 1/7 1/6 1/5 1/3 1/2 1 6 0.040
[8] >1000 1/9 1/8 1/7 1/6 1/4 1/6 1/6 1 0.019

Lithology

[1] Sands, gravels, river deposits 1 1/2 1/4 1/6 1/9 0.043
[2] Loess deposits 2 1 1/2 1/3 1/4 0.090
[3] Limestone, conglomerates 4 2 1 1/2 1/5 0.142
[4] Clay shale, green shale 6 3 2 1 1/2 0.256
[5] Sandstone 9 4 5 2 1 0.469

Hydrological soil groups

[1] A 1 3/4 1/2 1/5 0.108
[2] B 4/3 1 3/4 1/3 0.157
[3] C 2 4/3 1 1/3 0.201
[4] D 5 3 3 1 0.534

It can be seen that the highest AHP coefficient is assigned to slopes between 0◦ and
1◦, which is equal to 0.546. A high value of this type of coefficient, of 0.534, was also
obtained by soil hydrological group D. This factor class was followed by swamps within
the land use mode, with a value of 0.474, and by the lithological category represented by
sandstones, with a value of 0.469. Also, areas located far from watercourses below 50 m
(0.362) and altitudes below 1 m (0.327) are considered categories of factors with high values
of AHP coefficients.

CR values were involved in the quality assessment of matrices comparison procedure
(Table 3). The CR values for all eight comparison matrices are below 0.1, indicating a
high-quality analysis. Additionally, the table includes the values for the other parameters
discussed in the theoretical section of the AHP model. These AHP coefficient values were
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then used as input data in the AI models to identify the final flood-prone areas within
the DD.

Table 3. Properties of AHP pair-wise comparison matrices.

Factors No. of Factors/Classes λmax CI RI CR

All factors 8 8.067 0.010 1.41 0.007
Slope 5 5.223 0.056 1.12 0.050
Elevation 8 8.048 0.007 1.41 0.005
Distance from river 8 8.351 0.050 1.41 0.036
Land use 5 5.223 0.056 1.12 0.050
Altitude above channel 8 8.048 0.007 1.41 0.005
Distance from water bodies 8 8.351 0.050 1.41 0.036
Lithology 5 5.223 0.056 1.12 0.050
Hydrological soil groups 4 4.011 0.004 0.90 0.004

3.3. DLNN Results

To train the DLNN model, a maximum of 100 epochs were set. For the training set, the
minimum value of the loss parameter, equal to 0.0746, was reached after 99 epochs. The
same situation was recorded for the validation set. In this regard, there were several pa-
rameters used: ReLU activation function, uniform kernel initialization function, a dropout
rate of 0.1, a lot dimension of 100, a validation rate of 0.3, eight input neurons, a maximum
of 100 hidden neurons, three hidden layers, and two output neurons. The architecture of
DLNN, containing the input, hidden, and output layers, is represented in Figure 6.

 

Figure 6. Architecture of the DLNN model used to determine flood susceptibility.

After training the model, the weights of each geographic factor used in this step were
determined. Thus, the relief slope got the highest weight (0.241), followed by elevation
(0.212), distance to rivers (0.173), land use (0.148), vertical distance to rivers (0.102), distance
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to water bodies (0.069), lithology (0.029), and soil hydrologic group (0.026) (Figure 7).
Utilizing cartographic algebra, these weights were multiplied by the AHP coefficients, after
which the products resulting from the multiplication were added. Thus, the spatialized
values of the susceptibility to floods, represented by the FPI, resulted (Figure 8a).

Figure 7. The weight of the geographic factors in the AI models.

Figure 8. FPI (a) DLNN, (b) SVM, and (c) MLP.

The FPI-DLNN values were grouped into four classes using the natural breaks method.
The first class refers to the reduced flood susceptibility values within the DD, which covers
the higher areas, represented mainly by beams. The share of this class is 15% of the total
study area (Figure 9). Next, the average flood susceptibility class is mainly distributed in
the northern area of the DD. Overall, a percentage of 20% of the territory subject to research
is moderately prone to flooding.

Figure 9. Weight of FPI classes calculated through ML methods.
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The highest surface is occupied by areas with a high flood potential, which extend
to about 48% of the study area. The areas characterized by a very high susceptibility to
flooding are mainly located along the main watercourses in the study area. They extend
over approximately 17% of the total territory occupied by the DD.

3.4. SVM Model Results

As with DLNN, the AHP values for each geographic factor class and category were
used as input data within the SVM model. The accuracy of the results provided by
SVM depends on the correct selection of the kernel function and the estimation of two
parameters, C and γ, through the cross-validation procedure. The value of the parameter
C was estimated at 2.1, and the value of γ was equal to 0.2. This pair of values shows a
very well-optimized SVM model [51]. Once the training procedure was completed, the
weights associated with the geographical factors could also be determined. Again, the
slope of the relief obtained the highest importance (0.271), followed by the distance from
rivers (0.223), altitude (0.182), distance from water bodies (0.159), vertical distance from
rivers (0.122), land use (0.118), lithology (0.059), and soil hydrologic group (0.016). Like in
the DLNN case, the spatialization of the FPI values was also achieved (Figure 8b) through
cartographic algebra.

To compare the model’s results, the values were again grouped into four classes using
the natural breaks method. The lowest share, equal to 14%, can be attributed to areas
where the susceptibility to flooding has a low value. Beams occupy the areas with higher
altitudes than the surrounding regions. The average FPI extends mainly in the study area’s
northern half and occupies 21% of the total. A high susceptibility to flooding characterizes
the equivalent of 45% of the DD, while the very high potential areas, represented on the
map in red, have a weight of 20%.

3.5. MLP Model Results

To apply MLP, an architecture with eight neurons in the input layer, a maximum
of 100 hidden neurons, and two neurons in the output layer (representing the presence
or absence of flooding) was used (Figure 10). After the training process, RMSE reached
its minimum value of 0.014 (Figure 11a) for 43 hidden neurons. The estimated pseudo-
likelihood parameter indicates the accuracy of the classification process. A significant
presence of values below 0.2 (for true positives) or above 0.8 (for false positives) in both
flood and non-flood locations (areas where no floods occurred) indicates good classifica-
tion accuracy. As shown in Figure 11b, these two classifications (floods and non-floods)
are prominently present within the specified intervals, suggesting that the classification
operation performed using the MLP model is highly accurate.

After training the MLP model, we derived the weights of the geographic factors used
to assess flood susceptibility in the DD.

The factor with the highest weight was slope, at 0.256, followed by distance from
rivers at 0.223, altitude at 0.197, distance from water bodies at 0.114, vertical distance from
rivers at 0.112, land use at 0.093, lithology at 0.044, and soil hydrologic group at 0.021.
Using the weights of these eight geographic factors in cartographic algebra, we calculated
the flood potential index (FPI) through the MLP model. The final results were categorized
into four value classes using the natural breaks method, as illustrated in Figure 8.
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Figure 10. Architecture of the MLP model used to determine flood susceptibility.

Figure 11. (a) Evolution of RMSE with respect to the number of hidden neurons and (b) estimated
pseudo-likelihood for MLP.

3.6. Results Validation Using ROC Curve

The ROC curve was constructed for two variants: the success rate and the prediction
rate, using SPSS 21 software. The success rate was calculated using the training sample
and indicates how effectively the AI model classified the results. As shown in Figure 12a,
the model with the highest performance was the DLNN, with an AUC of 0.963. The
SVM followed it with an AUC of 0.954, and the MLP with an AUC of 0.939. All models
performed well, as their AUC values were greater than 0.8.

The prediction rate was also determined using the test set. SVM provided the best
results with an AUC of 0.942, followed by the DLNN with an AUC of 0.924 and the MLP
with an AUC of 0.908 (Figure 12b). All models achieved an AUC value greater than 0.8 in
the prediction rate analysis.
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Figure 12. ROC curve (a) success rate and (b) prediction rate.

4. Discussion

The present workflow and the methodology proposed in this study represent a faster
alternative to determine the flood hazard than hydraulic modeling. One of the study
area’s most famous flood risk assessment projects is the Danube FloodRisk Project, led by
the Ministry of Environment from Romania and directly supervised by the International
Commission for the Protection of the Danube River (ICPDR). Within this project, flood maps
were generated through hydraulic modeling (a quantitative approach) for different river
discharges determined based on statistical analysis (return periods: 30 years, 100 years,
and 1000 years). Also, three classes of hazards were established according to the flood
depth. Meanwhile, in the case of the current study, a qualitative approach was adopted
to determine the susceptibility to floods, resulting from the overlap of several factors that
influence the formation of this hydrological hazard. Unlike the project mentioned above,
in this article, four classes were used to spatialize the severity of the hazard. Although
the approaches differ, the results offered by them are, to a certain extent, similar. Thus,
the highest flood hazard values are located along the main elements of the hydrographic
network (the Danube arms and canals), and the lowest occur in the highest areas related to
the banks. Flooding maps of the DD were also made within Cycle 1 of implementing the
provisions of the Flood Directive 2007/60/EC of the European Commission. In this case,
hydraulic modeling methods were also used to estimate the hazard’s spatial variability.
The results are very close to those of the Danube Flood Risk Project.

5. Conclusions

In this article, a DLNN, SVM, and MLP were used to qualitatively determine the
hazard (susceptibility) to flooding within the Danube Delta based on information regarding
the presence or absence of flood phenomena at the study area’s level and data regarding
the spatial values of eight geographic factors. All models revealed that the relief slope has
the most significant influence on the flood phenomenon. Information gain was employed
to test the predictive capacity of each geographic factor in flood genesis. Once this capacity
was confirmed, the AHP coefficients that fed into the models were determined. A key
aspect was validating the results using the ROC curve method, which confirmed that all
models had an accuracy of over 90%.

Applying the entire workflow to determine the flood hazard qualitatively allowed the
following output to be obtained:

• A GIS database with the training and validation samples comprising flood-affected
areas in the DD reserve and an equal number of pixels with non-flood-affected areas.
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• A GIS database with the eight geographical factors that influence the occurrence of
floods within the study zone.

• An Excel tabular template with the AHP method that can also be applied to other
study areas.

• A GIS database with the three susceptibility indices to flooding within the DD. Accord-
ing to the results provided by the three indices, approximately 65–70% of the DD’s
surface has a high or very high risk of flooding.

Moreover, the approach also represents the study’s novelty in using techniques—ML
algorithms combined with multicriteria decision-making analysis—that have not been used
until now to evaluate the susceptibility to flooding in the DD. This research is also important
because the DD represents one of the natural regions of Europe, having been declared a
biosphere reserve and included in the UNESCO World Heritage List. The authorities can
focus on finding the most environmentally friendly flood mitigation measures based on it.

The present research results are closely related to both facades of flood sustainability:
sustainable management of floods and long-term flood resilience. The sustainable man-
agement of floods refers to strategies and practices harmonizing flood mitigation efforts
with ecological conservation. Examples include maintaining the natural functioning of
floodplains, implementing green infrastructure, and cultivating flood-resistant crops in agri-
cultural areas. Meanwhile, long-term flood resilience emphasizes enabling societies and en-
vironments to recover from floods while sustaining essential functions, including planning
for sustainable development in flood-prone regions and building resilient infrastructure.
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Abstract: This study comprehensively explores the intricate hydrodynamic and geomorphological
processes that affect the Sulina Channel and bar area. It employs advanced hydrodynamic, wave,
and sediment transport models to simulate the influence of marine currents, waves, and shipping
traffic on sediment transport and deposition patterns, providing valuable insights for maintaining
navigable conditions in the Sulina Channel. It is shown that sediment deposition is highly dynamic,
particularly in the Sulina bar area, where rapid sediment recolonization occurs within one to two
months after dredging. The simulation indicates that vessels with drafts of 11.5 m cause notable
erosion. In comparison, drafts of 7 m have a minimal impact on sediment transport, emphasizing the
importance of managing vessel drafts to mitigate sediment disturbances. This research highlights
and quantifies the siltation phenomenon from the Black Sea to the mouth of the Sulina Channel,
effectively addressing the challenges posed by natural and anthropogenic factors to ensure the
Channel’s sustainability and operational efficiency.

Keywords: hydrodynamic modeling; sediment transport; marine currents; wave impact; vessel traffic

1. Introduction

Sediment transport in rivers and interaction between two different flow regimens
(river–sea, for example) is an important study field due to the navigation safety and eco-
nomic impact. In his article about sediment depositions in the British seas, Lebour [1]
indicates that this subject is not new. However, the involved processes are highly dynamic
and require modern solutions to assess and propose improvements. According to [2], the
first theoretical attempt to calculate the sediment transport under waves and currents was
carried out by Bijker [3] in 1967. Since then, multiple improvements to the approaches and
methodologies have been proposed, the most recent involving the use of numerical models
to solve hydraulic and sediment transport equations [2,4–7]. Due to the dynamic exchange
involved, as the interaction between river flow, waves, and currents, sediment transport is a
complicated problem from a computational viewpoint [8,9]. Vessel sediment resuspension
has been studied in various contexts, such as the effects of the waves produced by the
recreational boat passage [10,11] and the propeller impact on the riverbed sediment stabil-
ity [12–14]. Research in various locations has tackled the impact of vessel traffic on potential
sediment resuspension. The results have indicated that the sediment characteristics, the
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hydrodynamic changes produced by the vessel, and the vessel characteristics significantly
influence this process.

Spoolder [15] investigated the return flow velocity produced by the propeller and
performed a sensitivity analysis of the vessel velocity, width, and keel clearance. The
results indicate that decreasing the values of the first two parameters and the rate of power
efficiency will decrease the sediment transport. Other research [16,17] analyzed the impact
of the wake waves on sediment resuspension, given the additional stress they exert on the
protection infrastructure (such as dykes or jetties).

In Romania, the main studies in this research field concern the Sulina Channel, one of
the Danube River’s branches. Budileanu [18] studied the Sulina bar‘s evolution, discussing
the hydrological conditions, the sediment transport, and the human intervention in the
area. Over time, a steady evolution of the bar has been observed, starting from 1876, when
observations were made about the Sulina mouth area and sediment depositions.

Mateescu et al. [19] described the processes occurring at the Danube River mouth
on the Sulina Channel, pointing out that the interaction between waves and currents
produced by the freshwater discharge leads to longitudinal and riparian currents, with
visible effects in short periods. Bos, neagu et al. [20] analyzed the flow conditions using
numerical modeling software and applied computational fluid dynamics theory. They
addressed the flow transfer between the Danube and the Black Sea, at the mouth and
longitudinally, along the jetties.

Bondar [21] made significant strides in modeling the sediment transport interactions
around the Sulina mouth, showing the longitudinal evolution of the sediment deposition
and erosion processes. Constantinescu et al. [22] analyzed the potential negative impacts
of fluvial or coastal hazards and dike breaching on Sulina City. The two jetties constructed
along the Sulina Channel impact the morphological conditions, splitting the area into two
zones, north and south of the jetties. The most impacted zone is the northern one, where
the jetties block sediment transport, leading to rapid sedimentation and the closing of the
Musura Bay [23,24]. A sediment spit continues almost perpendicular to the two jetties.
Răileanu et al. [25] and Ivan et al. [26] have focused on the effects of the wind and waves
over the jetties and Sulina mouth area, highlighting the impact on the navigation conditions
under heavy conditions.

We developed comprehensive hydrodynamic, wave, and sediment transport mod-
els to understand the impact of increasing the navigation depths on the Sulina bar, the
hydromorphology, and the hydrodynamics of the Sulina Channel. They are designed
to accurately simulate the complex hydrodynamic and geomorphological processes in
the Sulina Channel and bar area. Our approach includes an analysis of marine currents,
waves, and shipping traffic and their collective influence on the Sulina Channel fairway at
the mouth of the Black Sea. We studied two predefined scenarios based on a representa-
tive vessel (predefined draught and characteristics) to determine the vessels’ impact on
sediment transport.

This research has significant practical implications. It provides crucial insights into
the environmental processes influencing navigation, including wave action, sediment
deposition, and erosion. The results of our research ensure the background for the safe
and efficient passage of vessels with varying draughts, thereby enhancing the overall
navigability of the Sulina bar.

2. Materials and Methods

2.1. Study Area

The Danube splits into three branches before it flows into the Black Sea. The Sulina
branch is the middle navigable channel, with a length of approximately 60 km. The Sulina
bar (Figure 1) is located at the mouth of the Sulina Channel and the Black Sea.
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Figure 1. A map of Romania (top left), the study area (top right), a bathymetric picture of a channel
section (bottom left), and the wind rose (bottom right).

It represents a diked canal that allows smooth navigation from the Danube River
branch into the sea. The dominant wave direction, from north-east, leads to the transport of
the sediment southward, influencing coastal features. The jetties extend several kilometers
from the original coastline, with shallow waters north of the breakwaters. A spit, formed
by breaking waves, is growing southward due to longshore transport from the northeast.
This growth may be stopped by water flowing between the spit and the northern jetty,
potentially carrying sediment from the spit to the bar in front of the Channel’s mouth.

The climate in the area is continental with oceanic influences. The annual precipitation
varies in the interval of 109–487 mm, with an average of about 260 mm and a coefficient
of variation of about 30. In summer, the temperature is lower than in other zones of the
Dobrogea Region to which the study belongs. The winters are cold due to the influence of
the atmospheric masses that come from Russia [27–33].

As previous studies [18–26] have shown, the Sulina bar area is significantly influenced
by the transport of fine alluvial material along the Sulina Channel and by wind-induced
currents and waves in the Black Sea. These processes result in a prominent accumulation
zone for alluvial material near the mouth and submersible dams in the sea.

2.2. Data Series

This study utilized a comprehensive series of input data. This included a Digital
Terrain Model (DTM) with a 1 × 1 m resolution derived from multibeam bathymetric mea-
surements covering the entire riverbed and supplemented by topographic measurements
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of the defense dams. In the areas where these DTM sources were incomplete, DTMs from
free sources were also incorporated.

Historical topo-bathymetric data consisted of raster files detailing the dynamics of the
Sulina Channel bed and its mouth area in the Black Sea over nine years from 2014 to 2022.
From 2014 to 2017, data were available only for the mouth area of the Sulina branch, with
at least one measurement campaign per year. For 2018 and 2022, the minor riverbed was
completely covered within the initially defined study area.

Hydrological data, such as flow rates and levels, were obtained from specific observa-
tions and measurements conducted within the project across 54 profiles. These data were
used as boundary conditions and calibration information for the models. Additionally,
data on the particle size distribution of riverbed sediments and solid flows were gathered
from these profiles.

Information on the parental material within the riverbed perimeter and details of the
riverbed substrate were collected through specific observations and measurements. This in-
formation was analyzed and processed to generate files for use in the models. A wave data
string for the period 24 September 2020–29 July 2022, was recorded by a beacon, although
the wave monitoring sensor was not operational for the entire period. Consequently, wave
height data were available only for 24 September 2020–19 September 2021.

Data on marine currents from 1 February 2021 to 10 January 2023, were sourced
from Copernicus. Wind data covering December 2008–January 2023 included the monthly
frequency of wind directions and information on wind direction and speed in the Sulina
branch area. Information was also gathered on a representative vessel.

Meteorological data recorded at the Sulina meteorological station from 1 January 2013
to 31 December 2022 were also used in this study. These data included multiannual monthly
wind roses, average wind speed by direction, wind frequency by direction, wind frequency
at different speed thresholds, maximum wind speed and its corresponding direction, and
maximum gust wind speed.

Additional studies, documents, and scientific papers were also reviewed, including
technical documentation on the existing port trestles for berthing sea and river vessels along
the left bank of the Sulina Channel in the Commercial Port and vessel traffic data on the
Sulina Channel from 2001 to 2022. Data from other sources, such as satellite imagery from
Google Earth/Google Maps, and previous technical works and research studies conducted
in the area or equivalent locations, were also consulted.

2.3. Methodology—Generalities

This study aims to assess the navigation conditions in the Sulina bar by developing and
utilizing a series of advanced numerical models that that replicate the complex hydraulic
and siltation phenomena.

Using the MIKE 21 FM software developed by the Danish Hydraulic Institute, the
study examines the wave patterns in the Black Sea and sediment transport along the
Sulina bar and coast and within the Sulina Canal, as well as the impact of vessel transit
on sediment dynamics. The models provide insights into the environmental processes
influencing navigation, including wave action, sediment deposition, and erosion, to ensure
the safe and efficient passage of vessels with varying draughts.

In the subsequent sections, we outline the methodology, discuss the integration of
various data sources, and highlight the significant findings that enhance navigation depths
while mitigating potential adverse effects on the surrounding marine and coastal environ-
ments. Figure 2 shows the chart flow of the analysis.

• Large-scale wave model in the Black Sea area and Sulina Bar and small-scale wave model

A wave model was developed to estimate the general wave conditions impacting the
infrastructure at the Sulina bar and surroundings. Due to the complexity of the processes
in the Sulina Channel discharge area and the limited detailed data on the local wave
regimen, it was necessary to extend the model to cover a larger area of the Black Sea. This
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broad model provides boundary conditions for a more focused wave model around the
Sulina mouth.

Figure 2. The flowchart of the study.

The domain of the large-scale hydrodynamic model encompasses a significant portion
of the Black Sea around the Sulina Channel, extending approximately 15 km from the
Sulina branch into the Black Sea (Figure 3).

 

Figure 3. The large-scale domain.

This domain was chosen to capture the interactions between large-scale wave and
current patterns in the Black Sea and their influence on sediment transport and navigational
conditions within the Sulina Channel. The model grid was generated using the MIKE 21
Flexible Mesh Spectral Wave (SW) model, ensuring a wide enough area to provide reliable
boundary conditions for smaller-scale models focusing on the Sulina mouth and bar area.

The large-scale model was validated by comparing simulated wave height and pe-
riod data against available wave measurements from offshore monitoring stations and
satellite-derived wave data. The validation process covered both long-term simulations
and extreme wave events. For wave heights, data from a beacon (available from September
2020 to September 2021) were utilized to calibrate the model, while for marine current data,
we relied on the Copernicus Marine Service, which provided a reliable set of boundary con-
ditions. Additionally, hindcast simulations of key historical storm events were compared
to recorded observations, showing strong alignment between modeled and observed wave

126



Water 2024, 16, 2779

heights, current velocities, and directions, thus confirming the robustness of the large-scale
model in representing offshore wave dynamics.

• Coastline sediment transport model

The Sulina Channel and bar area are influenced by various processes, particularly
in the transition zone from river to marine environments. This zone experiences more
pronounced sedimentation, primarily due to fine materials carried by the Danube and
deposited at the bar due to current influences and density differences, as well as sands
deposited by marine currents. The sediment transport model was designed to estimate the
sediment intake along the shore, helping to determine the time required for recolonization
after dredging activities.

• Channel sediment transport model

Like the coastal sediment transport model, a detailed model of fine sediment flow
and transport within the Sulina Channel was created. This model simulates the transport,
erosion, and deposition of fine sediments, particularly at the discharge area into the sea,
where depths decrease from an average of −11 m to about −7 m. The model aids in
estimating the quantities of sediments moving from the Channel to the mouth, ensuring
timely dredging to maintain the minimum depth required for vessels with draughts of 11
or 11.5 m. Additionally, by monitoring sediment transport dynamics, the model assists in
planning field interventions to maintain the continuous fairway.

• Vessel traffic model

To ensure navigable conditions for vessels with draughts higher than currently prac-
ticed, a model was developed to assess the impact of vessel transit on sediment resuspen-
sion and redeposition within the Channel and bar. This model integrates the hydrodynamic
and fine sediment transport models, incorporating data on vessel routes, speeds, draughts,
propulsion coefficients, and travel direction (upstream or downstream). This comprehen-
sive approach allows for an accurate assessment of how vessel transit affects sediment
dynamics, aiding in maintaining navigable depths.

It is important to note that the study took into account the currents from both the river
and the marine sides when developing hydrodynamic and sediment transport models. The
freshwater discharge from the Danube River interacts with the marine currents of the Black
Sea, creating a complex hydrodynamic environment.

The model incorporated the river discharge from the Sulina branch as an upstream
boundary condition based on the average value measured during the bathymetry survey.
The MIKE 21 FM hydrodynamic module simulated the downstream flow of the Danube into
the Black Sea, considering variations in discharge rates. The study particularly analyzed
the impact of the river discharge on sediment transport and siltation in the Sulina bar,
identifying areas of high sediment deposition in the transition zone between the river and
the sea.

For marine currents, we used boundary conditions from the Copernicus Marine
Service database, covering the period from February 2021 to January 2023. These currents
were introduced at the seaward boundaries of the model to simulate large-scale water
movement in the Black Sea. We paid particular attention to the interaction between
these marine currents and wave action in the Sulina mouth area. The combined effect of
longshore currents driven primarily by northeast winds and marine currents was crucial for
accurately representing sediment transport along the coast and in the channel. Additionally,
we evaluated the impact of wave-driven currents on the stability of protective jetties and
the navigation fairway through sensitivity analysis.

3. Case Study

3.1. Large-Scale Wave Model in the Black Sea Area and Sulina Bar and Small-Scale Wave Model

To characterize the wave climate at the river mouth with respect to extreme waves, a
two-step approach was employed:
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a. A wave simulation model for the Black Sea was used to determine the local offshore
wave climate.

b. A local wave model was developed to (i) propagate extreme wave conditions towards
the river mouth and (ii) determine the local wave conditions necessary for calculating
littoral sediment transport.

Note that the effect of currents (both offshore and riverine current) is disregarded in
the analysis presented in 3.1.

3.1.1. Offshore Wave Climate Characterization

The wave model developed for the Black Sea, specifically for the area adjacent to
the Sulina Channel and bar, was simulated over 10 years. The purpose was to identify a
representative year to be used in simulating the impact of waves on flow conditions in the
Sulina bar area (local wave model) and to extract information on the external forces acting
on the existing dike infrastructure of the Sulina Channel into the Black Sea for further use
in other potential stability analyses.

To investigate the wave conditions near the Sulina Channel mouth, a directional
extreme value analysis (EVA) of significant wave heights and associated return periods
was performed at point P1, located in the Black Sea, near the Sulina Channel (Figure 4).
The EVA utilized wave data from the spectral wave model (Metocean Data) developed by
DHI for the Black Sea, covering the period from 31 December 1979 to 31 December 2020.

 
Figure 4. The position of the point (P1) where the wave analysis was developed.

The wave rose at P1 (Figure 5(left)) is a significant source of information, providing
insights into significant wave heights (Hm0) and mean wave directions (MWD). It is accom-
panied by the current rose, presented in Figure 5(right)) which gives indications about the
current directions and intensity.

The main wave direction is between 0◦ N and 180◦ N, with the highest waves pre-
dominantly from 60◦ N–120◦ N sector. The information provided by the wave rose is
presented in Table 1. Figure 6 shows the wave heights (Hm0) for the relevant MWDs from
0◦N to 180◦N in 30◦ intervals and for the ominidirectional directions. Among the various
distribution functions tested, the two-parameter Weibull distribution (fitted using the least
squares methods and a threshold value corresponding to the average annual peak (λ = 1))
provided the best model for wave height data over the 41 years for which wave information
is available.
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Figure 5. The wave rose at P1, showing the significant waves’ height and the mean wave direction
(left) and the current rose at P1 (right).

Table 1. Mean wave direction and frequency of occurrence.

MWD Frequency of Occurrence (%) MWD Frequency of Occurrence (%)

[Interval◦] Hm0 [Interval◦] Hm0

[315–345] 2.89 [135–165] 9.81

[285–315] 1.55 [105–135] 10.23

[255–285] 1.40 [75–105] 13.54

[225–255] 1.95 [45–75] 17.47

[195–225] 5.36 [15–45] 10.99

[165–195] 18.62 [−15–15] 6.19

 

 

Figure 6. The distribution of Hm0 for directional 30◦ and omnidirectional ranges at P1.
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The directional and omnidirectional extreme values of wave heights for return periods
(TR) of 1, 5, 10, 50, and 100 years are detailed in Table 2.

Table 2. Extreme wave heights (Hm0) for 30◦ intervals and directions for return periods of 1, 5, 10, 50,
and 100 years at P1.

MWD Hm0 [m]

[Interval ◦] TR = 1 TR = 5 TR = 10 TR = 50 TR = 100

[165–195] 2.4 2.9 3.0 3.4 3.5
[135–165] 2.4 3.0 3.3 4.1 4.5
[105–135] 2.9 3.8 4.1 4.8 5.0
[75–105] 3.6 4.5 4.7 5.2 5.4
[45–75] 3.0 3.6 3.8 4.3 4.5
[15–45] 2.0 2.4 2.6 3.0 3.1

[−15–15] 1.7 2.0 2.1 2.3 2.4
Omni 3.8 4.6 4.8 5.3 5.5

The peak wave periods (Tp) associated with extreme waves are derived from the
graph shown in Figure 7, highlighting the functional relationship between Hm0 and Tp for
all waves (omnidirectional). The matching coefficients are given in Table 3. These values
were used as boundary conditions for spectral wave simulations propagating waves from
offshore to the Channel mouth.

Figure 7. The significant wave height (Hm0) and peak wave period (Tp) at P1.

Table 3. Matching coefficients (Tp = a Hm0 b) at P1.

Percentage [%] 5 50 95

Matching coefficient a b a b a b
Tp 4.330 0.504 5.623 0.382 7.564 0.233

To simulate the extreme wave conditions in the Sulina Canal area, a local wave model
was developed using Mike 21 Flexible Mesh Spectral (Danish Hydraulic Institute).

The full spectral formulation is based on the wave action conservation equation,
presented in [34,35], where the direction–frequency wave action spectrum serves as the
dependent variable.
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3.1.2. Local Wave Climate Characterization

Specific wave events were simulated using a local wave model to provide extreme
wave conditions in the Sulina Channel area for stability analysis. Additionally, a 10-year
simulation of spectral waves (from 1 January 2011 to 31 December 2020) was conducted to
establish a database to assist in calculating littoral sediment transport processes.

The model is based on the topographic and bathymetric data provided within the
project, as well as data from open sources, as detailed in the input data chapter. The compu-
tational mesh consists of 7043 elements, with the smallest element area being approximately
3600 m2 and the largest 550,000 m2.

For specific wave events, Hm0, Tp, and MWD were determined based on the statistical
analyses described in previous sections. For the 10-year simulation, data were extracted
from the spectral wave model developed for the Black Sea.

3.1.3. Loads Acting on Protection Dikes

To accurately compute the loads on the protective dikes, it was necessary to simulate
local wave conditions using the above described 2D model for a series of selected events
(local wave climate characterization). The wave heights were extracted from the simulation
results and subsequently applied in the stability computations. The wave model was
simulated over an extended period to identify representative wave conditions in the bar
area that could affect the dikes. Detailed information regarding the current structure of
the dike, including its design and verification criteria, was not available. Therefore, the
analysis was conducted based on the relevant literature and expertise.

Due to the uncertainty regarding the probability associated with the design and verifi-
cation standards of the protective works and the size of the rocks used during construction,
it was reasonable to use, for calculations, events with a 1% return period. The wave heights
were extracted from the simulation results. The boundary conditions were used in the
dikes stability analysis by comparing design values for unit weights for the dike rocks
with known weights. In the calculations, a series of dike sections on the northern structure
(SN) and the southern structure (SS) of the Sulina Channel were considered, as shown in
Figure 8.

 

Figure 8. Sections selected for calculating loads on north and south dikes.

Sections were selected at the beginning of the dikes into the sea and upstream, ensuring
that a variety of wave heights and cross-sectional characteristics were captured. The two
sections at the sea entrance (dike heads) are designated as SNH (north) and SSH (south). The
analysis of the dike sections utilized the available LIDAR data, which included the most
recent and detailed measurements from the project’s survey campaign (2023) providing
crucial information on the actual dikes’ dimensions and slopes. The SS1 to SS6 sections
(located on the southern dike) have recorded water levels lower than the terrain elevation
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and, therefore, were not considered in the calculation of wind-generated wave loads on the
southern side.

The Hudson equations [36,37] were used to estimate the minimum unit weight re-
quired for the dike’s surface layer, assuming minimal damage due to wave action for
different dike sections. The overtopping height and overflow across the dike were calcu-
lated according to Eurotop [38]. The physical or geometric parameters related to the waves
characteristics that were included in the calculations are:

• H [m]—Wave height, which is the height of the wave from crest to trough,
• T [s]—Wave period, which represents the time it takes for two consecutive wave crests

to pass a fixed point,
• Direction (◦)—Wave direction, which is the angle of wave propagation relative to

true north,
• β [◦]*—A parameter related to the wave incidence angle relative to the dike structure,
• L [m]—Wavelength, which is the distance between two consecutive wave crests.
• h/L [-]—Ratio of water depth (h) to wavelength (L)
• H/h [-]—Ratio of wave height (H) to water depth (h).

Wave breaking was considered for horizontal beds with H/h = 0.78 and for sloped
beds with H/h = 0.55.

The required weight for tetrapod elements was also calculated to provide context for
the necessary weights to withstand wave loads for a 100-year return period.

3.2. Coastline Sediment Transport Model

The sediment transport models along the coast and within the Sulina Channel and
bar area were employed to estimate the dynamics of sediment deposition. This model
includes solid discharges from the channel, influenced by currents and waves, and marine
sediments deposited in the bar area due to changes in the flow regime.

A one-dimensional model (LITDRIFT), developed by DHI, was used to investigate
the temporal and spatial variation of sediment transport along the northern coast of the
Sulina Channel. It focuses on littoral evolution and excludes the two-dimensional processes
already addressed by other models. LITDRIFT is an integrated modeling system that
simulates non-cohesive sediment transport along quasi-stationary coastal lines using an
“n-line” approach, combining a robust deterministic sediment transport model with the
ability to simulate a wide range of wave and current scenarios, employing methods such
as the integrated momentum approach [39], the Engelund and Fredsoe model [40] for
bedload transport, and the vertical diffusion equation for suspended sediments [41] to
evaluate coastal currents and sediment transport for applications like coastal works impact
assessment and beach development optimization.

The inputs in the model are the wave climate, coastal profile data, sediment character-
istics, and water levels.

The LITDRIFT calculations were based on a 10-year wave climate simulation
(2011–2020). Three profiles were used to model the coastal zone between the Chilia branch
and the Sulina Channel. The results were presented as net and gross transport capacities
along these profiles and their distribution along the coastline.

3.2.1. The Wave Climate

The wave climate is the primary factor driving sediment movement. Wave data were
extracted from the hydraulic model, which provided time series of transformed waves
(height, period, and direction) at the seaward ends of the profiles. These locations (Figure 9),
with water depths of approximately −8 m relative to mean sea level (MSL), were chosen to
avoid the wave breaking and closure zones, ensuring the model captured a full range of
conditions. Predominant wave directions were identified as NE-E.
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Figure 9. The locations of the coastal profiles (red lines) and the associated wave climates represented
as wave roses. Satellite image from Google Earth Pro, dated 11 July 2017.

3.2.2. Coastal Profiles

For the given wave conditions, the shape of coastal profiles determines the wave
breaking zone and its magnitude. The profiles were derived from bathymetric data with
an 80 × 100 m resolution, primarily based on GEBCO Gridded Bathymetric Datasets,
and refined with higher-resolution local data. It is noted that the resolution may not
fully capture the beach slope and sand dune (Figure 10). Beach slopes were manually
adjusted using satellite imagery to reflect field conditions accurately. The profiles extended
perpendicularly from the shore to a depth of −8 m MSL.

Figure 10. Cross-sectional profiles extracted along the sand dune north of the Sulina Channel.
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3.2.3. Water Level

The variation in water levels within the study area is minimal, and the tidal range is
negligible. Therefore, a constant mean sea level was assumed for the simulations, as the
wave-induced variations were deemed more significant.

3.2.4. Sediment Characteristics

The model incorporated two median particle sizes (d50) of 0.15 mm and 0.2 mm, with
associated settling velocities of 0.0183 m/s and 0.0267 m/s. A roughness coefficient of
0.0037 m and 0.005 m was applied to account for coastal changes in the simulations.

3.3. Channel Sediment Transport

To simulate water flow and sediment transport in the downstream sector of the Sulina
branch, we developed a two-dimensional model that operated continuously on a distance
of 11 km from Sulina to the discharge point into the Black Sea. The model used is Mike
21 Flexible Mesh of Danish Hydraulic Institute from Denmark with Mud Transport (MT)
module. The hydrodynamic system is based on the Navier–Stokes equations, encompass-
ing the mass continuity equation, the momentum continuity equation, and variations in
temperature, salinity, and density, as well as incorporating a turbulence model, while com-
putational equations underlying the MT module are based on those described in [42]. For
enhanced accuracy and model stability, the calculation range was extended approximately
19 km northward, encompassing the Musura Gulf, and around 19 km eastward and 24 km
southward into the Black Sea.

The study area (Figure 3) was defined after the analysis of topo-bathymetric data,
superimposed on maps and orthophotos. This zone, covering 1077 km2, includes all
relevant features: the minor bed of the Sulina branch, defense dams, the locality, and the
extension into the Black Sea.

Based on the analyzed and vectorized data, a bathymetry file specific to MIKE 21 FM
software was created by constructing a network of finite elements (mesh) (Figure 11), with
various dimensions tailored to each area of interest:

Figure 11. The finite elements mesh (left and top right); Bathymetry file used in hydrodynamic model
(right down).
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• In the minor riverbed, quadrilateral elements were used with sizes varying from 90 ×
30 m to 90 × 10 m along the Channel. Locally, triangular elements with a maximum
size of 50 m2 were utilized in the upstream area. For the Danube River–Sulina Branch
mouth area, a triangular mesh with elements sized at 55 m2 was employed.

• For the rest of the domain, triangular elements were generated with surfaces ranging
from 500 m2 to 75,000 m2, and the element size progressively increased from the land
towards the Black Sea coast.

To find an optimal solution, it was essential to determine the appropriate number of
finite elements that would accurately describe the areas of interest while avoiding stability
and convergence issues and optimize the computational time. Based on the requirement for
precision and taking into account previous experience, a finite element network consisting
of 37,925 elements was established. Figure 12 displays the mesh details, allowing for an
observation of the elements’ density.

 

Figure 12. Detail of the network of finite elements (mesh).

The two-dimensional hydrodynamic model integrated the information below:

• Turbulent viscosity;
• The Manning Roughness Coefficient [43], n, crucial for the hydrodynamics of a water-

course, which was determined based on the following information:

o The type and size of materials composing the bed and banks of the riverbed;
o The shape of the riverbed.

To assess the vegetation and land use in the major riverbed, the roughness coefficients
were selected according to recommendations from specialized literature [44]. This selection
was further refined through analysis of available aerial photography charts. Using the
available land use data, the CLC (Corine Land Cover 2018) file was processed and improved,
assigning values to each type of use:

• The values assigned to n were between 0.023 and 0.027 in the minor bed of the Sulina
Channel;

• The Manning coefficient was set to 0.014 in the Black Sea area;
• The Manning coefficient ranged from 0.050 to 0.085 in the major riverbed.

Based on experience from previous studies and sensitivity analyses, an average wind
speed of 5 m/s and a direction of 55 degrees were used. Hydrological data (flow and levels)
from project measurement campaigns were also included, with an upstream flow value of
1410 m3/s and variable boundary level conditions for the northern and southern areas, the
beach, and the Black Sea.

The model integrates two-dimensional sediment transport processes, addressing sedi-
mentary flow and morphology changes through erosion or accumulation. Measurements
were processed to determine particle size distribution and bed stratification, enabling
precise simulation of sediment resuspension dynamics.
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The Engelund & Hansen model [45] was selected for sand transport, with the following
sediment properties: porosity—0.4, relative density—2.65, and particle diameter based
on field data, including a grain size of 0.15/0.2 mm for the Black Sea area. Roughness
coefficients from the hydrodynamic model were applied.

For mud transport, cohesive material transport was calculated based on flow condi-
tions, with additional data for three layers of parental material and erosion and density
parameters set according to field sampling information. Wave regime data, with average
values for height (1.0 m), period (3 s), and direction (55 degrees), were also incorporated.

Several fairway depth scenarios (8–12 m) were analyzed to simulate sediment trans-
port. The “Fairway −12 m” scenario was used as a baseline, representing an extreme but
informative hypothesis. The model was validated by comparing hydrodynamic results
with field measurements, showing accurate reproduction of flow phenomena.

3.4. Vessel Traffic Model

The model was further developed to analyze the dynamics of the fairway under the
influence of currents, waves, and naval traffic by incorporating elements that account for
the location and direction of ship movement, such as route, draught, propeller diameter,
speed, propulsion coefficient, and propeller RPM. It also considers the tangential forces
produced by the ship propellers, comparing them with the threshold force needed to
resuspend sediments, which helps in identifying areas of erosion and deposition.

4. Results and Discussion

4.1. Results of the Large-Scale Wave Model in the Black Sea Area and Sulina Bar and Small-Scale
Wave Model

The MIKE 21 SW non-stationary simulation was conducted over 10 years from 1
January 2011 to 31 December 2020. For example, the maximum values of wave heights can
be seen in Figure 13.

 

Figure 13. The maximum value of the significant wave height (Hm0) for a 10-year simulation.
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The maximum wave heights for a 100-year return period were determined using
the results from the MIKE 21 SW model. Table 4 presents the wave characteristics at the
selected sections.

Table 4. Wave properties at the selected sections.

Section H [m] T [s] Direction [◦] β * [◦] L [m] h/L H/h Wave Breaking

SNH 3.2 10.3 124 0 54.23 0.0756 0.780 Yes
SSH 3 10.3 96 0 53.61 0.0746 0.750 Yes
SN8 1.3 9.9 77 54 44.88 0.0668 0.433 No
SS8 1.24 9 146 57 30.13 0.0531 0.775 Yes
SN7 1.14 9.9 81 58 37.91 0.0554 0.543 No
SN6 1.03 9.9 87 64 47.34 0.0710 0.307 No
SN5 0.58 10.3 80 57 53.61 0.0746 0.145 No
SN4 0.19 9.9 22.5 0.5 44.17 0.0657 0.066 No
SN3 0.21 9.9 41 18 40.41 0.0594 0.088 No
SN2 0.19 10.6 48 25 38.24 0.0484 0.103 No
SN1 0.24 10.6 36 13 34.08 0.0428 0.164 No

The computed values for the minimum unit weight required for the surface layer,
overtopping height, and overflow across the dike are presented in Table 5, where KD is a
stability coefficient, W is the weight, and Q is the overflow over the crest.

Table 5. Estimated minimum weight of rocks along with overtopping height (Ru2%) and the overflow
over the crest (Q).

Section
Natural Rock Tetrapods Ru2%

[m]
Rc
[m]

Q
[m3/s.m]KD W [Tone] KD W [Tone]

SNH 1.1 24.61 4.5 6.02 2.37 4.7 0.03

SSH 1.1 14.96 4 4.12 2.25 5 0.00

SN8 2.4 1.21 - - 2.34 3 0.00

SS8 1.2 2.02 - - 2.27 3 0.00

SN7 1.2 1.77 - - 2.33 2.6 0.00

SN6 2.4 <1 - - 2.28 2.8 0.00

SN5 2.4 <1 - - 2.37 2.5 0.00

SN4 2.4 <1 - - 1.61 2.6 0.00

SN3 2.4 <1 - - 1.06 2.5 0.00

SN2 2.4 <1 - - 1.00 2.45 0.00

SN1 2.4 <1 - - 1.07 2.5 0.00

The unit weights of the surface layer components are reasonable along most of the
dike length, matching the known values of the stones forming the dike structure. For
the sections at the heads, these weights reach high values, justified by greater depths
and stronger wave impacts on these sections, which are the most exposed to the wave
climate. Given that the dike’s entire structure and the constituent rocks’ weight are only
partially known, it is impossible to conclude definitively on the stability of the protective
structure’s elements. However, the dikes’ stability was assessed by considering them as a
cohesive mass influenced by hydrostatic and hydrodynamic pressures from wave action.
The computation shows that the overtopping height Ru2% is lower than the freeboard for
all sections, and the overflow over the crest (Q) is negligible.

137



Water 2024, 16, 2779

4.2. Results of the Coastline Sediment Transport Model

A modeling scenario was implemented to analyze sediment transport dynamics
between the Chilia Branch and the Sulina Channel, corresponding to a median particle
diameter of 0.15 m. The 10-year time series of littoral sediment transport, illustrated in
Figure 14, focuses on Profile 2 for 0.15 mm.

 

Figure 14. Time series of estimated littoral transport (m3) over 10-years for Profile 2, with a beach
orientation of 94◦ and a sand particle size of 0.15 mm. Negative values indicate transport towards
the north, whereas positive values indicate transport towards the south.

These time series highlight seasonal and interannual variations in sediment transport,
most occurring during winter. Notably, negative values indicate sediment transport from
south to north, while positive values indicate transport from north towards the Sulina
Channel and bar. Similar sediment transport trends are observed in Profiles 1 and 3.

The distribution of modeled sediment transport along the cross-sectional profiles is
presented in Figure 15. The charts display the bathymetric elevation (relative to mean sea
level) on the left Y-axis and transport rates on the right Y-axis, including annual net and
gross transport rates from north to south and from south to north.

Remember that Net Transport is defined as the difference between the transport in
both directions. In contrast, Gross Transport refers to the sum of transport in both directions,
considering movement from the Sulina Channel towards Chilia and vice versa.

The resulting distribution indicates that sediment transport is mainly concentrated
along the slope of the beach and sand dune (as observed in Profile 3) and around the beach
where waves break, generating littoral currents and, consequently, sediment transport.

For sediments with a median diameter (D50) of 0.15 mm, the net transport capacities
(the difference between transport capacities in both directions, N-S and S-N) across the
three modeled profiles range from approximately 40,000 m3/year to 70,000 m3/year. The
predominant direction of transport for all three profiles is from north to south towards
the Sulina Channel. The annual gross transport capacities range from 150,000 m3/year to
230,000 m3/year.

Considering the limitations in data availability, net sediment transport along the
coast north of the Sulina Channel is estimated to range between 30,000 m3/year and
70,000 m3/year towards the river mouth. Consequently, an intensive deposition process is
expected in the river mouth area. However, sedimentation and annual sediment transport
are likely to increase due to additional sediment input from the Danube, which also deposits
in the Sulina bar area.

Figure 16 shows the results of the sediment transport model along the coast. The mea-
surement unit is 1000 m3/year. The net transport (left number) and gross transport (right
number) are shown in yellow, along with the transport direction. The profile orientation
relative to the beach is shown in green.
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Figure 15. The distribution of littoral transport across three profiles for sediment sizes with a median
diameter (D50) of 0.15 mm.

 

Figure 16. Forecasted littoral transport capacities for 0.15 mm sediments.
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4.3. Results of the Channel Sediment Transport Model

The results show sediment deposition in the Sulina Channel’s discharge area into
the Black Sea. A representative image shows bed elevation changes from −12.0 m to
about −7.3 m. The sediment deposition dynamics were analyzed in various scenarios,
with estimates for required maintenance volumes. Figure 17 shows, in the longitudinal
profile through the bar, the differences between the results obtained from the modeling
(green line), the topo-bathymetric data obtained in the project campaign (blue line), and
the processed file in which the fairway level has been established as −12 m (red line).

 

Figure 17. Comparison between modeling result and DTM in the current situation—longitudinal
profile.

All available historical data have been used for a proper comparison with the re-
sults from the coupled hydrodynamic-sediment transport model. The historical data
were acquired during various monitoring surveys done in 2018, 2022, and 2022 by the
Lower Danube Administration specialists. The comparison has pointed out a dynamic
phenomenon of sediment deposition in the river channel around the river mouth area.
The deposition is slightly uneven, both transversally and longitudinally, but happens
continuously.

Figure 18 depicts the comparison between the simulated deposition (green line) and
the measured deposition bar.

 

Figure 18. Comparison between the simulated scenario and historical measurements.
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4.4. Results of Vessel Traffic Model

Simulations conducted over a week, with approximately 150 vessels of 11.5 m draught
moving at 2.5 m/s, revealed that ships cause additional erosion along their routes, par-
ticularly in the upper layer of less consolidated clay. This erosion process stabilizes after
3–5 passages, with the more consolidated second layer experiencing less erosion. Scenarios
involving tugboat-assisted vessels showed similar trends, with slightly higher erosion at
the fairway’s edges.

The model results indicate that a vessel with a draught of 11.5 m transiting the
new navigable channel generates additional erosion due to the currents produced by the
propellers. The results show that this additional erosion generally occurs within a 30–50 cm
range, with only a few areas where these values are exceeded (Figure 19).

 

Figure 19. Riverbed erosion due to propellers.

For ships with a draught of 7 m, propeller effect on sediment transport is minimal.
It is crucial to note that the erosion caused by vessels is primarily concentrated along

the ships’ route. This means that vessels do not impact the dikes if they adhere to the
defined channel route. Therefore, it is of utmost importance that ships remain as close
as possible to the channel’s center, thereby avoiding additional tangential stress on the
dike bottoms.

4.5. Discussion

Regarding the sediments recolonization, the results show that the Sulina Channel
mouth area is highly dynamic. The particles resedimentation occurs quite rapidly, with
the water depth varying from −12 m to the stability depth of around −7 m in one to two
months. Figure 20 presents the riverbed evolution in time in a representative area of the
bar. Remark that about 800 h after dredging, the depth to the riverbed is above −7 m.

This recolonization happens mainly in places with a sudden transition between the
Danube’s fluvial flow regime and the Black Sea’s marine current regime because sand parti-
cles from the Black Sea are deposited rapidly. The obtained results match the observations
regarding the deposition area and deposited quantity and the development of a sand dune
from north to south directly through the Sulina bar.

The dikes’ stability analysis has shown that the longitudinal dike along the Sulina
canal is stable and not influenced by external conditions in terms of the lateral pressure
applied by the hydrodynamic wave forces and potential erosion or rock displacement
caused by waves overtopping.
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Figure 20. Evolution of the seabed level in the Sulina Channel’s mouth area.

In this study, an additional scenario considered the vessel propulsion, where the
vessel would not be self-propelled but rather assisted by tugboats, which would have
much smaller draughts than the cargo vessel. The same route and travel speed have been
proposed as for the self-propelled vessel. This scenario was mainly simulated to assess if
the tugboats would induce any scouring in the protection dikes. The simulation results
showed that the tugboats would not have a scouring impact on the dikes’ bottom, thus not
threatening the dike stability. Also, considering the smaller draught values, the tugboat
propellers are not powerful enough to cause any significant material resuspension.

The study brings significant insight into the integrated dynamics of various forcings
(waves, currents, winds, river discharge, mud transport, sediment transport, and vessel
traffic) that act on the Sulina Channel’s mouth area and bar.

The novelty of the study is represented by:

• Proposing various models for assessing the individual and combined effects of the
processes that impact the navigability in the Sulina Channel;

• Designing a vessel traffic model to evaluate the impact of the increased vessel traffic
(that takes into account the increase in vessel sizes) on the sediment resuspension;

• Evaluating the potential sediments’ redeposition in the Sulina bar area;
• Evaluating the dredging period to maintain the navigability on the canal. This is

especially important during wintertime when the bar could suffer significant re-
sedimentation due to storms and increased sediment transport.

5. Conclusions

The study brings significant insight into the complex dynamics occurring in the
Sulina Channel mouth area accounting for the combined effects of natural forces and
anthropogenic activities. Its novelty consists of presenting an integrated approach that
aims to obtain the necessary input to fully assess the area in terms of interactions between
waves, currents, river flows, and sediment transport and the impact of vessels’ navigation
on sediment resuspension in the Sulina Channel.

Through advanced hydrodynamic, wave, and sediment transport models, the follow-
ing key conclusions have been drawn.

• The transition zone between the Danube River and the Black Sea experiences signif-
icant sedimentation, primarily due to the fine materials carried by river discharge
and sand deposited by marine currents. This finding is crucial for planning regular
maintenance dredging and the associated costs for maintaining the navigability in
the Channel.

• The vessels’ transit contributes to additional erosion along predefined routes, with
propeller-induced currents causing significant sediment resuspension. Erosion stabi-
lizes after multiple vessel passages, primarily affecting the less consolidated upper
sediment layers.
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• The developed wave model successfully estimated the wave conditions impacting the
Sulina Channel and its infrastructure, providing essential data for understanding the
coastal sediment transport processes.

• Extreme wave height analyses revealed significant wave directions predominantly
between 60◦ N and 120◦ N. Therefore, it is necessary to consider these directions in
future coastal management plans.

• Stability analyses of the dikes along the Sulina Channel demonstrate that the existing
structures can withstand extreme hydrodynamic forces, with calculated wave-induced
pressures confirming the dikes’ resilience. Longitudinal dikes were stable against both
lateral hydrodynamic pressures and potential erosion or rock displacement caused by
wave overtopping, ensuring the continued protection of the Sulina Channel.

The findings underscore the importance of an integrated approach in managing
navigable waterways, ensuring operational efficiency and environmental sustainability.

To enhance the accuracy of future studies, it is recommended that more detailed
field measurements be acquired, particularly regarding wave and current conditions in
the Black Sea. Further investigations should include the impact of wake waves on dike
erosion processes and sensitivity analyses of different vessel characteristics to refine the
understanding of their effects on sediment transport.

Overall, this study presents significant insights into the complex dynamics at the
Sulina Channel mouth, offering valuable information that could significantly shape the
future of the sustainable management and maintenance of this critical navigational route.
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Abstract: In the arid Arabian Peninsula, particularly within the United Arab Emirates (UAE), the
perception of rainfall has shifted from a natural blessing to a significant challenge for infrastructure
and community resilience. The unprecedented storm on 17 April 2024, exposed critical vulnerabilities
in the UAE’s urban infrastructure and flood management practices, revealing substantial gaps in
handling accumulated precipitation. This study addresses the necessity of updating the Intensity–
Duration–Frequency (IDF) curves for the Sharjah Emirate by utilizing recent precipitation data
from 2021 to April 2024, alongside previously published 2020 data. By recalibrating the IDF curves
based on data from three meteorological stations, this study reveals a substantial increase in rainfall
intensities across all durations and return periods. Rainfall intensities increased by an average of
36.76% in Sharjah, 26.52% in Al Dhaid, and 17.55% in Mleiha. These increases indicate a trend towards
more severe and frequent rainfall events, emphasizing the urgent need to revise hydrological models
and infrastructure designs to enhance flood resilience. This study contributes valuable insights
for policymakers, urban planners, and disaster management authorities in the UAE and similar
regions worldwide.

Keywords: intensity–duration–frequency (IDF) curves; update; urban floods; rainfall; Sharjah City;
the UAE

1. Introduction

In the arid region of the Arabian Peninsula, particularly within the UAE, the long-
anticipated arrival of rain has shifted from being a natural blessing to becoming a formidable
and hazardous event. What was once a welcomed event has become intertwined with
urban floods, steadily intensifying in both amount and depth, thereby posing a growing
threat to the community and the surrounding environments. The rainfall occurrences on
17 April 2024, in the UAE highlighted significant vulnerabilities in the nation’s infras-
tructure and community readiness. According to the Emirates News Agency, WAM, this
event exceeded any previously recorded rainfall since data collection began in 1949 [1].
Substantial shortcomings were revealed in the drainage systems’ capacity to manage storm
runoff effectively. Extensive urban regions experienced unprecedented flooding, surpassing
previous records and lasting expectations. Instances of complete ground-floor submersion
of residential properties were observed across various regions of the country, as depicted
in Figure 1a,b. Major and local road blockages remained for several days, as evidenced in
Figure 2a,b. Vehicles submerged entirely were a ubiquitous sight, illustrated in Figure 3a,b.
Moreover, without exception, all wadis reverted to their original courses, some of which
had not been seen for decades. Notably, a significant wadi, originating from the eastern
mountains between the UAE and Oman and terminating at the Gulf in Umm Al Quwain
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city in the north, caused substantial damage to roads and water tunnels inadequately
equipped to manage its actual capacity and variability, as illustrated in Figure 4a,b.

 
(a) (b) 

Figure 1. (a,b) The submersion of ground floors in residential properties.

  
(a) (b) 

Figure 2. (a,b) The submergence of major roads due to rainwater.

  
(a) (b) 

Figure 3. (a,b) Vehicles partially and fully submerged.

Consequently, nationwide schools became inaccessible, prompting a transition to
online education for over four days across all cities, with an extension to six days for
schools in flood-affected areas. Similarly, government departments implemented a shift
to online work arrangements for all employees nationwide, spanning four days from
the onset of the rainstorm. Regrettably, official reports have confirmed the loss of a life
resulting from a sink accident in Wadi Isfni, located within the southern regions of Ras
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Al Khaimah [2]. This was a time of significant impact, as detailed in this paper. The
briefly documented findings above can serve as valuable references for future research and
exploration, addressing the tangible and complex contexts of this topic.

  
(a) (b) 

Figure 4. (a,b) Two roads impacted by the destructive wadi.

Considering the vast and unprecedented impacts of the April 2024 urban floods on
the UAE and the surrounding region compels us, as researchers and specialists in this
field, to take a stance on the distressing circumstances that revealed vulnerabilities in the
mechanical operations of drainage infrastructure and underscored the significance of the
findings and recommendations derived from valuable research conducted over the past
decade. A previous study by Almheiri et al. (2021) analyzed the influence of cloud-seeding
operations on IDF curve values and proposed two significant recommendations to mitigate
potential urban flood impacts in the region [3]. These recommendations encompassed a
re-evaluation of the comprehensive functionality of urban stormwater drainage systems as
essential components of city development and the regular updating of IDF data to accom-
modate evolving climatic conditions. Furthermore, the study emphasized the importance
of assessing the broader ramifications of these changes, particularly on the efficacy and
functionality of storm drainage networks within the urban environment.

In the UAE, the precision and reliability of hydrological assessments are critically con-
strained by the limited historical meteorological data, especially concerning IDF curves [3].
These curves are crucial for analyzing how rainfall intensity varies with its duration and
frequency, providing essential data for accurately predicting extreme weather events and
designing systems that can effectively manage and mitigate flood risks. The scarcity of
comprehensive, long-term rainfall data has hindered the accurate formulation of these
assessments. This limitation has become particularly evident through the recurrent failures
of hydrological infrastructure to adequately manage and respond to rainfall events over
the past decade [4]. This underscores the urgent need for updated and more accurate IDF
curves to enhance infrastructure resilience and improve flood management practices in the
face of changing weather patterns.

The situation is further complicated by the impacts of climate change, which introduce
significant variability in rainfall intensity, frequency, and overall weather patterns. The
increasing unpredictability of climatic conditions necessitates regular updates to IDF
curves to ensure they reflect these evolving climatic shifts accurately [5]. Existing IDF
curves are increasingly inadequate as shifts in hydro-climate variables, such as rainfall and
temperature, no longer align with current conditions or account for recent trends in urban
development [6]. As climate patterns become more erratic and extreme weather events
become more frequent, the necessity for revising these curves is more pressing than ever.

Furthermore, urban expansion profoundly affects hydrological dynamics, necessitat-
ing updates to IDF curves to accurately represent changes in land use [7]. As cities grow
and land use patterns shift, the hydrological response of regions evolves, requiring precise
adjustments to IDF curves. Incorporating the latest meteorological data into these curves is
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crucial for advancing flood risk management, supporting strategic urban planning, and
enhancing preparedness for extreme weather events. Accurate IDF curves are essential for
effectively addressing the rapidly changing environmental conditions in the UAE. By ensur-
ing that infrastructure and flood management strategies are based on the most up-to-date
information, cities can develop resilient and cutting-edge systems capable of confronting
the challenges posed by both climate change and accelerated urbanization.

This study is set to advance the understanding of evolving weather patterns and their
implications for urban floods and aims to update the IDF curve values for the Sharjah
Emirate, utilizing the latest precipitation data from 2021 to April 2024. By integrating these
recent datasets with existing historical records that span from 1992 to 2020, the IDF curves
will be recalibrated and compared with previous values across three distinct meteorological
stations. This comprehensive approach enables the refinement of flood risk assessments
and enhances infrastructure planning, ensuring that current and future urban development
is supported by the most accurate and up-to-date hydrological data.

2. Methodology

2.1. Description of the Study Area

Sharjah, situated within the UAE, is recognized as the third-largest emirate in the
country, encompassing a total land area of 2600 square kilometers. Geographically, it is
positioned approximately between 25.2◦ N to 25.4◦ N and 55.4◦ E to 55.6◦ E. Sharjah serves
as a pivotal urban hub, bordered by Ajman and Al Um Al Quwain to the north, Fujairah
and Ras Al Khaimah to the east and southeast, Dubai to the south, and the Arabian Gulf to
the west (refer to Figure 5). The emirate comprises three distinct regions: Sharjah City in
the west, the central region, and the mountainous eastern region. This paper will focus on
Sharjah City and the central region, following the approach of the 2021 baseline study [3].

 

Figure 5. Map of the UAE showing the location of the Sharjah Emirate and its three regions [8].

2.2. Data Collection

The previous study [3] utilized rainfall data from three meteorological stations within
the Sharjah Emirate, as detailed in Table 1 [9–13].
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Table 1. Meteorological station coordinates and rainfall observation dates.

Station
Name

Altitude
(M amsl)

Coordinates Original Records
Duration

Extended Records Duration
“Previous Paper”

Newly Added Records
DurationLongitude Latitude

Sharjah
Airport 34 55◦ 31 02 E 25◦ 19 43 N 16 September

2014–31 May 2020

1 January 1992–31 May 2020 1 June 2020–17 April 2024Al Dhaid 111 55◦ 49 01 E 25◦ 14 13 N 1 March 2010–31
May 2020

Mleiha 186 55◦ 53 17 E 25◦ 07 50 N 1 January 2003–31
May 2020

These stations, located in Sharjah City, Al Dhaid, and Mleiha, as shown in Figure 6,
were strategically chosen to capture diverse geographical perspectives, ensuring unbiased
results concerning IDF curve values and comprehensively depicting trends. As indicated in
Table 1, the initially acquired hourly records for each station were limited to the years 2014
in Sharjah, 2010 in Al Dhaid, and 2003 in Mleiha. However, data from the nearby Dubai
Airport spanning from 1992 were employed to address gaps in the dataset. The multivariate
self-organizing map (SOM) artificial neural network was employed to interpolate missing
data for the Sharjah stations. Detailed information on the application of a self-organizing
map for data infilling can be found in references [9–13]. As of 17 April 2024, these records
have been updated to facilitate comparative analysis following recent flooding events in
the UAE.

 
Figure 6. Map of the Sharjah Emirate showing the locations of the meteorological stations used in
this study [8].

This study employs a rigorous methodology to update the IDF curve values for three
meteorological stations in Sharjah, utilizing the latest rainfall data from the past three years
and four months alongside historical records. The updated IDF values will be compared to
the 2020 values for each station independently. This methodology aims to achieve three
primary objectives: first, to build upon the approach established in the previous study;
second, to minimize bias by analyzing data from three distinct meteorological stations
situated in different geographical locations; and third, to assess changes in IDF curve
values, whether increases or decreases.
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The Gumbel Distribution is employed to characterize extreme rainfall events at these
stations. Additionally, statistical analyses are conducted using historical rainfall data to
determine the 24 h annual maximum and mean annual rainfall figures. These results are
fundamental for generating updated IDF curves and enabling a comparative statistical
assessment against previous data. The findings will be disseminated for the benefit of
researchers and other stakeholders.

The entire process is implemented using the HyFran-Plus Version 2.1 frequency anal-
ysis software tool [14]. This comprehensive approach underscores the necessity of reg-
ularly updating IDF curves to effectively address the evolving hydrological conditions
and support robust flood risk management and infrastructure planning at both local and
regional levels.

2.3. Frequency Analysis

To analyze the frequency of extreme rainfall events, we use the Weibull formula (1) to
calculate the probability P of exceeding each ranked annual maximum rainfall:

P =
Rank − a + b

(n + 1)− 2a + b
, (1)

where a and b are set to zero, and n is the number of years. The return period T, the average
interval in years between storms of a given magnitude, is then determined by Equation (2):

T =
1
P

, (2)

Using historical rainfall data, we rank maximum daily rainfall depths and calculate
the probability of exceedance and corresponding return periods. The HyFran-Plus Version
2.1 software [14] is employed for this frequency analysis, using Weibull and Gumbel distri-
butions to fit the data, specifically focusing on a 100-year return period for the estimations
in this study.

The maximum daily rainfall depth for any given return period was calculated based
on the best-fitting distribution. Following the World Meteorological Organization (WMO)
2009 guidelines [15], daily rainfall amounts are adjusted by a factor of 1.13 to correct for
observational biases.

For different return periods, the rainfall intensities over various durations (e.g.,
10 min, 20 min, 30 min, 60 min, 120 min) were computed using depth–duration ratios de-
rived from Frederick and Bell (1969) [16]. The depth–duration ratio is given by Equation (3):

PTt

PT60 = 0.54t0.25 − 0.50 i f 5 ≤ t ≤ 120 , (3)

where PTt is the rainfall depth at duration t, and PT60 is the maximum 60 min rainfall depth.
Finally, the IDF curves were developed by plotting the computed IDF values, pro-

viding critical insights into the intensity and frequency of rainfall events. These steps are
instrumental in evaluating historical rainfall data and predicting future trends, ensuring
robust planning and management of water resources [3].

2.4. Statistical Analysis of IDF Curve Fitting

Updating IDF curve values requires a thorough statistical analysis to ensure preci-
sion and reliability. This process involves fitting rainfall data to appropriate probability
distributions to derive accurate IDF curves for the Sharjah Emirate.

The Gumbel Distribution is employed to model extreme rainfall events due to its
proven effectiveness in capturing such extremes. The IDF curves are generated by analyz-
ing annual maximum rainfall data from three meteorological stations across the Sharjah
Emirate, as detailed in Section 2.2. The data used include rainfall records from January
1992 to April 2024. The analysis is conducted using the HyFran-Plus Version 2.1 frequency
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analysis software [14], which facilitates the statistical fitting of data to both Weibull and
Gumbel distributions.

The process begins with ranking the annual maximum daily rainfall depths to compute
the probability of exceedance. This probability is crucial for determining the return period,
which represents the average time interval between rainfall events of a given magnitude.
The analysis then calculates the return period and associated rainfall intensities for various
durations, ranging from 10 to 120 min. These data are essential for updating the IDF curves,
which illustrate variations in rainfall intensity across different durations and return periods.

To ensure the robustness of the IDF curves, depth–duration ratios are calculated. These
ratios account for variations in rainfall duration and ensure that the IDF curves accurately
reflect realistic rainfall patterns. The ratios are derived from established guidelines and
used to refine the IDF values.

A significant advancement in this study is the use of the multivariate self-organizing
map (SOM) neural network, which was employed in our previous paper, as referenced in
Section 2.2. This approach has provided an extended and reliable set of historical rainfall
records for Sharjah City, synthesizing an additional 21 years of hourly rainfall data for
the three meteorological stations. This improvement enhances the efficacy and reliability
of future design studies in the study area, as discussed by Almheiri et al. (2021) [3]. By
effectively addressing the issue of incomplete and missing data in historical meteorological
records, the SOM neural network offers effective solutions for infilling these records,
significantly improving the comprehensiveness of the dataset.

Overall, the rigorous statistical fitting and analysis ensure that the updated IDF curves
for the Sharjah Emirate are based on the most recent and comprehensive rainfall data,
accurately reflecting current hydrological conditions. This approach provides valuable
insights into rainfall frequency and intensity, supporting effective flood risk management
and infrastructure planning.

3. Results and Discussion

The IDF curves are essential for understanding rainfall characteristics and estimating
frequency and intensity. Recent high rainfall in the Sharjah Emirate has raised concerns
about the adequacy of existing IDF values to reflect changing precipitation patterns. Up-
dated IDF curves for the Sharjah Airport, Al Dhaid, and Mleiha stations were compared
with 2021 values. The revised figures show a significant rise, likely due to long-term
climate oscillations rather than cloud seeding. This finding aligns with Modabbermm-Azizi
et al. [17], who observed similar variability in Iran. Recent rainfall records in the UAE have
surpassed all previous levels since data collection began in 1949.

The comprehensive rainfall dataset spanning from 1992 to 2020, which was collected
and analyzed previously [3], is summarized in Table 2. Table 3 documents the correspond-
ing records up to 30 April 2024, providing an up-to-date depiction of rainfall patterns.
These updated records have not only contributed to establishing a robust climatological
database but have also served as inputs for calculating the updated IDF curve values for
the Sharjah Emirate, as discussed in Section 3.1.

Significantly, the NEW IDF values, updated with additional rainfall data from January
2021 to April 2024, have exceeded all previous OLD IDF values, which are based on rainfall
records from January 1992 to 2020, as compared in Table 4. These findings underscore the
significance of recording and updating meteorological data, particularly in a country like
the UAE, where past records are relatively limited and a comprehensive understanding of
rainfall intensity fluctuations is still developing.
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Table 2. Maximum daily rainfall depths (mm) across three stations (1992–2020).

Year Sharjah Al Dhaid Mleiha

1992 11.4 8.3 5.1
1993 2.4 0 0
1994 2.4 15 61.3
1995 32.8 53.5 156.7
1996 16 26.6 121.1
1997 13 24.6 92.4
1998 14.3 24.3 43.5
1999 4.8 30.1 88.6
2000 10.1 26.8 71.7
2001 2.4 15.7 47.8
2002 5.9 14.2 44.3
2003 10.1 11 23.8
2004 7.6 5.8 9.8
2005 17.4 6.1 12.2
2006 7.4 37.3 18.2
2007 0.4 2.6 24
2008 61 41 50.4
2009 26.9 11.7 18.6
2010 24.3 36.8 22.2
2011 11.7 17 17.8
2012 5.5 30.2 62.6
2013 10.3 26.6 29.6
2014 6.5 14 34.8
2015 37.4 5.5 13.6
2016 13.5 140.8 461
2017 10.9 17.2 146.8
2018 78.2 7.2 25
2019 39.8 10.6 28.8
2020 53.9 41.2 64.3

Mean 18.6 24.2 61.9

Table 3. Maximum daily rainfall depths (mm) across three stations (2020–30 April 2024).

Year Sharjah Al Dhaid Mleiha

2021 13.2 12.7 17.7
2022 32.2 33.3 39.8
2023 44 62 55
2024 123.8 153.2 163.4

Mean 53.3 65.3 69.0

Table 4. Comparison of NEW 1 2024 IDF curve values with OLD 2 2020 data.

Return Period City
IDF Curve Values over Different Durations (mm/h)

10 min 20 min 30 min 60 min 120 min

2

Sharjah OLD 25.09 17.50 13.88 9.11 5.85
NEW 34.96 24.38 19.34 12.70 8.15

Al Dhaid
OLD 31.92 22.26 17.66 11.59 7.44
NEW 44.24 30.85 24.47 16.07 10.31

Mleiha
OLD 73.10 50.98 40.44 26.55 17.04
NEW 92.66 64.62 51.25 33.65 21.60
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Table 4. Cont.

Return Period City
IDF Curve Values over Different Durations (mm/h)

10 min 20 min 30 min 60 min 120 min

3

Sharjah OLD 39.32 27.42 21.75 14.28 9.16
NEW 55.46 38.68 30.68 20.14 12.93

Al Dhaid
OLD 51.19 35.70 28.32 18.59 11.93
NEW 70.69 49.30 39.10 25.67 16.48

Mleiha
OLD 127.13 88.65 70.32 46.17 29.63
NEW 158.69 110.66 87.78 57.63 36.98

5

Sharjah OLD 55.42 38.65 30.66 20.13 12.92
NEW 78.30 54.60 43.31 28.43 18.25

Al Dhaid
OLD 73.48 51.24 40.65 26.68 17.13
NEW 100.15 69.84 55.40 36.37 23.34

Mleiha
OLD 190.78 133.05 105.53 69.28 44.46
NEW 232.23 161.95 128.46 84.34 54.12

10

Sharjah OLD 77.70 54.19 42.98 28.22 18.11
NEW 106.99 74.61 59.18 38.85 24.94

Al Dhaid
OLD 104.84 73.11 57.99 38.07 24.43
NEW 113.17 78.92 62.60 41.10 26.38

Mleiha
OLD 285.23 198.91 157.77 103.58 66.48
NEW 324.64 226.39 179.57 117.89 75.66

20

Sharjah OLD 99.80 69.60 55.20 36.24 23.26
NEW 134.51 93.81 74.40 48.85 31.35

Al Dhaid
OLD 136.19 94.98 75.33 49.46 31.74
NEW 172.68 120.42 95.52 62.71 40.25

Mleiha
OLD 379.68 264.78 210.02 137.88 88.49
NEW 413.28 288.21 228.60 150.08 96.32

50

Sharjah OLD 128.82 89.84 71.26 46.78 30.02
NEW 170.14 118.65 94.11 61.79 39.65

Al Dhaid
OLD 177.56 123.83 98.22 64.48 41.38
NEW 218.64 152.47 95.52 79.40 50.96

Mleiha
OLD 508.13 354.35 281.07 184.53 118.43
NEW 528.01 368.22 292.07 191.75 123.06

100

Sharjah OLD 150.73 105.11 83.37 54.74 35.13
NEW 196.83 137.27 108.88 71.48 45.87

Al Dhaid
OLD 209.67 146.22 115.98 76.14 48.87
NEW 253.08 176.49 139.99 91.91 58.98

Mleiha
OLD 606.35 422.85 335.40 220.20 141.32
NEW 613.99 428.18 339.62 222.97 143.10

Note(s): 1 NEW: IDF values updated with additional rainfall data from January 2021 to April 2024. 2 OLD: IDF
values from 2020, based on January 1992 to 2020 rainfall records.

3.1. Analysis of Updated IDF Curve Values in Sharjah City, Al Dhaid, and Mleiha

Table 4 provides a detailed overview of IDF curve values for various durations (10, 20,
30, 60, and 120 min) and return periods (2, 3, 5, 10, 20, 50, and 100 years) for three distinct
locations: Sharjah City, Al Dhaid, and Mleiha. The data are divided into two categories:
OLD and NEW, as mentioned in Section 3 above. This division enables a comparative
analysis to evaluate the impact of recent high rainfall records on IDF curves and to provide
insights into potential changes in precipitation patterns due to extreme weather. It is
important to note that each station is studied independently and compared within the old
and new datasets rather than comparing values across different stations. The following
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subsections will illustrate the statistical comparison of OLD and NEW IDF curve values for
each station under study.

3.1.1. Sharjah City

A comparison of IDF curve values between OLD and NEW records for Sharjah City
reveals a significant increase in rainfall intensities across all durations and return periods.
This trend is particularly pronounced for shorter durations (10 and 20 min) and lower
return periods (2 and 3 years). For example, for a 2-year return period, the 10 min duration
increased from 25.09 mm/h to 34.96 mm/h, representing a 39.3% rise, while the 60 min
duration increased from 9.11 mm/h to 12.70 mm/h, showing a 39.4% rise. These changes
are illustrated in Figure 7a.

 
(a) 

 
(b) 

 
(c) 

Figure 7. Cont.
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(d) (e) 

Figure 7. (a) The increase in IDF curve values for a 2-year return period in Sharjah City. (b) The
increase in IDF curve values for a 10-year return period in Sharjah City. (c) The increase in IDF curve
values for a 100-year return period in Sharjah City. (d,e) OLD and NEW IDF curve values for Sharjah
City, respectively.

Figure 7a presents the increase in IDF curve values for a 2-year return period in Sharjah
City. A clear upward shift in the intensity–duration curve is observed, indicating a notable
increase in rainfall intensity. This suggests that Sharjah City is experiencing more intense
rainfall events even for shorter durations, and this trend needs to be considered in urban
planning and flood management.

Figure 7b demonstrates the increase in IDF curve values for a 10-year return period.
Similar to Figure 7a, a clear upward shift in the curve is seen, indicating an increase in
rainfall intensity. For example, the 30 min duration for a 10-year return period increased
from 42.98 mm/h to 59.18 mm/h, reflecting a 37.7% rise. This suggests that the trend of
increased rainfall intensity is not limited to shorter return periods but also applies to longer
return periods.

Figure 7c shows the increase in IDF curve values for a 100-year return period. Again,
a consistent upward shift in the curve is noted, suggesting a continued trend of increasing
rainfall intensity even for the longest return period considered. For the 30 min duration,
the intensity rose from 83.37 mm/h to 108.88 mm/h, representing a 30.6% increase.

These trends suggest that Sharjah City is experiencing increasingly intense rainfall
events, highlighting evolving climate patterns in the region. An overall comparison of the
OLD and NEW IDF curve values reveals significant increases in rainfall intensities across
various return periods, indicating a shift towards more severe rainfall. This shift is depicted
in Figure 7d for the OLD values and Figure 7e for the NEW values.

Figure 7e displays the updated IDF curves, highlighting a consistent and notable
increase in rainfall intensities across various return periods and durations. This pattern
clearly indicates a rising frequency and intensity of rainfall events over time, underscoring
a growing vulnerability of Sharjah City’s infrastructure and systems to more severe rainfall.
The observed changes emphasize the urgent need for enhanced adaptation and resilience
strategies to effectively mitigate the potential impacts of these more intense events. A
thorough understanding of these trends is essential for effective future planning and
risk management.

3.1.2. Al Dhaid

A comparison of IDF curve values between OLD and NEW values for Al Dhaid reveals
a significant increase in rainfall intensities across all durations and return periods. Similar
to the analysis conducted for Sharjah City, this trend is particularly pronounced for shorter
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durations (10 and 20 min) and lower return periods (2 and 3 years). For example, for a
2-year return period, the 10 min duration increased from 31.92 mm/h to 44.24 mm/h,
reflecting a 38.6% rise, while the 60 min duration rose from 11.59 mm/h to 16.07 mm/h, a
38.7% increase. These changes are illustrated in Figure 8a.

(a) 
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Figure 8. Cont.
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(d) (e) 

Figure 8. (a) The increase in IDF curve values for a 2-year return period in Al Dhaid. (b) The increase
in IDF curve values for a 10-year return period in Al Dhaid. (c) The increase in IDF curve values for a
100-year return period in Al Dhaid. (d,e) OLD and NEW IDF curve values for Al Dhaid, respectively.

The trend of increased rainfall intensity is not limited to shorter return periods, as
evident in Figure 8b,c. These figures illustrate that rainfall intensity has increased for both
10-year and 100-year return periods, demonstrating a consistent upward shift in the IDF
curve values. This suggests a sustained trend of increasing rainfall intensity across all
return periods. For example, the rainfall intensity for a 10-year return period with a 30 min
duration increased from 57.99 mm/h to 62.60 mm/h (a 7.9% rise), as shown in Figure 8b.
This increase is even more pronounced for a 100-year return period with a 30 min duration,
where the rainfall intensity surged from 115.98 mm/h to 139.99 mm/h (a 20.7% increase),
as illustrated in Figure 8c.

Figure 8d,e provide a visual comparison of the OLD and NEW IDF curves for Al
Dhaid, clearly illustrating the increase in rainfall intensity across various durations and
return periods. This consistent upward trend in the curves underscores the shift towards
more intense rainfall events.

Figure 8e specifically presents updated IDF curves for Al Dhaid, confirming the trend
of increasing rainfall intensity observed across the study area. These curves reveal a
significant increase in rainfall intensity across a range of durations and return periods,
particularly for shorter durations and lower return periods. This suggests a potential shift
towards more frequent and intense rainfall events.

Comparing these findings to the results observed in Sharjah City, the pattern of
increasing rainfall intensity across various durations and return periods appears to be a
consistent trend across the entire study area, indicating a possible broader shift in rainfall
patterns affecting the region.

3.1.3. Mleiha

A comparison of IDF curve values between OLD and NEW records for Mleiha reveals
a significant increase in rainfall intensities across all durations and return periods. However,
the percentage increase is relatively lower than in the other two stations, likely due to
Mleiha’s initially higher rainfall records. Figure 9a presents the increase in IDF curve
values for a 2-year return period. A clear upward shift in the intensity–duration curve
is observed, indicating a notable increase in rainfall intensity. For example, the 10 min
duration increased from 73.10 mm/h to 92.66 mm/h, representing a 26.7% rise, while the
60 min duration increased from 26.55 mm/h to 33.65 mm/h, showing a 26.7% rise. This
suggests that Mleiha is experiencing more intense rainfall events even for shorter durations,
and this trend needs to be considered in urban planning and flood management.
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Figure 9b illustrates the increase in IDF curve values for a 10-year return period.
Similar to Figure 9a, a clear upward shift in the curve is observed, indicating a continued
increase in rainfall intensity. For instance, the 30 min duration for a 10-year return period
increased from 157.77 mm/h to 179.57 mm/h, representing a 13.8% rise. Figure 9c further
reinforces this trend, showcasing the increase in IDF curve values for a 100-year return
period. Even for this longest return period, the curve displays a consistent upward shift,
demonstrating that the trend of increased rainfall intensity is not limited to shorter return
periods but extends to longer ones as well. While the increase for the 30 min duration
is less pronounced at 1.3% (from 335.40 mm/h to 339.62 mm/h), it reinforces the overall
pattern of rising intensity.
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Figure 9. Cont.
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(d) (e) 

Figure 9. (a) The increase in IDF curve values for a 2-year return period in Mleiha. (b) The increase in
IDF curve values for a 10-year return period in Mleiha. (c) The increase in IDF curve values for a
100-year return period in Mleiha. (d,e) OLD and NEW IDF curve values for Mleiha, respectively.

An analysis of IDF curves for Mleiha reveals a clear trend towards more intense
rainfall events, evident across all return periods. This upward trend in rainfall intensity is
visually illustrated in Figure 9d,e, which compare the OLD and NEW IDF curves for the
area. These figures clearly demonstrate the increasing intensity across a range of durations
and return periods.

While the trend towards more intense rainfall events in Mleiha is less pronounced
than the significant increases observed in Sharjah City and Al Dhaid, an analysis of IDF
curves for Mleiha does reveal a clear upward trend in rainfall intensity across all return
periods. This trend, though less dramatic than in the other two cities, is nonetheless notable,
indicating a shift towards more frequent and intense rainfall events. This is reflected in the
updated IDF curves for Mleiha, which show a clear increase in intensity across a range of
durations and return periods.

3.2. Comparative Insights on Rainfall Variability in the Region: A Focus on the Sharjah Emirate

Understanding the changing patterns of rainfall is critical for effective water manage-
ment and infrastructure planning in arid regions. This section delves into the intricacies
of rainfall variability in the region by comparing findings from this study, which focuses
on the recent intensification of rainfall in the Sharjah Emirate, with two studies examining
longer-term rainfall patterns in neighboring Qatar. This comparative analysis reveals both
commonalities and distinct perspectives, highlighting the complexities of rainfall variability
in this region and the importance of considering both short-term and long-term trends
when developing solutions for a changing climate.

The current study analyzed recent rainfall data from 2021 to April 2024, integrated
with historical records spanning from 1992 to 2020. This research revealed a notable
increase in rainfall intensities, with average increases of 36.76% in Sharjah, 26.52% in Al
Dhaid, and 17.55% in Mleiha across various durations and return periods. These findings
indicate a concerning trend towards more intense and frequent rainfall events, highlighting
the urgent need for updates in hydrological models and infrastructure designs to bolster
flood resilience.

In contrast, Mamoon and Rahman [18] examined rainfall patterns in Qatar over a
longer timeframe, specifically from 1962 to 2010. Their research identified mixed trends
across different monitoring stations. While some areas in the northern and eastern regions
showed increasing rainfall, others, particularly in the southern and western regions, ex-
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perienced declines or persistent dry conditions. This spatial variability underscores the
importance of localized assessments for effective water resource management.

Furthermore, Mamoon and Rahman [19], in a second study, focused on determining
the best-fit probability distributions for rainfall frequency analysis, covering the years
from 1972 to 2010. They concluded that the Generalized Extreme Value (GEV) distribution
was most suitable for the majority of monitoring stations. They emphasized the necessity
of utilizing extended datasets to achieve accurate rainfall quantile estimates, especially
for higher return periods. This reinforces the critical need for ongoing data collection to
enhance the predictability and management of extreme weather events in arid regions.

This Sharjah Emirate study stands out for its focus on the rapid and urgent rise in
rainfall intensity over a relatively shorter timeframe. This rapid change, potentially driven
by climate change influences, highlights the immediate need for adaptation in infrastructure
and hydrological models. However, the studies from Qatar provide a broader perspective,
demonstrating both increases and decreases in rainfall across various regions over a longer
timescale. This broader temporal variability may mask underlying long-term climate trends
when viewed collectively.

While this Sharjah study emphasizes immediate adaptations in local infrastructure
to address rapid shifts in weather patterns, the Qatar studies advocate for a nuanced
understanding of rainfall variability that considers spatial differences and long-term trends.
Taken together, these studies underscore the critical necessity of updating IDF curves
regionally to accurately reflect changing precipitation patterns.

Ultimately, this comparative analysis emphasizes the urgency and complexity in-
volved in understanding rainfall variability in arid regions. While the increasing intensity
of rainfall in the Sharjah Emirate necessitates prompt action, the insights derived from
Qatar’s extensive studies provide valuable guidance on considering spatial differences and
the importance of robust statistical methods for long-term planning. By incorporating these
diverse perspectives, it is possible to develop more effective strategies for water resource
management and infrastructure planning in the face of an evolving climate.

3.3. Impact of Climate Change on Rainfall Patterns in the Region

Recent results in Sharjah City, Al Dhaid, and Mleiha (UAE) have identified a concern-
ing trend: an increase in rainfall intensity across various durations and return periods. This
trend suggests that more intense and frequent rainfall events are becoming likely, driven
by natural climate variability and anthropogenic climate change. The findings emphasize
the urgent need for a comprehensive understanding of how climate change is reshaping
rainfall patterns in the region.

These trends observed in the UAE are echoed in neighboring countries. In Qatar,
studies indicate similar shifts towards unpredictable and intense rainfall, underscoring that
these changes are indicative of broader climatic trends across the Arabian Peninsula and
highlight shared vulnerabilities to climate impacts [20].

Research in Oman also emphasizes the effects of climate change on rainfall patterns.
Studies have shown that rainfall intensities vary significantly across regions, with moun-
tainous areas experiencing higher rainfall than coastal or desert regions. This indicates the
importance of considering topographical influences in rainfall assessments [21]. Addition-
ally, in Iran, Modabbermm-Azizi et al. [17] provide further context, illustrating notable
variability in precipitation patterns largely driven by long-term climatic oscillations. While
cloud seeding has impacted rainfall patterns in the UAE, recent drastic shifts indicate a
more significant influence of climate change.

The implications of these findings are substantial for the countries in the region.
Increasing rainfall intensity raises the risk of urban flooding, potentially overwhelming
drainage systems and jeopardizing infrastructure, transportation networks, and public
safety. Additionally, changes in the timing and frequency of rainfall complicate water
resource management, increasing the risk of drought during dry spells and threatening
agricultural productivity and water supplies.
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These challenges necessitate updated IDF curves to reflect evolving climatic realities.
Regular updates are essential for accurate flood risk assessments and for designing resilient
infrastructure. It is recommended that updates occur at least every five years, supported
by systematic rainfall data monitoring and advanced analytical techniques.

By prioritizing the update of IDF curves and understanding localized findings, cities
in the region can enhance their resilience to the challenges of climate change. The insights
from these studies provide a crucial foundation for strategic adaptation and planning in an
era marked by increased climatic variability.

3.4. Implications and Recommendations

The analysis of rainfall data from January 2021 to April 2024, encompassing recent
storm events, has revealed a significant increase in IDF curve values across Sharjah City,
Al Dhaid, and Mleiha. This increase is evident across all durations and return periods,
with particularly notable rises observed in shorter durations and lower return periods.
For instance, Sharjah City has experienced a 39.3% increase in rainfall intensity for a 10
min duration at a 2-year return period. Similar trends are present in Al Dhaid and Mleiha,
demonstrating a consistent pattern throughout the study area.

These findings emphasize the critical necessity to update IDF curves on both national
and regional levels. The observed increase in rainfall intensity indicates more frequent
and severe precipitation events, highlighting the need for revised hydrological models
and updated infrastructure designs. Incorporating the revised IDF values is crucial for
improving urban drainage systems, flood management strategies, and overall infrastructure
resilience. This update will ensure better alignment with current and future precipitation
patterns, thereby supporting sustainable development amid rising climatic variability.

This research significantly advances the field by integrating recent data to refine
the assessment of rainfall intensity and frequency in arid regions, addressing a critical
gap in understanding precipitation variability. By identifying substantial increases in
IDF values and their implications for infrastructure and flood management, this study
provides valuable insights into the impact of recent climatic changes on IDF curves. The
detailed findings offer a comprehensive perspective for policymakers, urban planners,
and researchers and present a methodology for updating IDF values with recent data and
comparing them with historical records. This approach not only serves as a model for
similar studies in arid climates but also significantly advances local flood risk management.
The insights gained are applicable to other arid regions facing similar climatic challenges,
highlighting the importance of developing effective adaptation strategies and improving
infrastructure planning in the face of a changing climate.

4. Conclusions

The April 2024 rainfall events in the UAE have exposed critical vulnerabilities in the
country’s infrastructure and urban planning strategies. Despite advances in meteorological
monitoring and predictive capabilities, the unprecedented intensity and duration of the
rainfall revealed significant deficiencies in managing and mitigating urban flooding. The
extensive submersion of residential properties, persistent road blockages, and the reacti-
vation of long-dormant wadis highlight the urgent need for a thorough reassessment of
current flood management practices.

This study, utilizing recent rainfall data, updated the IDF curves for the Sharjah
Emirate, revealing a marked increase in rainfall intensities across all durations and return
periods. Specifically, Sharjah showed an average increase of 36.76%, Al Dhaid experienced
a 26.52% rise, and Mleiha had a 17.55% increase. These increases reflect a trend towards
more severe and frequent rainfall events, influenced by both natural climatic changes and
human activities such as cloud seeding.

The updated IDF values underscore the necessity for immediate revisions to the
UAE’s IDF curves used in urban drainage system designs. Accurate and up-to-date
IDF curves are essential for developing infrastructure that can withstand both current
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and future extreme weather events. However, addressing these challenges goes beyond
updating IDF curves. It requires a comprehensive evaluation of urban planning prac-
tices, hydrological infrastructure, flood preparedness, crisis management strategies, and
global climatic coordination. Additionally, integrating advanced forecasting methodologies
is crucial.

In conclusion, while updating IDF curves is critical, it must be part of a broader
strategy that includes enhanced data collection, improved hydrological modeling, and a
coordinated approach to flood management. Implementing these measures will strengthen
the resilience of UAE cities, better protect communities and infrastructure, and ensure
preparedness for future extreme weather challenges.
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Abstract: The total global economic cost of flood damages between 1990 and 2024 exceeds
£790 billion, with over half of these losses attributed to flood damages occurring in the last
decade alone. Recent severe flood events have prompted a shift in flood risk management
towards probabilistic approaches, leading to the notion that flood risk management is a
continuous process of adaptive management. While substantial research has been dedi-
cated towards characterising and quantifying climate model uncertainty, less focus has
been directed towards the propagation of this uncertainty into hydraulically modelled
systems and adaptive decision making. Recently, the concept of adaptation pathways has
gained growing interest as a decision-focused, analytical tool to assess climate adaptation
scenarios under uncertainty. This research develops an approach to quantify climate model
uncertainty across multiple plausible adaptation scenarios and examines its influence on
adaptation pathways using the case study area of Inverurie, Scotland. Uncertainty is
quantified using stratified sampling and captured across scenarios, resulting in the identifi-
cation and development of adaptation pathways within the context of specified flood risk
management objectives and identified adaptation tipping points. The findings underscore
the critical importance of embracing uncertainty in adaptation pathways to support robust,
informed decision making.

Keywords: flood risk; uncertainty; probabilistic; climate change; climate model; adaptation;
pathways; flood damages

1. Introduction

The total global economic cost of flood damages between 1990 and 2024 is estimated
to exceed £790 billion, with £455 billion (58%) incurred over the last decade [1]. In the
United Kingdom (UK), Expected Annual Damage (EAD) attributed to flooding is projected
to rise significantly by the 2080s, increasing by 50% under a 2 ◦C warming scenario, 150%
under a 4 ◦C warming scenario and 500% under a “worst-case” warming scenario [2].
Fluvial flooding is the most significant contributor, accounting for approximately 40%
of total projected EAD [2]. However, high spatial and temporal climate variability and
differences in local exposure and vulnerability introduce uncertainty in regional flood
damage estimates [3,4].

Historically, uncertainty in flood risk management has been treated implicitly, rely-
ing largely on deterministic flood models [5–7]. In the UK, climate model uncertainty is
accounted for through the application of climate change allowances (or uplift factors) on
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deterministic flood models across different return periods and regions based largely on
historical observations [8]. Two-dimensional hydraulic models remain the most widely
used tools for simulating flood dynamics with reasonable accuracy at an acceptable com-
putational cost [8–10]. While deterministic modelling may be justified when physically
realistic models and inputs are used, it often requires complex setups and may still suffer
from spurious precision [9].

Recent severe flood events have catalysed a shift, driven largely by the research com-
munity, toward probabilistic approaches to flood risk management [4,6,11]. The increasing
recognition of climate change uncertainty underscores the need to explicitly account for the
spatial and temporal variability of flood risk [5,6]. This perspective frames flood risk man-
agement as a dynamic, adaptive process, presenting significant challenges in quantifying
uncertainty—an inherently complex process [6].

Advancements in computational power, numerical modelling techniques, and high-
resolution spatial data have improved the ability to perform uncertainty quantification
in flood modelling [12,13]. Several approaches can be used to quantify climate model
uncertainty within a hydrological system, the most common of which is the Monte Carlo
(MC) approach [4]. However, the computational demand required to perform Full Monte
Carlo (FMC) simulations is significant due to the large sample size required to achieve
convergence. Other more computationally efficient methods for quantifying climate model
uncertainty exist, perhaps the most straightforward of which are stratified sampling ap-
proaches such as Latin Hypercube Sampling (LHS) [5].

The mainstream adoption of probabilistic approaches towards flood risk management
has largely been policy-driven, for example, by the 2007 European Directive on the As-
sessment and Management of Flood Risks [14]. While substantial research has focused on
characterising climate model uncertainty, less attention has been given to its propagation
through hydrological systems [15] and its influence on adaptation decisions [16].

The concept of adaptation pathways has gained growing interest as a decision-focused,
analytical tool to assess climate adaptation scenarios under uncertain conditions [16–18].
Adaptation pathways are defined as a sequence of adaptation actions that can achieve
pre-defined objectives under uncertain future conditions [19]. It provides a framework to
facilitate decision making under uncertainty by mapping sequential yet flexible decisions,
thereby removing inherent path dependency [20]. Adaptation pathways ultimately provide
decision makers a way to recognise the inter-temporal complexities and uncertainties
associated with climate change and a mechanism to manage uncertainty at chosen spatial
and temporal scales [21].

Transient adaptation scenarios describe alternative, hypothetical futures based on
coherent and consistent assumptions about the past, present and future and are a valuable
tool for decision makers to assess the robustness of potential actions under uncertain
futures [21]. A key component of assessing adaptation pathways is the clear and explicit
identification of adaptation tipping points (ATPs)—the point (or points) at which a system
change, initiated by an external force, requires an alternative action (or set of actions) to
provide an adequate level of risk management [21–23].

Downscaled regional climate models play an indispensable role in robust pathway
derivation and tipping point identification [21]; however, for adaptation pathways to be
robust, climate model uncertainty ought to be explicitly quantified and captured. Despite
the growing emphasis on adaptation pathways in flood risk management, no known
research has quantified climate model uncertainty within this context. This study aims to
address this gap by exploring the research question:

“Can uncertainty quantification be integrated into adaptation pathway development
and, if so, how does it influence adaptation decisions?”
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While this research focuses on the case study area of Inverurie, Scotland, the approach
presented is applicable to other regions and river catchments, provided comparable datasets
are available. A key component of this research question is exploring how uncertainty
quantification influences adaptation decision making. In the context of risk management,
decision makers are inclined to favour actions that maximise value and minimise prob-
ability; however, where future states are uncertain, there are several rational decisions
and actions that could achieve the defined risk management objectives [6]. Therefore,
robust decision making trades optimal performance over a single future for adequate
performance over a range of plausible futures, echoing the Keynesian view that it is better
to be approximately right rather than precisely wrong [9].

2. Materials and Methods

2.1. Case Study

Figure 1 presents the case study area of Inverurie used within this research. Inverurie
is located in Aberdeenshire, Scotland, approximately 16 miles north-west of Aberdeen. The
Aberdeen to Inverness railway and A96 road passing through Inverurie make the town a
strategic growth area for the North East of Scotland. The river Don is the primary source of
flood risk to Inverurie, and the majority of the land use within the Don catchment is rural,
comprising predominantly pastoral and arable land and woodlands [24]. River flows for
the river Don are recorded at the Haughton gauging station [25], located approximately
1.5 km due west of the A96 [26].

Figure 1. Case study area of Inverurie, Scotland (Source: Open Street Map).

Inverurie has a long history of fluvial flooding dating back to 1768, with the most
notable flood events occurring in November 2002 and January 2016 [26]. The 2002 floods
resulted in the highest water level ever recorded, resulting in significant flooding to mul-
tiple properties. Across two significant events in January 2016, following Storm Frank,
over 80 properties were reported damaged in Inverurie, necessitating evacuation efforts
and closure of a number of key transport routes [27]. Given its distinct vulnerability to
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flooding and long history of severe flood events, Inverurie provides a useful case study for
this research.

2.2. Methodology

Figure 2 illustrates the overall research methodology. Observed river flows were ex-
tracted from the National River Flow Archive (NRFA) database [25] for the baseline period
(1990–2020), and projected flows were extracted from the Earth System Grid Federation
(ESGF) across the baseline, near future and far future time horizons (1990–2100). Extreme
value (EV) analysis was undertaken on the observed flows, while flow projections were
transformed onto the relevant river catchment and bias-corrected to the observed flows
across the baseline period (1990–2020), producing the projected flow distributions.

Figure 2. Research method.

Latin Hypercube Sampling (LHS) was used to quantify climate model uncertainty
within the projected flow distributions and transformed into inflow hydrographs, produc-
ing upper boundary conditions for the hydraulic model. For the probabilistic approach,
each of the inflow hydrographs (n = 100) across the time horizons were used within the
LISFLOOD-FP hydraulic model. For the deterministic approach, a single upper boundary
condition was used, i.e., the inflow hydrograph for the January 2016 flood event. The hy-
draulic model’s Manning “n” parameter was calibrated using Particle Swarm Optimization
(PSO) techniques, the details of which are reported in [4]. This was done using historical
flood data recorded from the November 2002 event, where the Manning “n” friction coef-
ficients were fine-tuned across three parameters. PSO allows for iterative improvements
in the fit between the observed and modelled results, until the fitting error is minimised.
The fitting statistic (FSTAT), the critical success index determined for each grid cell, was
calculated for flood extents, and stage errors (SE) were calculated from the SEPA gauged
levels recorded at the Haughton gauge. These were calculated to be 0.77 (FSTAT) and
0.11 (SE) [4].

Flooded extents and maximum water depths were extracted from the model outputs
across each of the model runs and were converted into damage estimates based on the
maximum water depths recorded for each of the affected properties within Inverurie. The
total estimated damage for the deterministic (January 2016) event was calculated. The
probabilistic damage estimates and associated probabilities were integrated across all
model runs to output a single damage estimate. If the integrated probabilistic damage
estimate was found to be greater than the deterministic damage estimate, the adaptation
tipping point (ATP) was said to have been reached. However, the probabilistic approach
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recognises the role that uncertainty plays within adaptation decision making and thus
refers rather to the probability at which the ATP is exceeded.

Adaptation scenarios were defined on the basis of plausible local and regional ac-
tions [27]. The scenarios were represented in the hydraulic model through variations in
the input parameters, for example, changes to the Digital Elevation Model (DEM), river
bathymetry, friction coefficients or inflow hydrographs. This was done across the relevant
time horizon within which these actions could realistically be implemented, and uncer-
tainty was quantified using the approach described above. The adaptation scenarios were
also appraised on the basis of reaching or not reaching the defined ATP, making direct
reference to their exceedance probabilities. Each exceedance probability was mapped
on the adaptation pathways to facilitate comparison between plausible future scenarios
under uncertainty.

NRFA: National River Flow Archive; ESGF: Earth System Grid Federation; EV: extreme
value; LHS: Latin Hypercube Sampling; PSO: Particle Swarm Optimization; DEM: Digital
Elevation Model.

2.2.1. Hydrology: Boundary Conditions

Daily observed flows for the River Don were extracted from the National River Flow
Archive (NRFA) [25], and extreme value (EV) analysis was undertaken to identify annual
maximum (AMAX) river flows across the baseline period (1990–2020). Maximum Like-
lihood Estimation (MLE) was used to fit a generalized extreme value (GEV) statistical
distribution to produce a flood frequency curve (Appendix A.1), from which the 95%
confidence intervals (CIs) were calculated using parametric bootstrapping, ensuring repro-
ducibility. The range of peak flows for the 1:100-year return period was then determined
from the flood frequency curve.

The GEV distribution, G(F), is a three-parameter distribution [28] typically used in the
UK to estimate extreme river flows at high return periods [29,30] in accordance with the
Flood Estimation Handbook (FEH) [31]:

G(F) = ξ+
μ

k

{
1 − (− ln F)k

}
(k �= 0) (1)

where ξ is the location parameter, μ is the scale parameter, k is the shape parameter and F
is the probability of non-exceedance for a defined return period (T) where F = 1–(1/T).

Daily surface runoff (“mrro”) projections for the RCP8.5 scenario were extracted from
the ESGF database for the time periods: 1990–2020 (baseline), 2030–2060 (near future) and
2070–2100 (far future) [32]. EURO-CORDEX is a multi-model ensemble (MME) covering
the European (EUR-11) domain [33]. Incomplete datasets were screened out to ensure
consistency, resulting in a total of 28 regional climate model (RCM)-global climate model
(GCM) combinations [Appendix A.2]. The resolution of the EURO-CORDEX MME was
0.11◦ (≈12.5 km), and daily surface runoff projections were mapped onto polar rotated
co-ordinates in EURO-CORDEX, assuming even distribution across cells. Therefore, the
models were transformed onto the Don River catchment and projected onto the British
National Grid Coordinates Reference System (CRS) as shown in Figure 3 and described by
Equation (2):

Qcat = l2g/ρ × ∑Ng
i=1 Ai × mrroi (2)

where Qcat is the flow rate at the catchment scale, Ng is the total number of grid cells
the cover the catchment area (14), lg is the grid cell length (≈12.5 km), ρis water density
(≈1000 kg/m3), Ai is the fraction of the i-th grid cell and mrroi is the surface runoff of the
i-th grid cell. This follows the methodology detailed within [33].
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Figure 3. Transformation of projected flows on the catchment boundary.

Bias correction was performed on each of the 28 RCM-GCM combinations through
aggregation and percentile mapping of the projected flows (1990–2100) onto the observed
baseline (1990–2020) data extracted for the Haughton gauge from the NRFA. This pro-
cess applies Percentile Delta Mapping (PDM) to both the observed and projected baseline
data by adjusting the projected cumulative density function (CDF) using percentile delta
changes between observed and projected flow rates across the baseline period (1990–2020)
for each of the 28 ensemble members. This method was chosen over the mean difference or
quantile methods as it best captures distributional distances across the range of flows [34].
This process is computationally efficient as it negates the need for catchment-scale mod-
elling [33].

The maximum upper limit and minimum lower limit projected flow rates (m3/s)
across the 28 model ensembles for each of the time horizons are summarised in Table A3,
Appendix A.3. The range (minimum and maximum values across all 28 ensembles) for
each time horizon were extracted, ensuring that all unscreened projections are reflected in
the uncertainty quantification process.

2.2.2. Uncertainty Quantification

Latin Hypercube Sampling (LHS), a stratified sampling technique, was used to sample
flows across the ensemble ranges. Fewer samples are needed with LHS to obtain conver-
gence whilst maintaining uniformity within the parameter space, when compared with
Full Monte Carlo (FMC) methods [4]. In order to construct a normalised hydrograph shape
for the upper boundary conditions in the hydraulic model, the January 2016 hydrograph
was extracted from the SEPA Online API [35]. The sampled maximum flows were then
scaled to produce (n = 100) inflow hydrographs across each of the time horizons.

2.2.3. Hydraulic Model

LISFLOOD-FP, a reduced physics, two-dimensional (2D) model developed to ef-
ficiently simulate floodplain inundation, was used for hydraulic (floodplain) mod-
elling [36–39]. Its reduced physics formulation assists with handling complex topographies
over large scales and dynamically simulates the propagation of flood waves across a fluvial
floodplain to determine water depths in each grid cell [40].
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The 2D model simulates propagation of flood waves along channels and across flood-
plains by assuming the advection component of the momentum equation is negligible and
applying improvements to account for instabilities at large surface friction values [40]:

qt+Δt =
qt − ght Δt ∂(ht+z)

∂x(
1 + ght Δt n2qt/h10/3

t

) (3)

where q is the flow per unit width (m2/s), h is the flow depth (m), z is the bed elevation
(m), g is the acceleration due to gravity (m/s2), n is Manning’s friction coefficient (s/m1/3),
t is the time at the current timestep and t + Δt is time at the next timestep (seconds). This
flux equation is predicated on the selection of a suitable timestep to ensure that the model
stability is maintained for most floodplain flow situations:

Δtmax = α
Δx√
ght

(4)

where α is a dimensionless coefficient [0.2–0.7] necessary to produce a stable simulation for
floodplain flows and Δx horizontal is the cell dimension in the x-direction.

The LISFLOOD-FP base model was created using the acceleration solver for flood-
plain flow, a computationally efficient finite difference solver represented at a sub-grid
resolution [36–39]. The basic component of the model is the Digital Elevation Model (DEM)
created using light detection and ranging (LiDAR) data made available by SEPA [4]. The
Manning “n” input raster was created using land cover maps [24] and calibrated through
Particle Swarm Optimization (PSO) [4].

To define the boundary conditions, the sampled upstream inflow hydrographs, pro-
duced through LHS, were divided by the model resolution (10 m) to generate point-source
mass fluxes per unit width (q (m2/s)). The upstream inflows were defined as time-varying,
while the downstream boundary condition was modelled as a normal-depth, free boundary
to reduce backwater effects, typically experienced when using observed downstream water
levels [13]. The boundary condition for the River Urie inflows were modelled as a fixed
boundary assuming a constant flow of 10 m3/s, reduced to a point-source fixed mass flux
per unit width, q = 1 m2/s. The constant flow assumption of the River Urie was used to
isolate the uncertainty related to the River Don and negates the need to undertake joint
probability analysis prior to uncertainty quantification. N = 100 models were run for each
of the defined time horizons, the outputs from which were converted into probabilistic
flooded extents and flood depth hazard maps.

2.2.4. Damage Estimation

Damage curves are a common method to estimate economic loss to properties as a
direct function of water depth [41–43]. Uncaptured uncertainty in flood hazard analyses,
and consequently damage estimates, can lead to poor investment decisions and result in
over and under preparedness to respond to future flood hazards. Therefore, uncertainty
within the flood hazard analyses was captured in the damage estimations by accounting
for the range of water depths and therefore the range of estimated damages experienced by
the 1:100-year event.

Property data was extracted from the Scottish Property Database (SPD) within Scot-
land’s Land Information Service (ScotLIS) [44] and overlayed onto OS Map data in QGIS.
The property thresholds were calculated by overlaying the DEM onto the property database,
and the properties were classified as per the definitions within the Multi-Coloured Man-
ual (MCM) [45] as presented in Figure 4. Damage curves (as a function of water depth)
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were derived from the MCM following the UK industry standard approach to economic
damage estimation.

Figure 4. Property classification according to the MCM [45].

The empirical probability distribution of damages across each time horizon and adap-
tation scenario were produced, and the probabilities of exceeding the defined adaptation
tipping point (ATP) were determined, thereby providing the probabilistic solution across
time horizons and scenarios. The objective of flood risk management is explicitly defined
by the Local North East Flood Risk Management Plan [27] as “reducing flood risk” or
“avoiding an overall increase in risk” relative to the baseline year (2016), where risk is
defined as economic losses quantified in terms of total estimated damages (£) incurred in
any given year. In contrast, the deterministic solution under risk-based decision making, in
any given year, is defined by: ∫ ∞

0
D(xt)f(xt) dxt (5)

where D(xt) is the polynomial damage curves (from the MCM based on the property classi-
fication) as a function of temporally variable water depths (xt) for the affected properties
and f(xt) is the fitted continuous probability distribution [6].

The deterministic solutions was computed across all time horizons and scenarios to
enable direct comparison with the probabilistic solutions. The application of Equation (5)
is predicated on the ability to (i) estimate the time-dependent probability distribution
functions f(x) of flooded water depths, (ii) relate water depths to probabilities of flooding
where damage may occur and (iii) calculate the damage that is caused by floods of a
given magnitude. It also assumes that the flooded system is not significantly sensitive
to sub-annual temporal dimensions (such as seasonal variations), and this method ul-
timately collapses the climate model uncertainty captured through LHS, resulting in a
deterministic solution.
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The probability functions f(xt) of the water depth distributions were defined, and
several goodness-of-fit statistics and criteria were calculated for each scenario across a
range of affected grid cells. It was found that 2-parameter Weibull distributions, using the
MLE method, fit the water depth distributions most accurately. A 2-parameter Weibull
distribution is a continuous probability distribution defined by its shape (k) and scale (λ)
as defined by [46]:

f(x) =

⎧⎨
⎩

k
λ

( x
λ

)k−1e−( x
λ )

k
, x ≥ 0

0, x < 0
(6)

The damage within each cell was then summed across the study area to calculate total
estimated damages (£) across time horizons and scenarios.

2.2.5. Adaptation Scenarios

A summary of all adaptation scenarios is presented in Table 1, within which the
relevant time horizons and adaptation actions are identified. A table of all input parameter
modifications and descriptions is enclosed within Appendix B.

Table 1. Summary of adaptation scenarios, time horizons and actions.

Scenario Time Horizon Adaptation Actions

No adaptation
Baseline

Near future
Far future

None

Do minimum Near future Direct defences
Old canal restoration

Storage Near future
Far future Increase floodplain storage

Woodlands Near future
Far future

Riparian woodland creation along
the riverbanks

Land-use management Far future Whole-catchment
woodland creation

The “No adaptation” scenario represents the future scenario whereby no adaptation
actions are implemented. The “Do minimum” scenario represents actions such as the
implementation of property-level protection and raised thresholds. This also includes
direct flood defences such as 1.5 m flood walls around affected properties. In addition,
restoration of the old canal, to provide an additional channel for the flow of water during
high-flow conditions, was identified as a relatively cost-effective action and would involve
removal of two weirs.

The “storage” scenario represents actions that increase the river and floodplain storage
through modifications to the bathymetry of the river channel, setting back of embankments
and changes to the floodplain topography. The “woodlands” scenario represents riparian
woodland planting. In the near future, it was assumed that the trees will not be fully grown,
and therefore a reduced surface friction was used.

A whole-catchment approach, the “land-use management” scenario, represents the
implementation of long-term upper catchment land-use management practices to capture
surface runoff and increase upstream infiltration, thereby decreasing downstream flows
and increasing the time to peak discharge in the far future. A study undertaking catchment-
scale modelling of the Tarland catchment found that for a winter 1:100-year event and
15 h storm duration, 100% coniferous afforestation would reduce peak flows by 18% and
delay the time to peak by 1 hour [47]. The Tarland catchment is comparable to the Don
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in terms of location, area, Standard Average Annual Rainfall (SAAR), Base Flow Index
(BFI) and standard percentage runoff (SPR). Whole catchment land use change is highly
unlikely and the Land Capability for Forestry map [48] indicates that only 19.5% of the
Don catchment is classified as having “good” or “moderate” suitability for riparian forestry.
This scenario was represented in the hydraulic models as modified inflow hydrographs
following resampling using LHS.

These adaptation scenarios were represented within the hydraulic model by modi-
fying the appropriate input parameters, as described in Table A3, Appendix B. The “Do
minimum” model included increased Manning coefficients at affected property locations
and thresholds across the raster grid cells within to represent property level protection.
Grid cell elevations within the DEM were increased by 0.3–1.5 m to account for raised
thresholds and impermeable barriers. Canal restoration included incorporating the 1D
channel in the flood model and modifications to the DEM and bathymetry (bank, width
and bed) input parameters.

The “Storage” model included modifications to the river channel elevations within
the DEM and bathymetry parameters by widening the river channel, setting-back the
riverbanks and deepening the riverbed depths in locations where increased floodplain stor-
age was viable. These modifications were also undertaken for the “Woodlands” scenario,
where riparian woodland planting is represented in the hydraulic model, but included
modifications to the Manning coefficients, which represent changes in the surface friction
as a result of the increased vegetation.

The “Land-use management” scenario was represented by modifications to the inflow
hydrographs through including a decrease in peak flows and a 1-hour delay to peaks across
all sampled hydrographs.

3. Results

3.1. Hydrology

Annual maximum (AMAX) discharges (Q) (m3/s) for the baseline period (1991–2020)
were extracted for the Don at the Haughton gauge, revealing a maximum peak discharge,
Qpeak, of 396.3 m3/s that occurred in January 2016, and the upper and lower limits for the
1:100-year return period were found to be 184.4 m3/s and 733.6 m3/s, respectively.

Figure 5 presents the violin plots for the downscaled and bias-corrected EURO-
CORDEX projections, revealing how the distributions of flow rates (m3/s) and asso-
ciated uncertainties are projected to change over time. Table 2 summarises the trans-
formed and bias-corrected ranges of flow rates used, i.e., the maximum upper limit and
minimum lower limit flow rates across the 28 unscreened ensembles, enclosed within
Appendix A.3.

Table 2. Minimum lower limit and maximum upper limit flow rates (m3/s) across time horizons.

Time Horizon Lower Limit (m3/s) Upper Limit (m3/s)

Baseline 124.0 777.8
Near future 126.2 928.9
Far future 109.8 1075.9

174



Water 2025, 17, 1366

Figure 5. Violin plot showing the projected flow distributions across time horizons for the 1:100-year
return period.

3.2. Probabilistic Hazard Maps

Figure 6 presents the deterministic and probabilistic flood hazard maps (flood extents
and maximum water depths) for the 1:100-year return period, revealing the spatial and
temporal distributions of flood risk across the case study region and across time horizons.
While mapping probabilistic flood extents has been demonstrated by several authors,
probabilistic representation of flood depths is less common, and Figure 6 presents the range
of flood depths in the deterministic solution as well as the probability of maximum flood
depths categorised within four continuous ranges, i.e., <0.3 m, 0.3–1 m, 1–2 m and >2 m,
computed across each of the time horizons.

The deterministic maps (Figure 6a) show a single flood extent and maximum water
depth output for the January 2016 event. In contrast, the probabilistic maps (baseline
(Figure 6b), near future (Figure 6c) and far future (Figure 6d)) capture uncertainty within
the flood extents and depths. Probabilistic flood extents (top row) demonstrate increasing
spatial coverage of inundation over time, with the far future scenario showing the greatest
extent and highest likelihood of flooding across the floodplain. Probabilistic flood depths
(bottom row) also reveal a clear intensification of flood hazard over time, with deeper
floodwaters (>2 m) becoming increasingly probable, especially along river-adjacent and
low-lying areas.

These results highlight the growing exposure of Inverurie to more severe and
widespread fluvial flooding under future climate scenarios. Moreover, they illustrate
the additional insight gained through probabilistic modelling, particularly in capturing
spatial distributions of flood risk and identifying areas where the likelihood of extreme
flood depths significantly increases across time horizons.
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Figure 6. Deterministic flood extents and depths (a) and probabilistic flood extents and depths across
the baseline (b), near future (c) and far future (d).

3.3. Damage Estimation

Using the property classification method prescribed by the MCM and applying the
polynomial expressions for a long duration storm event assuming no early warning, flood
damages (£) as a function of maximum flood depths (m) were calculated for the January
2016 event and across time horizons and adaptation scenarios. The January 2016 event
is defined explicitly as the adaptation tipping point (ATP) against which future risks
(damages) are compared. The total estimated damage of the January 2016 event was
calculated to be £147,933.66. The performance of the base (January 2016) hydraulic model
was evaluated by comparing simulated flood extents and depths with observed data
from the January 2016 event. In terms of damages, the model demonstrated a strong
performance, achieving an agreement of 0.88 between observed flood damages attributed
to fluvial flooding and the modelled base-year results [27]. To compute the deterministic
solutions across time horizons and scenarios, the product of damages within each grid cell
were fitted to suitable probability distributions (Equation (6)) integrated across distributions
(Equation (5)) and summed across all affected grid cells within the case study area.

Figure 7 presents the spatial distribution of theoretical flood damages (£) across various
adaptation scenarios and future time horizons. Theoretical damages were computed by
integrating depth–damage curves, derived from the MCM property classification, with
appropriately fitted probability distributions (Equation (5)), resulting in deterministic
estimates of total damages. Figure 7 presents the spatial distribution of damages across
the case study area using a graduated red scale, where higher intensities represent greater
estimated damages.

176



Water 2025, 17, 1366

Figure 7. Spatial distribution of theoretical total estimated damage (£) across scenarios and time
horizons.

While spatial patterns of damage remain broadly consistent across all scenarios, with
the most affected areas appearing repeatedly, there are subtle yet important differences in
both the extent and intensity of fluvial flooding. These variations, although not visually
discernible at the 10 m resolution, are reflected in the total damage estimates provided in
Table 3.

Table 3. Total damages (£) across the case study area for each scenario and time horizon.

Scenario Time Horizon Total Damage (£)

January 2016 ATP 147,933.66

No adaptation
Baseline 175,576.20

Near future 273,502.31
Far future 316,786.38

Do minimum Near future 261,469.62

Storage Near future 224,552.60
Far future 260,089.96

Woodlands
Near future 224,740.00
Far future 260,307.02

Land-use management Far future 233,057.62

Table 3 summarises total theoretical damages for each scenario and time horizon. The
results indicate that, under the deterministic solution, none of the adaptation strategies
achieve a reduction in total damages relative to the ATP, i.e., the January 2016 event. This is
reflected in adaptation pathways as binary termination points (see Section 3.4 and Figure 8);
however, the “no adaptation” scenario yields the highest total damages in both the near
and far future, revealing the potential benefit of adaptive interventions.

177



Water 2025, 17, 1366

 

Figure 8. Empirical cumulative probability distribution of damages (£) for the baseline (a), near
future (b) and far future (c).

Although the adaptation scenarios offer some mitigation of future flood damages,
particularly in the near future, the deterministic solutions do not capture the relative
probabilities of exceeding the ATP. Therefore, while useful for understanding cumulative
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potential damages of fluvial flooding, the results ought to be presented within a probabilistic
framework to fully evaluate adaptation performance.

3.4. Adaptation Pathways

The probabilistic solutions were plotted as empirical cumulative density functions
(CDFs), highlighting the probability of each adaptation scenario reaching the defined ATP,
as shown in Figure 8. The explicit definition of the ATP is the January 2016 total flood
damages (£), calculated at £147,933.66. Figure 8 also presents numerical values on the CDF
curves at the ATP thresholds, which represent the non-exceedance probabilities for each
scenario, i.e., the probabilities that damages will remain below the ATP.

This facilitates the development of adaptation pathways across time horizons and
allows for a direct comparison of exceedance probabilities within the probabilistic solution,
as presented in Figure 9, and identification of binary termination points within the deter-
ministic solution. The probabilistic solution prescribes a probability of exceedance on the
basis of:

F(x) = EP(x) = P (X > x) = 1 − F(x) (7)

where F(x) = P(X ≤ x) is the CDF (or non-exceedance probability), x = ATP (£) and (F(x)) is
the exceedance probability. Ultimately, this demonstrates the method through which cli-
mate model uncertainty can be quantified within the development of adaptation pathways,
i.e., through calculation of the ATP exceedance probabilities (EP(x)). The tipping points are
defined as the points where flood damages exceed the ATP, and the numbers indicated on
the curves reflect the likelihood of remaining below this critical threshold. This enables
direct comparison of probabilistic performance between scenarios across time horizons.

Figure 9. Adaption pathways identifying deterministic termination points (deterministic), adaptation
tipping point exceedance probabilities (probabilistic).

Figure 9 presents the adaptation pathways, identifying multiple combinations of
sequences of actions that can be taken across the baseline, near future and far future. The
EP(x) values represent a probabilistic performance threshold, i.e., how well each strategy
performs in reducing flood risk (in terms of exceedance probabilities). The termination
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points represent points in time where the deterministic solution, i.e., the integral of the
product of damages and probabilities across time horizons, exceeds the base year level of
risk (in damages (£)). The pathways depict how adaptation actions can be implemented in
sequence, with transfer points indicating when a switch to another action is, or may be,
needed. In this way, the pathways allow for flexibility and transitions between actions,
removing inherent path dependency and identifying pathways that maintain an acceptable
level of risk.

4. Discussion

4.1. Hydrology

An assessment of the future climate hydrology for the River Don reveals a distribution
of flow rates for the 1:100-year return period event across time horizons. The violin plots re-
veal a baseline distribution across RCMs concentrated around lower values (200–400 m3/s),
with larger spread in the lower range, tapering towards higher flow rates. The near future
distribution has a slightly broader spread with a secondary peak identified (800–900 m3/s),
suggesting an increase in extreme flows and indicating larger uncertainty compared to
the baseline. The far future projections have the widest distribution, with an extended tail
reaching higher extreme flow rates, thereby shifting the central tendency upwards. This
reveals that climate model uncertainty and extreme maximum flows increase as the time
horizon increases. RCP8.5 has the largest model distribution and therefore captures the
largest uncertainty, generally increasing across time horizons, suggesting that flood risk
becomes increasingly more uncertain in the future under an RCP8.5 scenario.

4.2. Probabilistic Hazard Maps

The projected flow distributions are reflected in the probabilistic hazard maps, whereby
flood extents and depths increase as time horizons increase for the 1:100-year event. The
far future scenario has the largest flood extents, indicating that climate-induced increases
in fluvial flows contribute to a greater flood-prone area. In addition, uncertainty, captured
through the probability of flooding to each affected grid cell, is greater for all scenarios when
compared to the deterministic solution and also depicts an increasing trend across time
horizons. The far future scenario shows the highest climate model uncertainty, concurring
with the results of the hydrological analysis.

The deterministic flood depths show significant flooding along the river channel and
adjacent floodplains, generally in agreement with observations recorded following the
January 2016 storm event. The probabilistic flood depths show an increase in magnitude
and extent over time, with the baseline depicting lower flood depths concentrated near the
river channel, while the near future reveals an increase in flood depths and higher water
depths (>2 m) within low-lying areas, and the far future reveals more widespread and
deeper flooding across large areas, with water depths exceeding 2 m.

The probabilistic hazard maps suggest that flood risk is projected to increase over
time, both in extent and depth, with increasing climate model uncertainty and therefore
increased risk as time horizons increase. The probabilistic projections provide a more
robust assessment of flood risk across time horizons, indicating a range of possible flood
outcomes through the capturing of uncertainty, thereby assisting decision making through
identification of the likelihood of flooding in conjunction with magnitude. This could
improve prioritisation of adaptation actions and supports a more flexible and adaptive
approach to flood risk management, accounting for a range of future conditions.
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4.3. Damage Estimation

An evaluation of the spatial distribution of flood damages, presented in Figure 7,
indicates that the majority of damage is concentrated between the A96 and the railway line,
primarily upstream of the confluence of the Rivers Don and Urie. This area includes a mix
of land uses: open fields, a sports club, a wastewater treatment facility, and a number of
residential and commercial properties.

Across all time horizons, total estimated damages increase significantly, particularly
under the “no adaptation” scenario. Table 3 quantifies total damages, demonstrating that
while none of the tested adaptation strategies fully mitigate damages to levels observed
during the January 2016 event (ATP), all scenarios offer some degree of reduction compared
to the “no adaptation” pathway. This trend is particularly evident in the near future, where
strategies such as implementing riparian floodplain storage and woodland planting yield
notable reductions in expected damages.

The damage estimation process involved the integration of depth–damage curves,
derived from the Multi-Coloured Manual (MCM) property classifications, and the relevant
fitted probability distributions for each scenario. While this deterministic approach pro-
vides valuable insights into potential spatial and temporal flood damage patterns, it has
notable limitations. The fitted probability distributions do not account for the full range
of variability and uncertainty across time horizons and scenarios. This restricts the ability
of the analysis to evaluate the likelihood of exceeding the ATP and underrepresents the
probabilistic nature of future flood risks.

Furthermore, the use of MCM depth–damage curves introduce variability in estimated
damages based on property type and classification. This means that even when properties
experience similar water depths, the resulting damages can differ substantially due to
differences in structural vulnerability, use and asset value, introducing an additional
layer of complexity, especially when interpreting spatial distribution of flooding across a
heterogeneous area.

While the deterministic framework enables a comparative evaluation of adaptation
performance and highlights key at-risk areas, the probabilistic approach, whereby un-
certainty is captured in the solution, allows for a more robust comparison of adaptation
scenario performances based on event likelihood and probabilities of exceeding the de-
fined ATP.

4.4. Adaptation Pathways

Figures 8 and 9 illustrate how combining adaptation pathway mapping with empirical
cumulative distribution functions (CDFs) and identification of exceedance probabilities
(EP(x)) enables a more dynamic and risk-informed decision-making framework.

Figure 8 presents empirical cumulative distribution functions (CDFs) for the baseline,
near future and far future time horizons, showing the probability distributions of flood
damages under various adaptation scenarios. The use of a defined adaptation tipping
points (ATP) enables direct comparison between scenarios. The exceedance probability at
the ATP reflects the likelihood that damages will exceed the defined threshold. The ATP
was determined based on total damages during the January 2016 flood event, providing a
context-specific threshold for unacceptable risk. The numbers indicated on the CDF curves
represent the cumulative probabilities of non-exceedance at the ATP, allowing for a clear
interpretation of how likely each scenario is to stay below this risk threshold. For instance,
in the far future, a “no adaptation” approach leads to a 60% probability of exceeding the
ATP (40% cumulative probability of non-exceedance), while the introduction of “land-use
management” reduces this risk to just 6% (94% cumulative probability of non-exceedance).
This quantification of exceedance probabilities (EP(x)) under each scenario enables decision
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makers to assess the relative effectiveness of interventions, not just in deterministic terms
but across a full range of possible outcomes.

Figure 9 presents a suite of probabilistic adaptation pathways, each quantified using
exceedance probabilities (EP(x)) of reaching the defined adaptation tipping point (ATP).
Unlike deterministic models that simply identify binary thresholds, this approach assigns
a probability of exceedance to each strategy at different points in time. For instance, the
“no adaptation” pathway depicting increasing EP(x) values over time highlights growing
exposure to flood risk. In contrast, strategies such as “storage” and “woodlands” reduce
EP(x) significantly in the near future (24%), while “land-use management” emerges as the
most robust long-term solution, achieving an EP(x) of just 6% by 2070. This quantification
enables a meaningful comparison between adaptation scenarios across time horizons.

In contrast, the deterministic solution, which integrates all potential damages and
their associated probabilities over time, results in fixed termination points that indicate no
single adaptation action, nor sequence of actions, in the near or far future can permanently
prevent exceedance of the ATP, thereby falling short of fully mitigating long-term flood
risk. This illustrates the difference between probabilistic and deterministic approaches:
while deterministic results indicate when risk thresholds are crossed, probabilistic methods
provide insight into how probable this is to occur across different scenarios and periods,
underscoring the importance of probabilistic approaches to flood risk management.

Together, Figures 8 and 9 demonstrate that embedding climate model uncertainty into
adaptation pathways enables more informed, risk-based decision making. Rather than
relying on deterministic decision making, different actions can be assessed based on their
probabilistic performance across a range of future conditions while preserving flexibility
to adapt over time. The probabilistic solution enables identification of plausible future
pathways that maintain an acceptable level of risk while allowing flexibility and robustness
in decision making under uncertainty.

Finally, these results indicate that adaptation pathways are influenced by the decision
context within which the ATPs are defined. Therefore, careful consideration of the selection
of appropriate ATPs is recommended to ensure that decisions are made in an informed and
consistent manner so as to ensure that the adaptation objectives can be quantified. Climate
change under the RCP8.5 climate scenario demonstrates challenges to achieving an overall
avoidance of risk in the future when implementing a deterministic approach to decision
making; however, through a probabilistic approach, adaptation actions can be suitably
appraised through their ability to reduce the exceedance probabilities.

4.5. Further Work

Given the inherent complexity and uncertainty related to the climate models, mod-
elling using alternative climate projections would further validate this methodology. A
range of emission scenarios (including RCP2.6 and 4.5) could be considered [49], the out-
puts from which could be compared with the RCP8.5 scenario. In addition, checking for
overfitting for the bias correction of the projections to the observed data is recommended,
the results of which could be compared across several bias correction methods.

This research has only considered a 1:100-year return period; however, a range of
return periods could be considered (e.g., 1:10, 1:30, 1:200, 1:1000). This would increase the
spread of the distributions and therefore uncertainty of the water depths and damages, and
the theoretical risk function could be used to integrate across multiple return periods to
give a wider spread of data across various magnitudes. In addition, the damage functions
could include damage to agricultural land, woodlands, roads, railways, and other critical
infrastructure.
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The number of samples taken across projected peak flow distributions could be in-
creased from n = 100 to n = 10,000 to ensure a wider and more accurate spread. This would
result in a significant increase in model runs and would be computationally more onerous.
However, alternative methods of uncertainty quantification, such as Multi-Level Monte
Carlo (MLMC) methods [4] or the building of emulators, could be used [30]. In addition,
the hydraulic models could be run at a higher resolution (5 m × 5 m) to improve the
accuracy of outputs.

Future research could analyse several alternative adaptation actions that integrate
engineered solutions and natural flood management (NFM), for which economic appraisals
using Cost–Benefit Analysis (CBA) or real options analysis (ROA) could be undertaken.
Since the climate projections indicate potential low-flow conditions in the far future, future
work could assess the robustness of adaptation options across both high and low flows.

Finally, the success of adaptation depends largely on the vulnerabilities and capabili-
ties of the local community to respond to flood hazards [50]. Therefore, engaging with and
understanding the needs of the local community and involving them in the decision-making
process is integral to achieving transformational adaptation. A “bottom-up” approach
could be compared with the “top-down” approach presented in this research and should
include community and stakeholder engagement and elucidation, quantitative or qualita-
tive assessments of vulnerability and assessment of multi-benefits and unquantifiable (or
intangible) benefits of flood risk management, not only from an economic perspective but
also from environmental and social anthropogenic perspectives.

4.6. Assumptions and Limitations

To isolate the uncertainty attributed to the climate models, other drivers (e.g., popu-
lation growth) have not been included in the hydraulic models. In addition, non-fluvial
hydrological processes such as evaporation, transpiration and groundwater flows have
not been hydraulically modelled; however, these are not routinely included in hydraulic
simulations of floodplain inundation. Isolation of climate model uncertainty in the hy-
draulic models allowed for consideration of a theoretical system whereby other sources of
uncertainty are appropriately managed and are assumed to be negligible relative to climate
model uncertainty [5].

An identified limitation of uncertainty quantification is the computational burden of
running a sufficiently large sample of model realisations [11]. This research has used n = 100
iterations to quantify uncertainty using a stratified approach. Full Monto Carlo simulations
are often considered to be the “gold standard” approach; however, this requires a larger
sample size (e.g., n = 10,000) to ensure the full input distribution uncertainty is captured.

Damage estimation was undertaken in accordance with the MCM [45], accounting for
direct damages, measured in terms of 2019–2020 prices. This makes the relative damages
across the scenarios directly comparable. However, damage estimation only considered
impacts to residential and non-residential properties and did not account for damage to
agricultural land and transportation infrastructure, for which there is limited empirical data
to derive damage curves. Similarly, indirect damages or damages to natural assets and the
environment were not included. In reality, flood damages depend not only on inundation
extent and water depth but also velocity, duration of inundation, sediment concentration as
well as the communication of flood warnings. However, this paper excludes such factors
as there are limited data available.

Real options theory builds upon financial options theory, whereby investment deci-
sions are appraised in terms of net present costs and benefits by applying an appropriate
discount factor. It is an alternative approach to cost–benefit analyses (CBA), explicitly
accounting for uncertainty for robust decision making [51]. This calculates the (net present)

183



Water 2025, 17, 1366

costs of adaptation actions (including capital, operation, maintenance, replacement and
decommissioning costs) [52] and often uses “damages avoided” for the basis of the quan-
tification of benefits [53]. Additionally, the comparison of economic value of risk proposes
a simplified approach to informing flood management decisions; however, this fails to
consider other more complex decision criteria, such as costs to human life, environmental
costs, safety, public health and social impacts of floods, the quantification of which would
be subject to unquantifiable uncertainties [6].

5. Conclusions

This research has demonstrated that probabilistic approaches to flood risk manage-
ment can be used to inform adaptation pathways, and that in doing so, different decisions
may be taken. It presents a methodology to quantify and capture climate model uncertainty
in adaptation pathways for multiple plausible adaptation scenarios across three 30-year
time horizons (baseline, near future and far future). Uncertainty is quantified using Latin
Hypercube Sampling and captured across hydraulic models, resulting in the identification
of adaptation actions and subsequent pathways within the context of a specified flood risk
management objective.

The impact of the quantified climate model uncertainty on adaptation pathways is
demonstrated through the quantification of exceedance probabilities relative to defined
adaptation tipping points across a range of adaptation scenarios and time horizons. This
research has identified how climate model uncertainty can be captured in adaptation path-
ways and subsequently be used to inform decisions on the selection of an appropriate
pathway that minimises the probabilities of exceedance. It discusses potential considera-
tions that influence the chosen adaptation pathway in the context of uncertainty.

The results indicate that adaptation pathways are influenced by the type of function
fitted to the maximum flood water depth distributions in the deterministic solution and
discusses how the decision context may influence the identification of adaptation tipping
points. Ultimately, by quantifying climate model uncertainty in adaptation pathways,
this study enables more robust, adaptive decision making over multiple time horizons.
This research concludes that uncertainty could be embraced in flood risk decision making,
particularly to inform adaptation pathways. By quantifying climate model uncertainty in
adaptation pathways, decisions can be made about adaptation actions across a range of time
horizons, which are different to those made under deterministic modelling. These decisions
could support inclusive, “bottom-up” planning decisions in a risk-informed manner.
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CI Confidence interval
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ESGF Earth System Grid Federation
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Appendix A

Appendix A.1

  

  

Figure A1. Extreme value analysis.

Appendix A.2

Table A1. EURO-CORDEX GCM-RCM combinations.

Driving Model (GCM) Institution RCM

ICHEC-EC-EARTH CLM (Climate-Limited
Area Modelling) CCLM4-8-17_1

data CCLM4-8-17_3
CCLM4-8-17_4
CCLM4-8-17_5

KNMI (Koninklijk Nederlands
Metrologisch Institute) RACMO22E_2

RACMO22E_3
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Table A1. Cont.

Driving Model (GCM) Institution RCM

RACMO22E_4
RACMO22E_5
RACMO22E_6

CLM (Climate-Limited
Area Modelling) COSMO-crCLIM-v1-1_1

COSMO-crCLIM-v1-1_2
COSMO-crCLIM-v1-1_3
COSMO-crCLIM-v1-1_4

MOHC (Met Office
Hadley Centre) HadREM3-GA7-05_1

HadREM3-GA7-05_3
HadREM3-GA7-05_4

DMI (Danmarks
Meterologiske Institut) HIRHAM5_1

HIRHAM5_2
HIRHAM5_3
HIRHAM5_5
HIRHAM5_6

MPI-ESM1-M MPI-M (Max Planck Institute
for Meteorology) REMO2009

NCC-NorESM1-M GERICS (Climate Service
Center Germany) REMO2015_2

REMO2015_3
REMO2015_4
REMO2015_5
REMO2015_6
REMO2015_7

Appendix A.3

Table A2. Minimum lower limit and maximum upper limit flow rates (m3/s) across each climate
model for each time horizon.

Climate Model

Baseline Near Future Far Future

Min. Lower
(m3/s)

Max. Upper
(m3/s)

Min. Lower
(m3/s)

Max. Upper
(m3/s)

Min. Lower
(m3/s)

Max. Upper
(m3/s)

CCLM4-8-17_1 192.9 378.2 172.9 397.8 121.0 209.9
CCLM4-8-17_3 175.1 407.9 149.1 502.9 131.4 574.4
CCLM4-8-17_4 186.5 471.7 158.1 366.0 139.4 290.3
CCLM4-8-17_5 173.6 582.9 160.8 233.8 109.8 170.2
RACMO22E_2 212.9 563.7 219.6 928.9 137.6 652.0
RACMO22E_3 225.2 601.6 211.2 317.2 167.5 718.0
RACMO22E_4 170.3 621.1 135.4 228.6 119.9 355.7
RACMO22E_5

222.8 754.3 190.9 617.3 123.0 455.9RACMO22E_6
COSMO-crCLIM-v1-1_1 184.1 490.2 172.0 263.2 181.7 368.5
COSMO-crCLIM-v1-1_2 161.5 526.8 185.4 554.9 216.9 754.8
COSMO-crCLIM-v1-1_3 193.6 688.9 192.2 614.8 194.1 365.2
COSMO-crCLIM-v1-1_4 200.1 474.1 216.7 733.4 198.8 491.9

HadREM3-GA7-05_1 213.4 444.4 218.7 380.5 229.5 338.5
HadREM3-GA7-05_3 156.2 422.6 153.1 279.1 185.9 767.2
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Table A2. Cont.

Climate Model

Baseline Near Future Far Future

Min. Lower
(m3/s)

Max. Upper
(m3/s)

Min. Lower
(m3/s)

Max. Upper
(m3/s)

Min. Lower
(m3/s)

Max. Upper
(m3/s)

HadREM3-GA7-05_4 187.2 665.9 211.2 544.9 187.1 243.6
HIRHAM5_1 197.4 427.3 205.7 325.5 209.9 396.5
HIRHAM5_2 125.5 765.5 128.1 619.5 226.8 1075.9
HIRHAM5_3 135.6 763.2 133.7 356.1 135.9 489.8
HIRHAM5_5 163.5 771.6 243.1 928.9 123.7 251.6
HIRHAM5_6 134.3 762.4 129.7 928.9 135.8 556.8
REMO2009 124.0 647.8 169.6 795.9 172.5 595.6

REMO2015_2 198.4 593.9 222.5 664.7 219.3 489.3
REMO2015_3 199.9 656.9 196.7 343.6 209.4 573.8
REMO2015_4 183.6 575.0 210.0 928.9 167.0 198.2
REMO2015_5 195.8 595.8 235.1 464.3 240.4 542.5
REMO2015_6 219.0 777.8 210.5 583.9 208.4 561.7
REMO2015_7 197.7 550.9 245.6 928.9 207.5 501.8

Min lower limit 124.0 128.1 109.8
Max. upper limit 777.8 928.9 1075.9

Appendix B

Table A3. Adaptation scenarios, actions, modified parameters and description of modifications.

Scenario Time Horizon Adaptation Actions
Modified

Parameters
Description

No adaptation
Baseline

Near future
Far future

None None None

Do minimum Near future Direct defences DEM, Manning “n”

Levels raised by 1.5 m at location
of proposed walls to the WWTP

and commercial properties
Residential property thresholds

raised by 0.3 m
N = 1 for impermeable barriers

Old canal restoration DEM, bed, width,
bank, Manning “n”

Includes the old canal channel
N = 0.05

Storage Near future
Far future

Increase floodplain
storage

DEM, bed, width,
bank, Manning “n”

Uniformly reduced elevations
relative to the river channel

elevations
Setting back and reprofiling of

embankments
N = 0.05

Woodlands Near future
Far future

Riparian woodland
creation along the

riverbanks

DEM, bed, width,
bank, Manning “n”

As above
N = 0.06 (near future); n = 0.1

(far future)
Land-use

management Far future Whole-catchment
woodland creation Upstream inflows Reduced peak flow by 3.5%

Delay to peak flow by 1 h
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Table A4. Theoretical (deterministic) damages (£) across adaptation scenarios.

Scenario Time Horizon
Total Estimated

Damage (£)
Exceeds ATP?

ATP January 2016 147,933.66

No adaptation
Baseline 175,576.20 Y

Near future 273,502.31 Y
Far future 228,929.28 Y

Do minimum Near future 261,469.62 Y

Storage Near future 224,552.60 Y
Far future 153,918.23 Y

Woodlands
Near future 224,740.00 Y
Far future 163,360.93 Y

Land-use management Far future 159,968.55 Y
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Abstract: The management of reservoir dams in the context of observed climate changes
and changing environmental conditions is becoming an increasingly significant challenge.
Changes in the regimes of rivers feeding the reservoirs, sudden floods, long periods of
drought, shallowing of reservoirs, water pollution, and algal blooms create unprecedented
threats to the operation of these reservoirs. Among these challenges, the most crucial
seems to be the proper management of available water resources, which condition the
existence of the reservoir. The location of the reservoir has a significant impact on how
water management is conducted. In the case of mountain and upland reservoirs created
for flood protection of areas downstream, water management practices differ significantly
from those for lowland reservoirs, which primarily serve to retain water for industrial and
agricultural needs in the area, with an additional flood protection function. The aim of
this study was to assess the factors determining the supply of lowland reservoirs using the
example of the Pakoski Reservoir (Central–Western Poland) and to propose actions that
would allow more efficient management of water resources in the catchment and reservoir,
enabling the preservation of the current morphometric parameters in the face of climate
change, adverse environmental phenomena, and increased anthropogenic pressure in the
catchment area. This study focused on the Pakoski Reservoir, located in the southern part
of the Kuyavian–Pomeranian Voivodeship. It was constructed fifty years ago as a result of
damming water in the river systems of the Noteć and Mała Noteć Rivers. For decades, it
served its functions, and its management posed no major issues. However, over the past
decade, due to environmental changes and human activities in the catchment area, the
reservoir has increasingly faced problems with filling.

Keywords: water deficits; water retention; flood protection; levels of impoundment; water
transfer

1. Introduction

Managing reservoir dams in the face of observed climate change and environmental
transformations is becoming an increasingly challenging task [1–4]. As shown in the last
decade, many of these hydrotechnical structures, which have been in place for decades,
are encountering more and more problems related to their operation [5–7]. The water
management guidelines created for them several decades ago, as well as the water law
permits issued based on these guidelines, are becoming increasingly difficult to implement
under current conditions and, in some cases, are even harmful to the reservoirs and the
areas located downstream [8,9]. The lack of snow cover, long periods without rainfall,
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and rainfall events of unprecedented intensity make reservoirs managed according to
established schemes fail to meet their role in flood protection and retention. The regime of
rivers is also changing, with rivers that were once snow- and rain-fed increasingly becoming
solely rain-fed [10]. As a result, many of these rivers, particularly those in the lowland areas,
no longer experience a clear winter–spring rise, and the maximum flows now occur in
months previously considered winter months [10–13]. On the other hand, events becoming
increasingly frequent are heavy, localised rainfalls that cause local flooding [14–16] or
extensive, prolonged low-pressure rainfalls, such as those in the Sudetes in September 2024.
These events lead to water saturation in the catchment area and widespread, multi-day
runoff to lower-lying areas. Additionally, significant changes in land use, particularly
urbanisation in cities and smaller towns, result in the loss of natural soil permeability
or the intensive irrigation of agricultural land, which drains deeper aquifers [17]. These
phenomena and processes contribute to increased water inflow to reservoirs during wet
periods and reduced inflow during dry, hot days. As a result, many reservoirs face problems
in filling and maintaining stable water levels. Furthermore, in some cases, the flood reserves
designed in earlier years are now found to be too small. For lowland reservoirs closing
catchments with low water capacity, the first of these issues is especially important, as
many of these reservoirs were designed as retention reservoirs primarily for agricultural or
industrial water supply. In Poland, this issue is particularly relevant for reservoirs located
in regions like Greater Poland and Kuyavia, as these areas experience the lowest rainfall
and have the highest groundwater withdrawals for agricultural purposes. Observations
show that water reservoirs such as Środa Reservoir on the Maskawa River, Września
Reservoir on the Wrześnica River, Kowalskie Reservoir on the Główna River, Słupecki
Reservoir on the Meszna River, and Pakoski Reservoir on the Mała Noteć River have faced
similar challenges. The inability to capture water from their catchments or the total loss
of inflow during the summer months resulted in an inability to reach or maintain normal
impoundment levels during the summer half-year. This, combined with poor water quality
and high temperatures, contributed to accelerated eutrophication. Consequently, this led to
algal blooms, which in shallower reservoirs resulted in massive fish kills. Another negative
aspect of prolonged low-water levels in reservoirs was the limitation or complete cessation
of feeding the river valleys that pass through these reservoirs. It should be emphasised that
this historical catchment was cut off from the reservoir in the 19th century due to drainage
works in the upper Noteć River carried out by the Prussian authorities at the time [18,19].

Among all the reservoirs mentioned above, the largest and most economically signifi-
cant is the Pakoski Reservoir, located in the southwestern part of the Kuyavian–Pomeranian
Voivodeship. It is of great importance for the local economy, as it provides water to several
industrial plants in the area and serves as a flood protection measure for the towns located
in the middle of Noteć River valley. This reservoir has been operational for 50 years, but
in its entire history, the past 5 years have proven to be the most challenging, as it has
not been able to reach its normal impoundment level even once during this period. The
problems described above seem fully justified when the changes in the land use structure
and groundwater conditions of the main rivers feeding the reservoir are analysed. In this
region, the climatic water balance has significantly worsened, there is no longer snow
cover, and the upper parts of catchment areas, especially those with significant lake areas,
have become non-drainable. With the constant water demand in the region, increased
evaporation from the surface of the reservoir, and water feeding into the Noteć River, it is
not surprising that this reservoir has remained only half-filled throughout the year in recent
years, despite having the potential to replenish its water. To address the water deficits, it is
necessary to modify the water management guidelines created in the 1970s to make them
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more flexible and reflect the potential for capturing excess water from both the current
catchment of the reservoir and its historical water supply area.

The aim of the study is to assess the factors influencing the water supply to lowland
reservoirs in Europe, using the Pakoski Reservoir as a case study, and to identify actions
that will enable more efficient water resource management in the catchment and reservoirs,
allowing for the maintenance of the current morphometric parameters in the context of
climate change, adverse environmental phenomena, and increased anthropogenic pressure
occurring in the catchment area. The obtained results can be applied to other lowland
reservoirs in Europe in a similar climatic zone.

2. Materials and Methods

The physical–geographical description of the analysed area was based on information
from orthophotomaps, topographic and hydrographic maps available on the Geoportal
website [20], and raster geological maps at a scale of 1:50,000 provided on the website of the
Polish Geological Institute—National Research Institute [21]. Land use forms were deter-
mined using data from Corine Land Cover 2021, downloaded from the website of the Chief
Inspectorate for Environmental Protection [22]. The historical extent of the Pakoski Reser-
voir was determined using maps obtained from the Archive of Western Polish Maps [23].
The hydrological and meteorological characteristics of the Pakoski Reservoir catchment
were based on data from the Institute of Meteorology and Water Management—National
Research Institute (Figure 1), and water level fluctuations in the reservoir were plotted
based on data from the State Water Holding Polish Waters. All hydrological and mete-
orological analyses were conducted using hydrological years, i.e., from 1 November of
the previous year to 31 October of the year under analysis. In the development of hy-
drological characteristics, daily data on water levels and water flows from water gauge
stations located in Goryszewo on the Panna River, Gębice on the Mała Noteć River, Pakość
on the Noteć River, Kruszwica on Gopło Lake and data from water gauge observations
conducted on the Pakoski Reservoir were used. Meteorological characteristics were based
on daily data from the climatological station in Kołuda Wielka and the precipitation station
in Gębice. Based on daily data, characteristic monthly and annual values were determined
and shown in charts presenting trends for individual parameters.

The analysis of the possibility of supplying the Pakoski Reservoir from the Noteć
River was carried out based on the location of the water table above the Pakość weir on
the Noteć River and in the Pakoski Reservoir. The days on which the water table in the
Noteć River was higher than in the Pako Reservoir were indicated as potential periods of
water supply to the reservoir from this river. New damming elevations for the Pakoski
Reservoir were determined based on the history of elevation changes in the reservoir in
relation to changes in flow rates in the Mała Noteć River and the Panna River, as well as
climatic trends determined on the basis of analyses carried out at the nearest climatological
stations. The descriptions and diagrams of the hydrotechnical structures were based on the
current water law permit, which allows for the operation of the Pakoski Reservoir, and the
attached water management instruction for the reservoir [24].

The resulting maps were created with reference to the Kronstadt ’86 height reference
system and the current Polish State Geodetic Coordinate System 1992.

The analyses of numerical data were carried out in MS Office and the maps were
drawn in QGIS.
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Figure 1. Pakoski Reservoir catchment (source: own elaboration based on IMGW-PIB data).

3. Study Area

The Pakoski Reservoir is located in the Kuyavian–Pomeranian Voivodeship, within
the Inowrocław and Mogilno counties, spanning the municipalities of Pakość, Janikowo,
Mogilno, and Strzelno. The reservoir begins south of Pakość at kilometre 1 + 825 of the
Mała Noteć River, where the main dam is situated, and extends to kilometre 22 + 200 of
this river near the village of Nowy Młyn (Figure 1). In addition to the main dam and
the reservoir basin, the Pakoski Reservoir’s hydrotechnical infrastructure includes the
Skalmierowice side dam, which separates the reservoir basin from the old Noteć riverbed,
as well as the Pakoski hydrotechnical complex structure with channels distributing water
among the Noteć, Mała Noteć, and the reservoir.

The catchment area of the Pakoski Reservoir, calculated as the drainage area of the
Mała Noteć River, amounts to a total of Acałk = 727.0 km2, of which the direct catchment
area is Abezp = 118.9 km2. By considering the potential for water diversion into the Pakoski
Reservoir from the Noteć River through the Pakoski hydrotechnical complex, the effective
catchment area increases by an additional A = 1567.45 km2. As previously mentioned, the
primary river supplying the reservoir is the Mała Noteć, originating from Lake Niedzięgiel.
Its largest tributary is the Panna River, which flows into the Mała Noteć 1.3 km upstream
of its entry into the Pakoski Reservoir (Figure 1).

The catchment areas of both rivers encompass lakeland regions. They have a
sandy–clayey character and are utilised in diverse ways. Larger forest complexes dominate
the southern and western parts of these areas, while the central and northern regions
are primarily agricultural lands. The direct catchment of the Pakoski Reservoir and its
smaller tributaries, forming the northern supply area, mainly consists of fields established
on drained clay deposits. This land structure contributes to uneven water supply patterns
to the reservoir and its tributaries. During wet periods and the winter–spring thaw, there is
a rapid runoff toward local watercourses. These watercourses converge, causing distinct
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short-term flow peaks (Figures 2 and 3). This is reflected in unit runoff values during very
wet periods, reaching q > 32.0 L s km−2 in the Mała Noteć catchment and q > 20.0 L s km−2

in the Panna catchment. In contrast, during rainless periods with heightened evapotran-
spiration, these rivers carry minimal water, with flows of just a few litres per second.
This results in unit runoff values in dry months of q = 0.04 L s km−2 for Mała Noteć and
q < 0.26 Ls km−2 for Panna. In the upper sections of these rivers and their tributaries,
prolonged episodes of complete flow cessation have been recorded over many years. This
issue is particularly severe in the Mała Noteć, where its headwater section has been dry
since 2014 [25], and in Panna’s spring zone, where significant declines in lake water levels
have also been observed [26].

Figure 2. Monthly average water flows in the western Noteć at the Gębice water gauge station
(source: own elaboration based on IMGW-PIB data).

According to Kondracki’s classification [27], the analysed water body is located within
the Gniezno Lakeland, with its catchment area additionally covering the Kuyavian Lake-
land and the Inowrocław Plain. This region has long been characterised by some of the
lowest precipitation levels in Poland, averaging 500–550 mm per year (Figure 4). An addi-
tional factor contributing to the area’s low water availability is the long-standing trend of
rising temperatures (Figure 4). This warming, combined with the increasing frequency of
dry continental air masses with higher vapour pressure deficits, results in an unfavourable
climatic water balance [28–30]. Consequently, the reservoir faces limited recharge potential.
These adverse atmospheric conditions are exacerbated by significant water withdrawals
for agricultural and industrial purposes, creating one of the most severe water deficits in
the country [25,31–33].
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Figure 3. Monthly average water flows in the Panna River at the Goryszewo water gauge station
(source: own study based on IMGW-PIB data).

Figure 4. Annual precipitation and average air temperature on climatological station Kołuda Wielka
(source: own elaboration based on IMGW-PIB data).

197



Water 2025, 17, 403

Given the uneven distribution of river flows in the region and the growing industry in
the southern part of Kujawy, a decision was made in the second half of the 20th century
to construct the Pakoski Reservoir. It was established in 1975 as part of a lake damming
programme implemented in the Noteć River basin. The damming aimed to regulate the
water balance in the Noteć River basin, which had been disrupted by 19th-century Prussian
drainage works; meet the growing demand for water due to the development of nearby
industrial facilities; supply water for agriculture; provide flood protection for the middle
Noteć valley; and sustain river flow during low-water periods to support navigation.
The primary water consumers from the reservoir were intended to be the Soda Works in
Janikowo and Mątwy, as well as the aforementioned agriculture and navigation sectors.

The Pakoski Reservoir was created by raising the waters of the Mała Noteć River by
4.5 m in its lower section, encompassing its valley and the basins of three associated lakes
(Pakoskie Północne, Pakoskie Południowe, and Bronisławskie). The combined surface area
of the bodies of water increased by 60%, from 8.1 km2 to 13.0 km2, while the volume grew
by 110%, from 40.6 million m3 to 86.5 million m3. The maximum water level was limited
by the topography of the area and the need to preserve existing infrastructure, primarily a
road bridge and a railway line crossing the river valley. The impounding of water caused
flooding of the floodplain of the Noteć River between the lakes, as well as a 2.5 km section
above Lake Bronisławskie. The flooded areas included the reed belt surrounding the lakes,
the adjacent and river-connected peatlands (mainly between the Pakoskie Lake and Lake
Bronisławskie), and arable land up to a width of several to 100 m. During the creation of
the reservoir, approximately 90,000 trees were planted in its immediate vicinity, including
mostly willows (Salix sp.), black alders (Alnus glutinosa), and linden trees (Tilia sp.) [34,35].

The reservoir has an elongated shape, resulting from its location within the subglacial
trough of the Skorzęcińsko–Pakoska valley, which divides the Gniezno Upland and the
Kuyavian Upland [36]. The depth of the upland cut relative to the trough floor ranges
from 20 to 50 m. This form is locally filled with 5–10 m thick lake deposits, including
gyttja and peat. The western slopes of the trough are higher but gentler, with a width of
about 750 m, while the eastern slopes are narrower, about 250 m wide. The eastern shores
often feature cliffs [19,34,35]. The reservoir is divided by three artificial embankments
used as roads or railway embankments. As a result, it is divided into four distinct parts,
which correspond to the former bodies of water and depressions from which it originated.
These include Lake Pakoskie Północne (Janikowskie), Lake Pakoskie Południowe (Trląg),
Lake Bronisławskie, and Lake Kunowskie (Figure 5). The morphology of the reservoir
bed is very varied, influenced by factors such as the numerous shallows and deep areas
of the impounded lakes, the winding and incised channel of the Mała Noteć River, and
the flattened areas of the reservoir bed created by flooding the river terraces and historical
biogenic accumulation plains associated with the old lake bays. It is also worth noting
that the reservoir bed slopes asymmetrically. The eastern slope of the basin is steeper than
the western one, as are the depths near the shoreline. The western slope is gentler, with
extensive shallow areas along the shoreline. The flooded strip, between elevations 74.9 and
79.4 m above sea level, reaches over 100 m in width with a slope of 6–7◦. The reservoir
basin’s morphology also features two depressions. The first is located in the northern part
of Lake Pakoskie Północne, while the second is at the entrance to the Kołudzka Bay in the
central part of Lake Pakoskie Południowe.
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Figure 5. The range of lakes comprising the Pakoski Water Reservoir in 1940 (A) and 2012 (B) (source:
own elaboration based on materials from the Archive of Maps of Western Poland—http://mapy.amzp.
pl/tk25.cgi?11,36,50,103—and the Geoportal website [20]—accessed on 8 November 2024). The
reservoir’s shores are lined with a strip of woodland, which is periodically submerged. The total
shoreline length is approximately 50.6 km, with about 15% of it reinforced with stone riprap. This
mainly concerns the dams intersecting the reservoir, including embankments and road and railway

199



Water 2025, 17, 403

embankments, as well as the front and side dams [19]. Unprotected shores are subject to abrasion,
and to a lesser extent, accumulation. The eastern shore, where cliffs rise up to 5 m in height, is more
heavily transformed. In the southern part of the reservoir, dense reedbed communities are present,
mainly composed of reedbeds overgrown with willows (Salix sp.). The shores of the lake are partially
forested (Figure 5B). Behind the reedbed and wooded strip, fields and buildings dominate the
landscape. The largest settlements located near the reservoir include Pakość to the north, Janikowo
and Bronisław on the eastern shore, and Trląg and Głogówiec on the western shore.

According to the valid water permit [24], which defines the operational rules of the
reservoir, the damming levels of its water level are as follows:

Absolute Minimum Damming Level (Absolute MinPP) = 74.93 m a.s.l.;
Minimum Damming Level (MinPP) = 75.50 m a.s.l.;
Normal Damming Level (NPP) = 78.85 m a.s.l.;
Maximum Damming Level (MaxPP) = 79.40 m a.s.l.
At the characteristic operational elevations, the surface area and capacity of the reser-

voir are as follows: PMinPP = 8.35 km2 and VMinPP = 45.10 million m3; PNPP = 12.20 km2

and VNPP = 80.46 million m3; and PMaxPP = 13.02 km2 and VMaxPP = 86.46 million m3. The
usable capacity of the reservoir (Vu) is 41.36 million m3. The remaining morphometric
parameters of the reservoir, determined at the NPP level, are as follows:

Maximum length—20.1 km;
Maximum width—2.0 km;
Average width—0.74 km;
Maximum depth—18.6 m;
Average depth—9.2 m;
Length of shoreline—50.55 km.
According to the instructions mentioned above, the Pakoski Reservoir is filled to the

elevation of 78.85 m a.s.l. (i.e., NPP) during the period from 16 September to 15 March. In
the case of a spring flood event between 16 March and 15 May, it is intended to capture
excess water within the flood storage capacity, which operates between NPP and MaxPP,
set at the elevation of 79.40 m a.s.l. From 16 May to 15 September, the reservoir undergoes
a gradual emptying phase to the MinPP level of 75.50 m a.s.l. In the case of extremely
unfavourable hydrological–meteorological conditions and increased water demand from
users located downstream of the reservoir, lowering the water level to the Absolute MinPP
of 74.93 m a.s.l. is permitted (see Figure 6).

 
Figure 6. Diagram of water management in the Pakoski Reservoir (source: own elaboration based on
data of PGW Wody Polskie).
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The recreational functions of the Pakoski Reservoir are limited by its poor water
quality, which, according to materials published on the website of the Chief Inspectorate of
Environmental Protection [36], has been in poor ecological condition for many years. The
poor water quality is a result of long-term contamination from nearby agricultural fields, as
well as domestic and industrial sewage. The waters of the reservoir qualify as out of class,
among others, due to exceeding the standards for nitrogen and phosphorus compounds.
The sediments contained significant amounts of heavy metals, aromatic hydrocarbons,
chloride ions, and plant protection products. Despite the poor transparency and frequent
algae blooms, the reservoir still has functioning beaches and recreational areas, such as in
Janikowo [37]. The reservoir is also an excellent place for fishing, particularly known for
its large pike-perch (Sander lucioperca). Other fish species found in the reservoir include
perch (Perca fluviatilis), bream (Abramis brama), roach (Rutilus rutilus), rudd (Scardinius
erythrophthalmus), common crucian carp (Carassius carassius), silver crucian carp (Carassius
gibelio), carp (Cyprinus carpio), white amur (Ctenopharyngodon idella), and eel (Anguilla
anguilla). The large surface area of the reservoir also makes it suitable for various water
sports, such as sailing and windsurfing.

4. Results

The functions performed by the Pakoski Reservoir, along with its operating instruc-
tions, dictate the water level regime in the reservoir. During the winter–spring period,
meltwater is collected to prevent flooding in the Noteć valley below the reservoir and
to store it for industrial purposes. In the summer–autumn period, the stored water is
used for field irrigation and to ensure the flow of water in the Noteć River. Due to its
functions and the fact that nearly half of the water stored in the reservoir is usable capacity,
significant fluctuations in water levels occur throughout the year (Figure 7). According
to the operation instructions for the reservoir, the permissible amplitude of water level
fluctuations is 3.9 m, ranging from 75.5 m above sea level (0.6 m above the maximum
water levels recorded in the lakes before their impoundment) to 79.4 m above sea level.
These changes in water levels occur steadily, interrupted only by heavy rainfall episodes
directly over the reservoir. In the autumn–winter period, the trend is upward, and in the
spring–summer period, it is downward. The water levels change uniformly by one to
several centimetres per day. Over the course of the year, there are no periods of prolonged
water levels remaining at the same level. After analysing the water level in the reservoir
throughout its operational period (Figure 7), it can be concluded that the permissible water
levels were only exceeded in critical situations, with the highest water level reached during
the flood of July 1980. Water levels were lowered below the permissible minimum only
in the first years of operation (1975–1980). The lowest water levels in the full operational
range of the reservoir were recorded at the turn of the 1980s and 1990s, in 2003, and in the
years 2019–2021, when significant drops in water levels were also observed in central and
western Poland [38]. Based on available data, the annual water level amplitudes in the
reservoir were determined, averaging H = 2.12 m, and ranging from H = 0.62 m in 2015 to
H = 3.83 m in 1977. The difference between the highest and lowest water levels throughout
the entire operation period of the reservoir is H = 4.35 m.

Such significant annual water level fluctuations lead to considerable changes in the
reservoir’s surface area over short periods. During years characterised by extreme wet
or dry conditions, with maximum water level amplitudes, the reservoir’s surface area
can change by 4.7 km2 and its volume by 42.6 million m3 within a few months. This
means that one-third of the reservoir’s basin can be periodically flooded and dried out.
In accordance with the water management instructions, high water levels typically occur
during the spring–summer transition, while low levels dominate the autumn–winter period.
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This operational scheme limits vegetation growth on the reservoir bed by preventing
macrophyte colonisation in the lower parts. However, periods of several consecutive years
with the reservoir not being filled, coupled with persistently low water levels throughout
the year, expose large sections of the reservoir bed during vegetation periods. This fosters
accelerated plant succession, which is particularly noticeable in the littoral zone. This
process was especially intense during the late 1980s and early 1990s and over the past five
years. Exposed sections of the bed were quickly colonised by reed beds and hygrophilous
trees, which were subsequently submerged during reservoir refilling. This caused the
decomposition of organic matter and an additional influx of nutrients into the reservoir’s
waters. A reduced water volume also negatively affects the breeding of various fish species
and other organisms, particularly those whose life cycles are tied to reed beds and shallow
littoral zones. Moreover, low water levels pose potential risks for reservoir users, limit
the possibilities for water-based recreation, and hinder activities dependent on stable
water availability.

 

Figure 7. Average monthly water levels in the Pakoski Reservoir (source: own elaboration based on
data of IMGW-PIB and PGW Wody Polskie).

Difficulties in filling the Pakoski Reservoir are largely the result of climate change and
reduced water inflow. As previously mentioned, the average annual precipitation in the
reservoir’s catchment does not exceed 550 mm and remains relatively stable both temporally
and spatially, with a slight decrease towards the southeast. However, potential evaporation
from water surfaces, as well as evapotranspiration responsible for water loss from land,
has significantly increased over the past 30 years. From levels of 650–750 mm/year, these
values have now consistently exceeded 800 mm/year. The intensified evaporation from
water and land surfaces, combined with an extended vegetation period, has led to increased
water losses in the catchment and directly from the reservoir. The lack of snow and ice
cover further limits water accumulation in the soil during the cold season and prevents
winter–spring floods, which historically helped fill the reservoir. Another critical factor
in reducing water inflow is the exclusion of upper parts of the catchment area due to
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lowered water levels in the lakes feeding the Mała Noteć and Panna rivers and their
tributaries. Key examples include the non-flowing lakes Niedzięgiel and Białe, located in
the Mała Noteć’s source area, and Lake Ostrowickie, part of the Panna Południowa’s source
area. High evaporation rates, years of low precipitation, and regional groundwater level
declines—linked to hydraulic connections with these lakes—have caused their water tables
to drop to the extent that their outflow channels have dried up. Consequently, the Pakoski
Reservoir’s supply area, being the final recipient of waters from these catchments, has
shrunk. To illustrate the scale of this problem, comparing the flow rates in the Mała Noteć
and Panna at their gauge stations just before the Pakoski Reservoir reveals a declining
trend in unit runoff. Despite similar environmental conditions (precipitation, land use, soil
composition, and lake coverage), the Mała Noteć basin, more affected by surface water
and groundwater declines, shows a more pronounced negative trend. Analysis of runoff
trends from 1975 to 2023—the operational period of the reservoir—shows stable unit runoff
values during the late 20th century when averaged over wet and dry years. However, in
the 21st century, a marked decline has occurred, which is more evident for the Mała Noteć.
For instance, at the Gębice water gauge station, the unit runoff decline is approximately
0.8 L s km−2 per decade, compared to 0.6 L s km−2 per decade at the Goryszewo water
gauge station for the Panna River (Figure 8). The decline in groundwater levels, driven by
municipal and industrial water withdrawals, long-term mining dewatering associated with
lignite extraction in the Konin region, and increasing water use for agricultural irrigation,
exacerbates the problem. It not only reduces the inflow from lakes and rivers but also limits
the groundwater stream directly feeding the Pakoski Reservoir.

Figure 8. Changes in the unitary runoff coefficient in Mała Noteć and Panna in the period of
functioning of the Pakoski Reservoir (source: own elaboration based on IMGW-PIB data).

In addition to contemporary anthropogenic factors affecting the water resources of the
Pakoski Reservoir, attention should also be paid to transformations that occurred hundreds
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of years ago. At the end of the 18th century and in the mid-19th century, extensive land
reclamation works were carried out in this area to canalise the Noteć River and parts of its
tributaries and to convert previous wetland areas into arable land [18,38,39]. These works,
in addition to improving navigability on the Noteć River and reclaiming thousands of
hectares of fertile soil, resulted in the lowering of surface water and groundwater levels
across the entire Noteć catchment and adjacent areas, reshaping the river network and
disconnecting selected water bodies from their alimentation zones. The Noteć River, which
used to flow through northern Lake Pakoskie, was dammed with an embankment and a
sluice in Leszczyce, and its waters were diverted to the Noteć Canal, built in 1774. This
canal bypassed the Pakoski Reservoir, directing water northward and connecting to the
Bydgoszcz Canal in the Toruń–Eberswalde Ice-Marginal Valley to the east and to the main
Noteć River to the west. As a result of these modifications, the primary river feeding the
Pakoskie Lake became the Mała Noteć, whose recharge area was also reduced due to the
construction of the Ostrowo–Gopło Canal, which redirected the southwestern streams that
had previously fed it toward Lake Gopło. Consequently, the catchment area of the former
Pakoskie Lake was reduced from its original ~2240 km2 to 727 km2. Over the next several
decades, these works led to a long-term lowering of groundwater levels and the water table
in lakes in the region by up to 2.5 m [18,39]. In the former Pakoskie Lake, the water table
dropped by 76 cm, and in Lake Bronisław, it dropped by 66 cm [38]. The surface area of the
latter decreased by 42%.

Observing such drastic negative changes in the hydrology of the area, the Prussian
authorities at the time initiated measures to limit water outflow from selected lakes and
rivers, constructing retention and stabilisation structures and simultaneously facilitating
flow management during flood periods [19]. This programme also included Lake Pakoskie,
whose water level, after stabilisation in the early 20th century, was set at approximately
75.0 m above sea level, with water level fluctuations ranging from 0.5 to 0.6 m.

The next stage of works in the catchment area involved the construction of the Pakoski
Reservoir by damming the waters of the Mała Noteć River at the outflow from the northern
Pakoskie Lake with a frontal dam and protecting the bed of the Old Noteć River with a
side dam to prevent flooding from the impounded lake waters. During this period, the
Pakość weir and associated canals were also built, enabling the regulation of water flow
and transfer between the Noteć, Mała Noteć, and Pakoski Reservoir (Figure 9). Another
function of the weir is to control the water level in Lake Gopło, located about 21.5 km from
this hydrotechnical structure.

When describing the Noteć River and Lake Gopło, it is essential to note that significant
disruptions have occurred in their hydrological recharge regimes. Due to mining activities
associated with open-pit lignite extraction, as well as regional lowering of surface water
and groundwater levels, certain areas within the potential recharge zone of Lake Gopło
have been periodically or permanently excluded. These areas include the upper parts
of the Noteć River catchment [31,32], the catchments of southeastern tributaries of Lake
Gopło, the Ostrowo–Gopło Canal catchment located in the Powidzko–Ostrowska trough
lake region [40–47], and the catchments of the Skulskie lakes. Partial compensation for
the lost water resources has been achieved through the redirection of drainage water
from the Lubstów and Tomisławice open-pit mines directly to the Noteć River or its
tributaries [31,48] and by supplying the Noteć River through the Gawrony weir, which
allows discharges from the summit section of the Ślesiński Canal (Figure 9) [49]. However,
it should be noted that in the coming years, as more mines close, discharges of mining water
toward the Noteć River will decrease, while the demand for water in areas affected by the
mining-induced depression funnel to the east of Lake Gopło will remain constant. A similar
situation is currently observed in the Biskupia Struga and Ślesiński Canal catchments, from

204



Water 2025, 17, 403

which it is becoming increasingly difficult to allocate water to the Noteć system. In the
coming years, due to water drainage by flooded pits located near the lakes of the Ostrowo–
Gopło Canal, it is expected that reduced water flows in this second-largest tributary of Lake
Gopło will persist. For many years, the catchment area of this watercourse, spanning over
300 km2, has been characterised by the absence of unit runoff. Until the groundwater levels
and lake water tables return to their mid-1980s levels, this area is unlikely to contribute to
the alimentation of Lake Gopło.

 

Figure 9. Water availability in the area of potential alimentation of the Pakoski Reservoir (source:
own elaboration based on materials of PGW Wody Polskie).
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5. Discussion

The intensifying effects of climate change, which result in sudden water surges on
one hand and significant water deficits on the other, demand more effective actions in
managing water reservoirs [50–52]. These efforts must aim to better utilise water resources
within the catchment areas of these bodies of water [53]. Studies of the Pakoski Reservoir
have shown that deepening water deficits, particularly severe in central Poland, lead to
challenges in filling the reservoir, which in turn impacts its functionality. When revising the
reservoir’s replenishment and usage scheme, it is crucial to maintain its existing functions,
meet the water needs of users reliant on its resources—including those of the upper Noteć
River—and ensure the functioning of the Pakoski Reservoir ecosystem. Recent years have
demonstrated that the greatest challenge facing the reservoir’s management is filling it
to the target operational water level (NPP) during the winter–spring period and then
maintaining that level while ensuring a minimum outflow during the summer months.
Snowless winters, high evapotranspiration, and groundwater withdrawals reduce the
inflow of water to the reservoir and its tributaries. Consequently, its retention functions
and the ability to supply water to the middle Noteć are becoming increasingly difficult to
sustain. The intensifying effects of climate change, which result in sudden water surges
on one hand and significant water deficits on the other, demand more effective actions in
managing water reservoirs. These efforts must aim to better utilise water resources within
the catchment areas of these bodies of water. Studies of the Pakoski Reservoir have shown
that deepening water deficits, particularly severe in central Poland, lead to challenges in
filling the reservoir, which in turn impacts its functionality.

When revising the reservoir’s replenishment and usage scheme, it is crucial to
maintain its existing functions [5,51,53], meet the water needs of users reliant on its
resources—including those of the upper Noteć River—and ensure the functioning of the
Pakoski Reservoir ecosystem. Analyses of the recent years have demonstrated that the
greatest challenge facing the reservoir’s management is filling it to the target operational
water level (NPP) during the winter–spring period and then maintaining that level while
ensuring a minimum outflow during the summer months. Snowless winters, high evapo-
transpiration, and groundwater withdrawals reduce the inflow of water to the reservoir
and its tributaries. Consequently, its retention functions and the ability to supply water
to the middle Noteć are becoming increasingly difficult to sustain. At the same time, it
should be noted that the Mała Noteć River, due to the desiccation of its southern sections
and the exclusion of parts of its recharge area (see Figure 1), currently exhibits a very low
probability of flooding. Therefore, it is worth considering adjustments to the reservoir’s
water levels and adopting a more flexible approach to water management during periods
of reservoir filling and utilisation.

Considering the above, and particularly to increase the permanent water reserve
available to reservoir users and entities in the upper Noteć valley, it is proposed to raise
the Absolute Minimum Operating Water Level (MinPP) to the current MinPP level of
H = 75.50 m a.s.l., and the MinPP to H = 77.00 m a.s.l. No changes are required for other
operational water levels. This approach would reduce the reservoir’s water demand during
its filling period while maintaining a safe flood reserve. Additionally, a more flexible
approach to the dates limiting reservoir filling and utilisation is recommended. Specifically,
it is suggested to extend the filling phase until 15 May if the target operating water level
(NPP) is not reached by 15 March. This recommendation is driven by changing winter
patterns, which no longer feature prolonged snow cover. In earlier years, snowmelt during
spring thaws provided a rapid increase in river levels, enabling a swift recovery of the
reservoir’s water resources while posing a potential flood risk to areas in the upper and
middle Noteć valleys. It should also be noted that, during the autumn and winter, if the
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Mała Noteć catchment and the reservoir’s recharge zone experience significant rainfall
and persistent snow cover exceeding 15 cm by the end of February, winter water intake
should be limited. In such cases, the reservoir’s water level should not rise by more than
1–2 cm per day. If rising temperatures lead to rapid snowmelt and a corresponding surge in
inflows to the reservoir’s primary tributaries, the Mała Noteć and Panna Rivers, reaching a
flow rate of Q = 3.5 m3/s, measures should be taken to suppress the flood wave passing
through the reservoir. During such conditions, an increase in the reservoir’s water level of
up to 5 cm per day would be permissible.

In the event of a prolonged hydrological drought, when the combined flow rates of
the Mała Noteć at the Gębice gauging station and the Panna at the Goryszewo gauging
station do not exceed Q = 0.5 m3/s during the early filling phase of the Pakoski Reservoir,
measures should be taken to utilise water from the Notecki Canal (Noteć) to support the
reservoir’s inundation. As previously demonstrated, until the mid-19th century, Lake
Pakoskie Północne, which forms the core of the Pakoski Reservoir, was fed by both the
Mała Noteć and the Noteć. The Noteć, with its larger catchment area, is more water-rich.
Currently, the Noteć carries mine drainage water from the Tomisławice open-pit mine and
benefits from additional discharges from the peak section of the Ślesiński Canal. As a result,
water flows in the Noteć at the Pakość weir, particularly during winter and spring, are
typically 2–3 times greater than those in the Mała Noteć before its confluence with the
Pakoski Reservoir. During these periods, water levels in both the Noteć and Lake Gopło
are often higher than in the Pakoski Reservoir (Figures 10 and 11). Over the past six years,
such conditions occurred for more than half of the time (1193 days out of a total of 2190).

 

Figure 10. Comparison of water levels in the Noteć River, Pakoski Reservoir, and Lake Gopło
against their operational damming levels in 2018–2023 (source: own elaboration based on data from
IMGW-PIB and PGW Wody Polskie).
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Figure 11. Periods of potential water supply to the Pakoski Reservoir from the Noteć River in
2018–2023 (source: own elaboration based on data from PGW Wody Polskie).

By utilising these additional water resources from the Noteć, along with the distri-
bution of water levels in the Pakoski Reservoir and the Noteć, and considering that the
so-called Pakoski hydrotechnical complex allows for the regulation of water management
in the lower section of the Mała Noteć and the canalised upper section of the Noteć from
the town of Pakość upstream, through Lake Gopło and the Warta–Gopło Canal to the
Koszewo lock, it is worth taking steps to redirect part of the water from the Noteć to the
Pakoski Reservoir. This can be achieved by using the existing hydrotechnical infrastructure
built in the 1970s as part of the Pakoski hydrotechnical complex, which allows such water
diversion either through gravitational flow or by means of pumping stations.

Considering the average flows of the Noteć River below Pakość weir, amounting to
Q = 5.5 m3/s (IMGW-PIB data) and the need to maintain water flows in the river at levels
that guarantee the water needs of users and preserve the functionality of the waterway
on the Noteć, it seems that redirecting Noteć water to the Pakoski Reservoir at a rate
of Q = 0.5 m3/s would not deplete its resources. On the contrary, it would allow for a
faster filling of the reservoir, at least until the water levels in the system of the Lake
Gopło–Noteć–Pakoski Reservoir are equalised.

In the winter–spring period of the 2023 hydrological year, during which there was
a shortfall of nearly 2 m to reach the NPP, this intervention would have allowed an
additional 43,200 m3/day to be introduced into the Pakoski Reservoir. Given the reservoir’s
morphometric parameters, this would result in a daily water level increase of almost
0.5 cm during periods of low water levels. If the water capture from the Mała Noteć
were maintained at the same rate as it was in the considered year, and the reservoir was
supplemented with water from the Noteć until the water levels in both systems were
equalised, it would ultimately lead to an additional several tens of centimetres of water in
the reservoir. It is worth noting that the proposed water extraction of Q = 0.5 m3/s would
constitute 11–44% of the flow in the Noteć River at the Pakość gauge, located downstream
of the confluence with the Mała Noteć. Even better results could be achieved with the
modernisation of the Pakoski hydrotechnical complex and the installation of new pumps,
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which would facilitate water transfer once the water levels in the reservoir and the supply
canal equalise. This action would not only increase water resources in the Pakoski Reservoir
during drought periods but also enable the storage of water from potential discharges from
the peak station of the Ślesiński Canal and mine drainage water from the Tomisławice open
pit, which currently flow through the Warta and Oder rivers to the Baltic. Keeping these
waters within the river-lake system of the Lake Gopło–Noteć–Pakoski Reservoir would
help retain water in a region with the greatest water deficits in Poland [25,26,31–33].

6. Conclusions

In the face of observed changes in river hydrological regimes (snowless winters, heavy
rainfall, and late rainy autumns and winters) and increasing challenges related to the
operation of reservoirs located on these rivers, there is a need for a serious revision of
existing water management instructions for many hydrotechnical facilities. These facilities
were designed and have functioned for decades under different hydrological conditions
and for different water needs. In many cases, the documentation that has been tested
does not foresee actions related to water deficits (drought), focusing primarily on flood
control functions. However, currently, especially in the lake districts and the central
Polish lowlands, we observe a growing need to address the deficit in the hydrological
balance, which is the result of changes in the size and distribution of water inflows to the
catchment (intensity and character of rainfall and snowmelt) and water usage (including
evaporation, transpiration, and water needs of users). Therefore, there is a need for
a “flexible” approach to the operation of hydrotechnical facilities, which will allow for
the most efficient use of their retention potential while maintaining their flood control
function. Many of these hydrotechnical facilities require consideration of new supply
conditions, changes in water needs, and associated functionality of the facilities, as well as
the interrelationships between them. A particularly important shift in the approach to water
resource management is indicated in the upper Noteć River area, which is characterised by
a very unfavourable water balance and is subjected to significant anthropogenic pressure.
The results of this pressure are changes in the hydrographic network, high water demand
from industry and agriculture, and the impacts of mining (surface lignite mining and
underground salt extraction). Water needs resulting from the development of tourism
and navigation (e.g., ensuring transit depths and water for lock operation on the Noteć
River) as well as the functioning of natural habitats associated with rivers and bodies of
water, suffering from water shortages, are also of significant importance. These demands
include, among others, the restoration of surface water resources, stabilisation of water
levels in reservoirs, and extension of the navigation season. Balancing these often seemingly
conflicting interests may seem difficult, but not impossible. An example where such positive
effects can be achieved through a change in the current water management approach is the
Pakoski Reservoir.

The change in the damming levels, dates of achieving the specified water levels, and
the method and scheme of supplying the Pakoski Reservoir, including the redirection
of water from the Noteć River (upper Noteć Canal) through the Pakoski hydrotechnical
complex during periods of higher water levels in the Noteć River and Lake Gopło, induced
by increased supply in the upper Noteć catchment or water discharge from the peak
position of the Ślesinski Canal, allows for the achievement of these objectives. The proposed
changes will have the following effects:

• Increasing the efficient use of water resources available in the catchment area of the
Mała Noteć and upper Noteć Rivers;

• Increasing the water resources of the reservoir while maintaining the safe flood capacity;
• Increasing the capacity for water flow supplementation in the Noteć below the reservoir;
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• Securing the water resources of the Mała Noteć and upper Noteć River systems after
the closure of the Tomisławice open-pit mine;

• Raising the groundwater levels and improving the condition of wetlands within the
reservoir catchment area;

• Improving the habitat conditions for fish and other organisms inhabiting the reser-
voir’s littoral zone;

• Reducing the process of overgrowth in the coastal zones of the reservoir;
• Improving navigation conditions and increasing the reservoir’s tourist attractiveness.

Taking into account the challenges associated with maintaining the water level in
artificial reservoirs in various parts of the world and the increasing problems with providing
water for various industries and agriculture in the light of recorded climate changes [54–64],
it seems reasonable to apply the solutions indicated for the Pakoski reservoir to other
reservoirs of this type. The solutions developed for the Pakoski Reservoir in terms of
increasing the flexibility of water management instructions created decades ago can be
applied in particular to other lowland dam reservoirs located in a similar climatic zone,
within areas where changes in their water supply regime have been observed in recent
years and increasing water deficits have been observed.
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31. Nowak, B.; Szadek, P.; Rosa, J. Analiza możliwości przyspieszenia odbudowy zasobów wodnych w rejonie górnej Noteci i

zalewanego wyrobiska końcowego odkrywki Lubstów (Polska środkowo-zachodnia) (Analysis of possibilities to accelerate
restoration of water resources in the region of the Upper Noteć River and the flooded Lubstów open-pit working (middle-eastern
Poland)). Gospod. Wodna 2022, 8, 4–17.

32. Habel, M.; Nowak, B.; Szadek, P. Evaluating indicators of hydrologic alteration to demonstrate the impact of open-pit lignite
mining on the flow regimes of small and medium-sized rivers. Ecol. Indic. 2023, 157, 111295. [CrossRef]
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zbiornika pakoskiego (Noteć Zachodnia). In Nauka-Przyroda-Technologie; t.1; z. 2; Melioracje i Inżynieria Środowiska;
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645–654. [CrossRef]
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Abstract: Like many coastal lagoons in several countries, the “Navío Quebrado” lagoon (La Guajira,
Colombia) is a very delicate and precious environment; indeed, it is a nationally recognized Flora
and Fauna Sanctuary. Several factors, including climate change, are threatening its existence because
of changes in the governing hydro-morphological and biological processes. Certainly, the first step
to addressing this problem is to understand its hydrological behavior and to be able to replicate,
via simulation, its recent history before inferring likely futures. These potential futures will be
marked by changes in the water input by its tributary, the Camarones River, and by modified
water exchange with the sea, according to a foreseen sea level rise pattern, as well as by a different
evaporation rate from the free surface, according to temperature changes. In order to achieve the
required ability to simulate future scenarios, data on the actual behavior have to be gathered, i.e.,
a monitoring system has to be set up, which to date is non-existent. Conceptually, designing a
suitable monitoring system is not a complex issue and seems easy to implement. However, the
environmental, socio-cultural, and socio-economic context makes every little step a hard climb. An
extremely simple—almost “primitive”—monitoring system has been set up in this case, which is
based on very basic measurements of river flow velocity and water levels (river, lagoon, and sea)
and the direct participation of local stakeholders, the most important of which is the National Park
unit of the Sanctuary. All this may clash with the latest groovy advances of science, such as in situ
automatized sensors, remote sensing, machine learning, and digital twins, and several improvements
are certainly possible and desirable. However, it has a strong positive point: it provides surprisingly
reasonable data and operates at almost zero additional cost. Several technical difficulties made this
exercise interesting and worthy of being shared. Its novelty lies in showing how old, simple methods
may offer a working solution to new challenges. This humble experience may be of help in several
other similar situations across the world.

Keywords: monitoring; coastal lagoons; tidal water exchange; low-cost technology; participatory
approach; Colombia

1. Introduction

1.1. Peculiarities of Coastal Lagoons

Coastal lagoons are among the most productive systems in the world [1,2]. Indeed,
many species take advantage of the lagoons to feed and reproduce, remaining in these
places for part of their life cycle. They provide a significant number of socioeconomic
benefits for humans who exploit this productivity, particularly by fishing [3]. Coastal
lagoons are characterized by shallow depths, differing greatly in size, morphology, trophic
state, and salinity characteristics, which drive the biological structure, species composi-
tion, and fishing performance [4]. At its boundaries, the entry of freshwater—typically by
rivers—provides hydrological forcing, as does the exchange of water between the lagoon
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and the open sea [5]. Due to the above, these ecosystems generate great motivation for re-
searchers to study not only their productivity but also their hydrological and hydrodynamic
behavior (inflow, exchange of flows, and water levels).

Coastal lagoons are characterized by a typical annual cycle (Figure 1). This usually
starts when the feeding river system is flooding, thus originating a period of “high waters”,
where the water level rises until the natural sand bar, separating the lagoon from the open
sea, breaks down and creates an open mouth (“la boca”; in some cases, local inhabitants
contribute to artificially creating an opening to avoid flooding their houses). In these
conditions, the outgoing flow of semi-fresh water is felt by sea populations of fish (for
Navio-Quebrado: Litopenaeus schmitti, Macrobrachium acanthurus, Centropomus undecimalis,
Elops saurus, Micropogonias furnieri, Mugil curema, Mugil incilis, Mugil liza, Cathrorops spixii,
Eugerres plumieri lito, Mugil liza, and Mugil curema) and crustaceans, which hence enter
the lagoon looking for appropriate zones for reproduction and nursery. While the river
freshwater input reduces (often remaining null for several months), the lagoon volume
drops, and for a few months, an alternate flow exchange of water into and from the sea is
established, according to the tidal pattern. In this period, the fingerlings and grown fish
take advantage of this opportunity to exit into the open sea and “look for freedom and a
new life”. This goes on until the sea waves prevail on this exchange process and recreate
a sand bar, closing la boca. From this moment on, until the next cycle starts, the lagoon
water evaporates, lowering its level (depth) and area, while salinity strongly increases. All
fauna trapped inside are destined to die due to the hypersaline conditions unless a new
flood comes in time. Regarding Navío-Quebrado, curious local fishermen collect dead or
dying biomass—mostly composed of Elops saurus followed by mugilids [6]—as a delicious,
although stinky, food (named “cachirra” by the natives of the area).

 

Figure 1. Scheme of the typical hydrological and ecological cycle of a coastal lagoon in La Guajira:
(a) dry season; (b) flood season with opening of la boca and outflow of semi-fresh water; (c) sea–
lagoon exchange according to the tide.

1.2. The Case of the Navío-Quebrado Lagoon

On the one hand, the interest in the Navío-Quebrado lagoon (Figure 2) stems from its
intrinsic environmental value, primarily linked to the presence of a significant population
of flamingos (Flamenco Rosado, Phoenicopterus rube). Indeed, it is because of this that
it is a National Fauna and Flora Sanctuary. On the other hand, it provides important
environmental services such as fishery, particularly shrimps (from which the alternate
name “Camarones” comes), and is a tourist attraction, both for its scenery and for the
observation of local fauna.
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Figure 2. Navío-Quebrado (Camarones) lagoon: (a) wet season; (b) opening of the mouth (“la boca”);
(c) the bar between the sea and lagoon (closed mouth).

Threats and Problem Addressed

Since the first River Basin Management Plan (POMCA), developed by the Italian
NGO Ricerca e Cooperazione in collaboration with the regional Environmental Authority
Corpoguajira and the local Universidad de La Guajira [7] and coordinated by one of us,
sedimentation induced by the sediment load of the Camarones River has been identified as a
major potential threat. This issue was supposed to be linked to landslides in the headwaters,
which transported large amounts of sandy material (as occurred in 1985). This awareness
opened the query towards further investigation efforts. Nevertheless, until now, the only
additional information acquired refers to a stratigraphic analysis of a nearby sample [8]
(but not from the lagoon itself) and a more recent attempt by Parques Nacionales Naturales
de Colombia Nacionales (jurisdiction of the Santuario de Fauna y Flora los Flamencos-SFFF) to
measure the productivity of the lagoon and the fishing effort applied, as well as the counting
of the Flamencos Rosados, the emblematic species of the lagoon, usually found mostly
between November and March [9]. Fish suffer from a strong anthropogenic pressure
given that fishing is the most important livelihood of local inhabitants, which makes
rational control problematic. An eco-anthropogenic problem is due to the early capture
of fish by locals (many of which are Wayuu indigenous people), preventing their growth
to commercial size and consequently leading to a virtual income loss [10]. This reality
generates a certain level of conflict between different fishermen groups and competition to
capture the shrimp population before others can take advantage of it. Although there is
scientific information from studies on the fish and insect communities [11,12], no recent
information about the hydrology of the lagoon has been generated. There also are other
threats due to the use of fertilizers and agro-chemicals in the basin, and also due to
direct sewage discharge into the lagoon [13], manifested, for instance, in some episodes
of bad water quality [14]. More generally, the Camarones river basin is subject to furious
exploitation of its natural resources: industrial agriculture, raising cattle, and clearing the
forest to feed the necessary ovens for cooking clay bricks are the major pressure factors
affecting the hydrological regime. Finally, pressure from tourism is boosting urbanization
and all connected problems.

Another very significant threat is associated with climate change. Rising sea levels, a
likely reduction of freshwater supply, and increased evaporation, associated with a possible
reduction of the available lagoon volume because of sedimentation, spontaneously raise
the question of whether this system will survive as it is or will soon be incorporated into
the sea. On the contrary, it could also be transformed into a productive mangrove zone or
alternatively a rotten marsh (as seems to have happened in the far past, according to [8].

Therefore, it was decided to undertake a first attempt to set up a hydrological moni-
toring system. Once established, the data provided by such a system could allow us to set
up a hydrological simulation model (water balance). With this model, it may be possible to
explore future scenarios, possibly deriving useful indications for action.
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1.3. Paper Aim and Structure

This humble paper presents the difficulties encountered in setting up a monitoring
system and the solutions adopted. Its aim is to make decision-makers aware of the difficul-
ties inherent in a territory such as La Guajira and, at the same time, to provide practitioners
and managers with useful hints to simplify their efforts. It can also stimulate researchers
to search for new ideas to overcome our difficulties. Finally, we believe that the whole
exercise depicts an interesting scientific process where several potentially viable options
are explored and a specific pathway is progressively defined. Its novelty lies in showing
how old, simple methods may offer a working solution to new challenges, often in a more
appropriate fashion than the more advanced technology.

The Method chapter of this paper is its core. It presents, in a plain fashion, the different
attempts performed in order to set up the different components of the monitoring system.
Therefore, it may look more like a project report than a paper, as it faces different issues,
rather than setting up a particular specific methodology. However, this exercise, in our
opinion, has the characteristics of scientific research, where the objective is indeed to set up
the monitoring system. The data and graphs presented in each component of the Method
chapter are not intended to be results; they are an intrinsic part of the definition of the
method itself. Therefore, the Results chapter is simply the display of the data that have
been collected during almost a year and a half of monitoring by the system, accompanied
by a discussion about their meaningfulness. Strengths and weaknesses of the monitoring
system are finally pointed out and indications for future development are established in
the Conclusions, where a synthetic overview of the exercise conducted is provided.

As the reader may note, the literature review and discussion section is quite limited.
This is due to the fact that we could not find significant contributions facing a similar
problem. Many papers discuss specific methods/techniques, which have been carefully
considered here, but they proved unsuitable in the end—as clarified—and, hence, a full
related discussion would be out of scope and would further extend an already quite
lengthy paper.

As the search for a feasible set up of the monitoring system has been a “long trip”,
the information generated is quite extensive. To help the reader, a summary table is made
available in the Conclusions section. This may be consulted, while reading the paper, as a
kind of compass.

2. Methods: Practical Challenges and Adopted Solutions to Set Up a Monitoring System
for the Camarones Lagoon

A hydrological monitoring system, aimed at feeding a hydrological model (water
balance), for a coastal lagoon should include at least the following:

(a) Freshwater inflow by the tributary (the Tomarrazón-Camarones River). The discharge
should be measured at a station sufficiently close to the lagoon to represent the whole
water basin supply, but at the same time sufficiently far away to be influenced by the
backwater effect as little as possible.

(b) Storage and release flows from changes in water volume stored in the lagoon. This
implies being able to measure the level of its water surface and to know the morpho-
metric relationships linking such levels to the stored volume (and surface area).

(c) Salty or brackish water exchange between the lagoon and sea (only when the boca is
open), as this may be a key component of the water balance. Measuring this variable
is not easy, but for systematic monitoring, the idea is to measure essential variables,
namely the water surface elevation of the lagoon and of the sea, and to derive a
relationship linking them to the exchange flow.

(d) Freshwater inflow from precipitation directly falling on the lagoon itself and from
runoff from the local watershed into the lagoon. Both can be estimated from mea-
surements of the precipitation at nearby sites and the area of the two components
(the local water basin and lagoon); however, the latter requires data on rainfall–runoff
relationships (model).
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(e) Evaporation losses from the water surface of the lagoon: this can be calculated from
direct estimates of evaporation rates or from indirect estimates based on formulas
where the measured variables would be temperature, humidity, etc.

Filtration exchanges with the sea and the nearby area can be neglected at first as the
bottom of the lagoon is considered to be basically sealed by fine sediments (silt and clay)
and the water head’s potential to generate filtration with the sea is very low, while the
potential zone of exchange (the mouth) is quite limited.

The physical system is shown in Figure 3, together with key elements.

Figure 3. Study area: (a) general location; (b) location of specific points of interest.

It is spontaneous to think of a (possibly low-cost) technological system to measure
several such variables. Low-cost systems are generally modular, thus allowing for the easy
replacement of damaged parts. Modularity also allows for a wide freedom in the selection
of components, including sensors, recorders, measurement algorithms, communication
technology, the feeding source, and other characteristics [15–17]. These systems are suited
for a variety of contexts, e.g., water quality monitoring (nutrients, dissolved oxygen, etc.)
in a river [15]; environmental monitoring, e.g., the aquifer level, air quality, sediments,
or the dynamics of wind-transported sands [16]; management of urban waters [17]; and
measurement of water levels in a river [18]. Therefore, we first evaluated this possibility
for the different components of the target system.

2.1. River Inflow

No gauging station exists on the Tomarrazón-Camarones River; therefore, the first
idea was clearly to set up a new, low-cost monitoring station of the river stage h with
automatic measurements (by a pressure or distance sensor) and possibly tele-transmission
of data [18,19]. In parallel, the goal was also to set up a suitable stage–discharge relationship
Q(h), analogously to what has been achieved by [5].

Unfortunately, our experience in the area led us to immediately discard this idea due
to the high probability (or certainty) of rapid robbery of or damage to the devices: very
poor people, who are quite numerous in the area, are prone to stealing anything that can
reward them with amounts even smaller than a dollar.
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Another option was to adopt satellite measurements of water level via-sensors, such
as TOPEX/Poseidon, Jason-1, 2, and 3, ERS-1/2, Environmental Satellite-Envisat, ICESat,
CryoSat-2, SARAL/AltiKa, and SWOT, with the support of software such as AlTiS, version
2.2.9 [20]. However, analogously, this option was discarded for several reasons. The channel
is almost invisible from above owing to the riparian vegetation cover, the channel is too
narrow (10–20 m), and the frequency of survey of satellites is too low for our purposes.
Nevertheless, these tools have produced data for two decades that can be very useful for
studying, for instance, the evolution of water bodies in general [21–24].

As the rainy season was about to start when we were designing the system—and
missing it would be a significant loss of data—a very simple but robust and even economic
solution was set up. A rule was painted on a fixed vertical part of the wall of the foundation
pillar of a bridge. Two rules were set up in the only two bridges in the area (Figure 3b):
Puente Troncal, the one selected for the routine measurements, and Puente Viejo, which
is some distance upstream. This was conducted to perform a check on data coherence,
explore the possible existence of a backwater effect, and provide an alternative calculation
of flow based on the gradient of the water level (as explained later in this paper). Details of
the rules on both bridges can be observed in Figure 4.

 
Figure 4. Location of hydrometers: (a) view from downstream at Puente Troncal; (b) view from the
observation point at Puente Viejo; (c) rule at Puente Troncal; (d) rule at the same site during a flood
(this is located on the opposite side of the pillar).

The selected cross-sections are sufficiently stable because the riparian material is
mainly organogenic claystone conglomerate, although, of course, a certain level of change in
the sediment deposits may take place. With a survey during dry conditions, we determined
the geometry of the cross-section so that the relationship A = A(h) was obtained, where A
is the area of the wet cross-section for water level h (Figure 5).
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Figure 5. Cross-section at Puente Troncal. It can be noted that the 0 of the hydrometer (on the right)
was placed where the water was on the day of installation; however, the water level can be lower
(the depth was estimated by directly wading into the section). This means that negative values of
the water height h are also possible. The wetted topography was manually surveyed by measuring
depth with respect to the water surface every 100 cm, as represented in the figure.

To simplify the routine measurement process as much as possible, we ensured that
the water surface and the rule were visible in any condition from a selected site on top
of the bridge and opted for just taking a picture, ideally a couple of times each day at
(more or less) fixed times (early morning and mid-afternoon). Providentially, we could
arrange a formal agreement with the local National Parks office, which immediately and
enthusiastically shared the necessity of setting up such a project and accepted the pledge to
have one of its staff members pass by the site and take the picture. In addition, we made a
private agreement with a local person (muchacho) with a motorcycle, who, under a very
reasonable payment, would commit to echar un ojo (having a look) at the river every day
and who, in case of a flood or an emergency (e.g., the impossibility of a Parks servant
passing by), would take an additional picture registering the time and immediately send
it to us by WhatsApp® version 2.22.7.73. In spite of all these arrangements, in practice,
however, most of the time, only one measurement a day was obtained (and some days
even that was missing).

Still, the second part of the problem had to be faced: setting up a stage–discharge
relationship. This meant gauging the flow rate, particularly during high flows, which is
quite a dangerous task. The use of a classic current meter was out of the question because
the bridge is too high over the water to hold the device with a long rigid arm, while an
ADCP (Acoustic Doppler, Current-meter Profiler; [25]) would require accessing the water
body during high water to place a guiding rope/wire, a method that is physically very
hard and dangerous owing to the dense vegetation one must cross and the slippery ground
(Figure 6). In addition, and most importantly, our University simply had no such device
yet. On the other side, wading into the river would certainly be impossible because it
becomes very deep and fast with a slippery bottom, while in low water, wading would
interfere with the flow we had to measure. Other methods such as salt concentrations or
dyes were not viable again because of the impossible access and because the river feeds
a natural protected area. This is why we chose the old, somehow “primitive” method of
throwing a floater and measuring the time elapsed to cover a fixed, known distance (of
11 m), and averaging amongst several (at least three) launches along different flow lines
across the section. Only biodegradable objects such as fruits (ideal because they float but
are almost fully immersed, meaning that the wind effect is minimal) or short wooden sticks
were used. The flow rate was then obtained by just multiplying the average velocity by the
area of the wet section, determined based on the water level h and the known geometric
section A = A(h) previously determined in dry conditions (from Figure 5). No correction to
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the velocity for the border effect was applied because the velocity field is quite complex
and the main flow sometimes occurs on the side rather than in the central sector.

 
Figure 6. Difficult Access to the measurement sites: (a) Puente Troncal; (b) Puente Viejo.

This approach would appear to most readers, as it does to us, as quite anachronistic
and primitive. Nevertheless, the obtained data after more than one and a half years of
observations behave surprisingly well, as shown in Figure 7 (interpolated by a polynomial
regression equation).

 

Figure 7. Stage–discharge relationship (polynomial regression) of the Tomarrazon-Camarones River
in Puente Troncal with gauging data from 23 April 2022 until 23 October 2023 (y denotes elevation
m asl).

It is reasonable to wonder whether these 32 data pairs are sufficient to accurately
calculate the relationship. The answer can perhaps be found in the final result, the reason-
able consistency of modeled lagoon behavior (depending also on river inputs, estimated
through this relationship) with respect to measurements of the lagoon state; however, this
is dealt with in another forthcoming paper. Here, to confirm this positive result, and for
scientific curiosity, a different method was adopted to estimate the flow rate based on
classic hydraulics, i.e., by applying Chezy Manning’s Equations (1) and (2) [26], which is
often used in current research (e.g., [27–29]). Here, we used the area A = A(h) and wetted
perimeter p = p(h) relationships obtained from the cross-section geometry of Figure 5 by
points (Figure 8), and for the slopes [m/m] of each measurement (at a given date and time),
the water elevation difference Δy between the two bridges monitored (yT at P.Troncal and
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yV at P.Viejo, see Figure 3), divided by their distance L along the stream axis (L = 1132 m
from Google Earth® images), establishes a reference elevation for both (the “IGAC 0”; with
IGAC: Instituto Geográfico Agustin Codazzi, the official Colombian entity in charge of geo-
graphical issues and maps), so transforming the water depth h of our hydrometer into an
elevation y. With this position, the stage–discharge curve at the P.Troncal station, as shown
in Figure 9, was obtained by estimating the Manning friction coefficient n from manual
trial and error to fit the measured values as far as possible (obtaining the value n = 0.0447
in the SI system). Again, the results are surprisingly nice, as demonstrated by Figure 9.
Nevertheless, for the monitoring exercise, the empirical stage–discharge curve (based on
our measurements) is preferred simply because this is closer to reality and because more
data will be available in time, hopefully making it more reliable gradually.

v(h) = 1/n R(h)2/3 s1/2 (1)

Q(h) = V(h) A(h) (2)

with:
v [m/s]: average velocity in the cross-section
Q [m3/s]: flow rate
h [m]: water depth in the section
A [m2]: area of the wetted cross-section
R [m]: hydraulic radius, i.e., R(h) = A(h)/p(h)
s [-]: the river slope
p [m]: wetted perimeter
y [m.a.s.l]: water elevation: y = h + h0 with h0 IGAC reference [m.a.s.l].

 

p =  0.0002*h2 + 0.0996*h + 13.608
R² = 0.9948
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Figure 8. Analytic relationships (approximated) for the cross-section of the river at P.Troncal:
(a) wetted area A = A(h); (b) wetted perimeter p = p(h).

Novelties

However, things are never as smooth as they appear at first sight. While the data col-
lection process was ongoing, we updated the exercise after an additional month (November
2023), when new significant flood events took place. Figure 10 shows the stage–discharge
curve with the new data, which shows significantly worse behavior, although it is still
not bad.

The suspicion arose then that the deviations detected in the stage–discharge curve
of Figure 10 could depend on the backwater effect from the lagoon. Indeed, Figure 11
plots the flow rate deviations (Q measured and Q estimated by the empirically found
stage–discharge relationship) as a function of the water surface level of the lagoon, showing
a certain tendency to over-estimate Q (i.e., a negative deviation) for increasing values of
the water elevation in the lagoon (i.e., towards the right), as expected.
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Figure 9. Matching between measured Q and Q estimated via the Chezy–Manning equation
(R2 = 0.9738), with data from 23 April 2022–23 October 2023.
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Figure 10. Surprise from new data on the Tomarrazon-Camarones River in Puente Troncal:
(a) Stage–discharge relationship (power law regression, R2 = 0.9172) with gauging data from 23
April 2022 until 23 November 2023; (b) matching between measured and estimated values (red line:
perfect matching, dotted line: linear regression with R2 = 0.9119).
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Therefore, we sought to improve the found power–law relationship by incorporating
a dependency on the water elevation in the lagoon yL, i.e., Q = Q(yT, yL). Specifically, a
relationship with a term that would reduce the flow value Q for a lagoon elevation yL closer
to the river stage elevation yT at P.Troncal (always higher than yL) was set up, as shown by
Equation (3), that simply mathematically expresses this concept. Its four parameter values
have been calibrated by trial and error (y in [cm.a.s.l]):

Q = a (yT − y0)b [1 − 1/eθ(yT−yL)] [m3/s] (3)

where the parameters “a, b, y0, and θ” were determined via calibration and assume the
following values (Equations (4) and (5)):

a = 0.13299; b = 1.00927 (4)

y0 = −1.900; θ = 0.02600 (5)

The result is shown by the corresponding matching graph (Figure 12), where a certain
improvement is apparent both in terms of a closer position of the linear tendency line to the
perfect matching line (solid red, 45 degrees) and in terms of dots that are closer, in general,
to that line (indeed, R2 = 0.9335 overcomes the value obtained by the mono-dimensional
regression, Figure 9). The improvement, however, is more relevant for low values of Q;
however, this is clearly reasonable as the backwater effect of the lagoon vanishes for high
flows as they are associated with high river stages while the lagoon water elevation moves
in quite a limited range. It is certainly possible to better calibrate the set of parameters
and even to find better functional relationships; however, for the moment, this is the
stage–discharge relationship adopted hereafter.

 

Figure 12. Improvement of the matching between measured Q and Q estimated by the
Q = Q(yriver, ylagoon) relationship (light blue dots are the same as in Figure 9 for ease of compar-
ison). Data until 23 November 2023.

2.2. Sea Level

The sea level is a fundamental variable because it determines the exchange relationship
between the lagoon and the sea according to tides and the status of the mouth and, as such,
it governs the annual life cycle of the same lagoon.

At first, the idea was to install a dedicated sensor to measure water levels with high
frequency (as reported, for instance, in [30]), but this idea was immediately discarded for
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the same security reasons already explained above and also for the absence of a suitable
installation site. A much simpler solution was hence adopted by simply using existing
reported sea elevation data (yS); in our case, the tide gauge at Puerto Brisa (see Figure 1a)
located 39 km away from the mouth of the lagoon is the closest one.

However, getting the data—which are collected and owned by DIMAR (Colombian
Dirección General Marítima y Portuaria)—is a process that requires administrative steps
and time, as hourly data are not available online; hence, data are always obtained with a
delay of a few months and only under explicit request. Another difficulty is the format
of the data: they are delivered partly with a dd-mm-yyyy date format and partly with a
mm-dd-yyyy format. A harsher difficulty is creating, within a continuous, hourly (Excel®

2019 MSO version 2406) data record sheet, an automatic reference to other sheets where
our discontinuous time data of measurements of river flowrate and level, measurements of
the lagoon level (usually bi-daily between 7–9 a.m. and 4–6 p.m., but with exceptions), and
measurements of the area of the mouth and lagoon–sea exchange flow rate were recorded
(by transcription of the physical field data formats). These data are collected at different,
irregular times with many missing data (“holes”). To deal with this situation, we developed
a specific Excel spreadsheet with suitable algorithms that proved to be indispensable,
although far from trivial.

However, another, more serious problem concerned the altimetric consistency of
data. According to common sense, the tide should oscillate most of the time around 0
with positive and negative values, although periods of higher or lower moving averages
are possible due to particular combinations of astronomic and the meteorological drivers.
However, here, almost all of the sea elevation data appeared to be much higher (about 60 cm)
than the topographic IGAC 0 (Figure 13), which is impossible because, in those conditions,
no flow from the lagoon to the sea could occur, while it is clearly physically expected
and was indeed observed in the field. We then asked for formal explanations from the
relevant institutions (DIMAR, IGAC, and IDEAM—Instituto de Hidrología, Meteorología
y Estudios Ambientales) and understood that the tide gauge, like the entirety of the
Colombian national geodesic network managed by IGAC, is referenced to a sea level of
0 located on the Pacific coast in Bonaventura town, which is a completely different water
body. Indeed, the average sea level in the Caribbean—where Puerto Brisas and Camarones
are located—is in general 28 cm lower (in [31,32]). However, this fact does not solve the
mismatch as both the river elevation and that of the lagoon are referenced to the same
IGAC 0 and as such should be consistent. Therefore, the final explanation is that a deviation
exists between the geoidal and the ellipsoidal models of the Earth’s surface in Colombia, as
at present, there is no official update of the Colombian model. This is indeed consistent
with the results found by [33] when trying to validate geometric leveling points with classic
topography and LIDAR data, finding an average difference of 0.63 m.

In order to proceed, it was therefore assumed that the P.Brisa tide gauge utilizes
a different (unknown to us) local reference and without searching for that datum, the
mismatching was solved by adopting a very operational criterion. As will be detailed
in a forthcoming paper, we just imposed that the lagoon–sea flow exchange process was
physically meaningful. This means that when the observed flow was outgoing (from the
lagoon into the sea), the lagoon water elevation should be higher than that of the sea, and
vice versa. Luckily, a meaningful value of a fixed vertical translation of the tide gauge data
could be found by trial and error, which could fulfill this condition in all observed cases,
except one. Considering that just a tiny level difference (a few centimeters) is involved, and
that the tide gauge is 39 km apart and that there are often strong winds, the obtained result
(denoted with yS*) can be considered fully satisfactory.

225



Water 2024, 16, 2248

 

Figure 13. Extract of the time series of recorded data (at hourly time steps) showing the inconsistency
between lagoon data and sea data, which are always higher than 0 and higher than the lagoon levels
(top: sea elevation data kindly provided by DIMAR: daily moving average indicated by the darker
line; bottom: lagoon water elevation data collected by our project).

2.3. Lagoon: Water Level

The most spontaneous solution for the measurement of the water elevation of the
lagoon seemed to be the installation of a rule fixed at a pole in a relatively central place
in the lagoon so that even for low levels, the rule would still be immersed (as the lagoon
is quite shallow and the bottom is characterized by a very gentle slope). Measurements
would be taken by the personnel of National Parks from their headquarters on the shore
using binoculars. However, this idea was soon discarded because the reflection of sunlight
on the water would make remote reading impossible and because wind, the perennial
companion of sunlight, generally provokes a high-frequency, irregular wave system with
an amplitude of about 5–15 cm, which would severely affect the measurements. Even
an automatic sensor, which might allow a certain degree of digital filtering of data, was
discarded because of the usual security problem and in line with the idea of creating a very
basic system.

Therefore, a manual device installed at the National Parks’ headquarters located on
the lagoon shore (Figure 1 for general location and Figure 14) was chosen.

 

Figure 14. General view of the lagoon water level measurement system.
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It is licit to wonder whether the foreseen monitoring frequency of twice a day is
sufficient to capture the dynamics of the lagoon. According to Shannon [34], in a linear
(linearized) dynamic system, sampling should be carried out with a frequency not lower
than T/10, where T is the minimum time constant. This criterion, as will be explained
in a forthcoming publication, leads to a very wide range of values; specifically, when the
mouth is open, the criterion provides values of 1.6 to about 5 h (depending on the filling
status of the lagoon, being quicker when it is low); when the mouth is closed, and the core
dynamics are governed by evaporation, values range from a couple of days to three months.
Evidently, only in this second case is our monitoring definitely adequate, while, when
the mouth is open, our measurements cannot capture the full oscillation process, which is
tuned to the tide oscillations. Nevertheless, the data obtained can be very informative, as
shown in the rest of this paper.

A mixed solution was eventually preferred, comprising a hydrometer (Figure 15a) on
the shore to be used for medium-high levels and a piezometer for situations with lower
levels and, consequently, a dry hydrometer (Figure 15b). As water levels can become
lower than the local terrain, the hydrometer is enclosed in a typical yellow sewerage pipe
set in a vertical position and the reading is performed by manually inserting a rule and
reading the depth with respect to a horizontal reference set on the headquarters’ structure
as indicated. To avoid the disturbance from the high-frequency wave oscillations, the
device has a feeding tube with a reduced diameter section of Φ = 1.27 cm (which allows
only a very small flow to pass through, according to the change of head from the lagoon
surface and local, vertical movement), while the main vertical pipe section is proportionally
much larger (Φ = 7.62 cm) so that the water volume input due to a flow increment translates
into a much smaller vertical change, so fulfilling the dampening effect (“low-pass filter”).
This function, on the other hand, is intrinsically guaranteed for the piezometer as the
seepage across the soil cannot accelerate significantly; however, on the opposite side, this
may dampen frequent (hourly) oscillations. The important difference is that water enters
the hydrometer through the tiny tube, directly governed by the head on top of it, while
water enters the piezometer by direct seepage across the soil matrix around it; therefore,
the former cannot provide reliable data when the lagoon level drops below the sucking tip
of the tube, while the piezometer works improperly when the level overcomes the ground
level and even more so when it pours into the pipe from the top of the device.

 

Figure 15. Construction details of the water surface measurement system: (a) sealed inlet of the
hydrometer; (b) filtering lateral surface of the piezometer covered by a plastic grid and inserted into
gravel-filled holes; (c) fully installed system.

The implementation of the devices is based on “home-made” very-low-cost technology,
as shown in Figure 16).
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Figure 16. Scheme of the construction details of the measuring systems: (a) hydrometer and
(b) piezometer.

Measurements, after training, were taken by National Parks personnel twice a day,
usually around 8 a.m. and 4 p.m. The operation consists of inserting a rigid rule inside
the pipe with a block to set on the pipe edge and reading the wetted depth; from this,
knowing the elevation of the reference beam edge, the elevation of water inside the pipe
is determined. An alternative would have been a transparent cylinder with graduations
marked on its external surface; however, the intense sunlight of the site would very soon
deteriorate any plastic material, making reading impossible. The method adopted is more
robust, but it requires corrections to be made because, as shown in Figure 17, while inserting
the rule (with a cross-section a*b), there is a Δh super-elevation that must be removed from
the reading.

 

Figure 17. Alteration of the measurement of the water level h because of the volume of the inserted rule.
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This correction is determined by imposing that the volume increment inside the pipe
be equal to the volume of the piece of wet rule, according to Equation (6):

Δh (Ac − a b) = a b h (6)

Ac = π D2/4: area of the pipe’s internal cross-section
D [cm]: internal diameter of the pipe
h [cm]: depth of water inside the pipe already altered by the presence of the partly

wet rule (which is the reading effectuated by Parks staff)
Δh [cm]: height difference generated by the rule
a, b: dimensions of the rule stick (specifically: width, a = 3.8 cm; thickness b = 1 cm).
From this, one obtains the correction to be applied to the reading, as shown in Equation (7):

Δh(h) = a b h/(Ac − a b) (7)

2.4. Lagoon: Horizontality Hypothesis

A doubt arose about the fact that the water surface of the lagoon may not be horizontal
all the time (or never), mainly because of the effect of wind or due to the hydraulic
conditions governing the input and output of water flows when the mouth is open or when
the river is flooding.

To ascertain whether the horizontality hypothesis can be acceptable, we adopted
two criteria:

• “instantaneous altimetry”: The digital elevation model (DEM) we utilized is based on
photogrammetry and was generated from an aerial image dataset collected in 2017
(generously provided by a national government agency called ‘Fondo de Adaptación).
The resulting orthophoto mosaic survey can be assumed to be instantaneous; therefore,
the elevation of the water surface border, all around the lagoon, would be constant,
were the hypothesis of horizontality verified. Unfortunately, the photo was taken
in a dry period, and hence with a low level and small water surface, so that any
structural difference cannot be very marked; nevertheless, from Figure 18, a certain
non-uniformity is seemingly evident, indicating that there might have indeed been a
certain degree of tilt;

• “synchronic monitoring”: By measuring the water elevation during the day with a
relatively high frequency (every hour or so), both with our installed hydrometer and at
the same time at an opposite point, namely the river at P. Viejo (so close to the lagoon
that it can be assumed to coincide with its level at that point; see Figure 1), it should
be possible to detect any height difference. The results show a systematic elevation
difference of approximately 15–20 cm between the two points (Figure 19).

The outcome of these tests is not that straightforward to interpret. The first test is
consistent with the conclusion that a certain tilt does exist, meaning that the horizontality
hypothesis should be dropped. Possible reasons for this behavior are the sea outlet draw-
down effect (as witnessed by our own data on the lagoon–sea exchange process according
to hydraulics), the river input hydraulic load (e.g., [35]), and wind seiches, although the
latter are more relevant in large water bodies (e.g., [36,37]). However, the three campaigns
were conducted on different days with different conditions at the mouth. Only in Novem-
ber was the river inflow really significant, eliminating the first two options; however, this
would explain why the difference visible in Figure 19b is smaller, as the river carrying a
higher flood rose a bit. In turn, frequent moderate winds are a reality, which would explain
the presence of seiches.

However, as visible from Figures 1 and 20, it would be logical that the object with
a higher elevation was the site at the river mouth (P.Viejo). However, from Figure 19, it
is evidently the reverse, as the river elevation is always lower than the lagoon elevation
at its hydrometer. Several explanations can be conceived. One is that the seiche changes
periodically and, by chance, all three campaigns resulted in the opposite situation to that of
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the satellite image taken in 2017. However, this is very unlikely as our (qualitative) record
of wind direction says that the wind was more or less the same in the three conditions in
terms of direction and intensity.
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Figure 19. Horizontality check: synchronic monitoring criterion: (a) original data obtained; (b) the
three sets of curves refer to three different survey days (in May, no exchange with the sea or river
inflow and negligible evaporation effect during daytime, so constant values; in June, outgoing flow is
emptying the lagoon, although a moderate river inflow was present; in November a significant river
inflow is filling the lagoon, in spite of a moderate open mouth); the top curves refer to the lagoon, the
bottom ones to the river at the same time: a synchronic behavior is apparent, as well as the existence
of an elevation difference of about 12–20 cm.

Another possibility is that the DEM assessment is not reliable; however, this hypothesis
is likely to be dropped because we found a relatively reasonable consistency between the
elevations and surface areas derived from the DEM and the lagoon elevation measurements
(see the paragraph on morphometry). It may be possible, however, that it is reliable on
average, but the differences it shows (higher and lower zones) are not, a possibility that
could also be due to imprecisions in the definition of the water surface polygon. A third
possible explanation is that there is a structural bias in the topographic survey fixing
the “zeros” of the hydrometers. Indeed, this seems the most likely option as, although
the survey started from official IGAC references in both cases, they were not physically
coincidental owing to logistic constraints (absence of signal for the RTK equipment close to
the lagoon mouth): an absolute difference between 20 and 40 cm is therefore possible. We
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cannot conclude whether there is a tilt or not because according to the instantaneous test
(DEM), there seems to be; however, the time pattern test seems to contradict this conclusion
as the detected difference has an opposite sign (however, this might be explained by a
different topographic reference). More importantly, on all three days (with very different
conditions at the mouth and the river), the results kept the same sign and even the same
absolute value (which was a little lower in the third case, but this can be reasonably
explained by the significant river inflow), which seems less likely and is more consistent
with a hypothesis of identical levels (i.e., a horizontal surface or the absence of tilt) plus
constant topographic bias.

 
Figure 20. Instantaneous altimetry test based on DEM analysis: Shore affected by lower (a) and higher
(b) elevations; location of anomalous points: the most depressed point (y= −1 m.a.s.l) corresponds to
the boca and was most probably captured near the surface of the sea; the highest one, on the other
hand, lies in the middle of nowhere and seems to be a local imperfection.

However, it is important to observe that the measurement station of the lagoon level
(hydrometer and piezometer) lies outside of the likely affected zones (Figures 1 and 20).
Therefore, assuming that the identified conditions (higher and lower zones) do not rotate
around the lagoon, the water surface measurements can be considered representative of the
real water surface elevation, which is extremely important for monitoring and modeling
purposes. In principle, the possible bias between the river hydrometer and the lagoon
hydrometer would not affect data acquisition because river elevation is used just to feed
the local river stage–discharge relationship (and the relationship with the upstream station
at P.Troncal that is using the same reference). However, there may be a subtle influence
when the backwater effect is important through Equation (3), but this is negligible for high
flows (which are the most important ones). On the other hand, lagoon elevation data are
used just in relation to sea elevation data. However, the possible tilt of the lagoon water
surface could be affecting hydrodynamic modeling.

In any case, our investigation still goes on to fully understand what is happening there.
As a collateral note, it is important to note that the data on which this discussion is based
cannot be considered exhaustive and fully representative as the DEM is quite imprecise
(see par. 2.6), while our synchronic monitoring did not capture data at nighttime.

2.5. Lagoon: Exchange with the Sea

Being able to measure the exchange flow between the lagoon and the sea is key to
setting up a water balance, even more so when water quality is dealt with. The key issue is
finding a way to measure (or estimate) this flow in the simplest way.
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Normally, there are one or two periods of the year when the lagoon mouth (“la boca”)
opens and a significant flow of freshwater outgoing occurs; after a few days, the flow
alternates twice a day between outgoing and incoming depending on the tide (and possible
additional river floods) until the mouth closes again. This is quite a complex phenomenon,
which is not easy to measure and hard to predict. Indeed, the opening date depends mainly
on the arrival of the first significant river flood. This moment may vary greatly from year to
year and may occur twice a year, owing to the bimodal hydrological regime with two wet
seasons from April to June and September to November, respectively [38]. Once the mouth
is open, its geometry varies depending on the river inflow, the tide pattern, and the average
sea level, usually approaching its maximum area in about two weeks. That configuration is
usually held for one or two months and then the closure process starts, which is quite slow
at the beginning and then accelerates, possibly during an interval of a month. The mouth
area also varies during the day. However, this process is clearly different every year. In
2022, the opening lasted 36 days (from May 29 until July 4), and the second opening period,
usually stronger, lasted a bit longer than 3 months (from 21 September 2022 until 5 January
2023, a total of 106 days).

The key problem to be addressed at this stage of monitoring is just measuring the
water flow in several moments during the open mouth period, for both outgoing and
incoming flows, and then setting up a relationship that determines the exchange flow QB
(positive or negative) as a function of, possibly, the cross section area A, and the height
difference between the lagoon water elevation (yL) and that (yS) of the sea, as shown in
(Equation (8)):

QB = QB(A; yL, yS) = QB(A; yL − yS) (8)

Probably, the most suitable manner to carry out such a measurement is by using
a digital current meter such as ADCP (Acoustic Doppler, Current-meter Profiler; [25])
guided by a cable through the section. However, several reasons impeded this solution.
Firstly, very pragmatically, our institution does not own such a device and the regional
environmental authority was reluctant to lend us theirs because it can quickly become
spoiled in brackish or salty water. Secondly, the wind can become quite strong and so does
the wave surge. Therefore, the device, floating on the surface, would move significantly and
irregularly and the data would become very noisy. On the other hand, consistently with
the framework adopted, we chose to keep technology very simple and low-cost; therefore,
we just pulled a rope as a reference across the section, and onboard a boat driven by hand
through poles (an engine would alter measurements and easily get into trouble because
of the vertical oscillations and irregular bottom), we measured the depth every 2 or 3 m
(detected by colored knots on the rope) with a rule and the velocity with a current meter
(two different devices to conduct a quality check on data: Manufacturer General Oceanics
Environmental, Model 2030R Mechanical and manufacturer The Geography Specialists,
Gepacks brand, model MFP126) at a depth of about 60% of the total depth to be hopefully
more representative of the vertical averaged longitudinal velocity (see Figure 21).

By adopting this method, several measurements have been carried out in different
conditions, capturing both outgoing and incoming flows. This allowed us to set up a
reliable relationship as expected and hoped (as will be described in a forthcoming paper).
Therefore, actual systematic monitoring is reduced to components that have already been
considered: the lagoon and sea water elevations.
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Figure 21. Details of the mouth and velocity measurements: (a) lagoon during an “open period”;
(b) Our vehicle for surveying the cross-section; (c) Manual measurement of depth and velocity.

2.6. Lagoon: Morphometric Relationships

As a basis for monitoring the storage changes, it is key to count the functional relation-
ships: elevation–surface area and elevation–volume; these changes are indeed key compo-
nents for the water balance. The water surface greatly varies with its elevation; this makes
it imperative to merge a topographic representation of the zone with a bathymetric one.

We disposed of a set of aerial images taken during the dry season (17 March 2017) by
a photogrammetric tripulated flight from an elevation of 1100 m above sea level (size of
pixel: 20 cm). By using photogrammetric processing (via the Agisoft Metashape® software
version 2.1.2), we generated an orthophoto mosaic of the whole scene and a dense points
cloud describing the topography of the surrounding area around the lagoon. These points
were manually edited and classified by using the ‘Auto-Classify ground points’ tool of
Global Mapper Pro version 18®.

The bathymetry was reconstructed based on a set of 111 lagoon bottom elevation
measurements directly determined by a GNSS-RTK from a boat, during 19, 20 of September
2022, together with an SIG-supported spatial analysis. The spatial pattern of measurement
points reflects more operational navigation constraints (wind, depth, and distance) than
logical planning (Figure 22).

The adopted GIS strategy (ArcGIS Pro) to generate the bathymetric surface is articu-
lated in 6 steps: (i) Geo-statistical interpolation (Kriging) of acquired points via GNSS-RTK.
(ii) Extraction and smoothing of the resulting elevation curves. (iii) Interpolation of curves
through TIN. (iv) Rasterization of the TIN generated. (v) Conversion of the bathymetric
raster into a cloud points format “*.las” by utilizing the option “Export Layer to New File”
in Global Mapper. (vi) Integration and interpolation of the photogrammetric points cloud
and bathymetric surface to achieve their connection and thus the final topo-bathymetric
DEM. For this last step, we adopted the tool “LAS Dataset to Raster” of ArcGIS Pro.

Independently, measurements of depth were taken by a sonar device (Garmin Striker)
during the same bathymetric campaign, while in dry conditions, we carried out point
GNSS-RTK measurements in the floodable zone of the lagoon (then in dry conditions). All
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of this was to create a database with which validation of the generated topo-bathymetric
DEM would be possible.

 
Figure 22. Spatial pattern of 111 GNSS-RTK points (red). The background image is a Landsat 8 of
20 September 2022 when the lagoon was at maximum filling. The false color image identifies water
(dark blue tone) under a combination of bands: NIR, SWIR1, and Red.

The key outputs of this activity are the surface area–elevation S(y) and volume–
elevation V(y) relationships which have been obtained by points (Figure 23) by means of
the r.lake.xy module, a spatial modeling tool hosted in GRASS GIS ® software version 7.8.7.
This module fills the water body (topo-bathymetric DEM) from a given elevation until a
specified elevation is achieved. This tool requires an input of a raster DEM, a maximum
water elevation, and its location coordinates (x,y).
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A final key check was to ascertain the coincidence of DEM elevation with measure-
ments of the lagoon water surface. More precisely, the idea was to identify some dates with
different conditions of the lagoon (at least 4); given the date, we would determine the area
S of the water surface from satellite images (transformed into a polygon and eliminating
possible “holes”). Then, from the inverse curve y = y(S), we would obtain the elevation y to
be compared with the elevation measured that day by the hydrometer/piezometer devices
and determine a fitting measure. We obtained an RMSE value of just 8.4 cm (Table 1),
which is considered satisfactory. Data from May 31 show the maximum deviation; however,
a measurement error seems unlikely because both the piezometer and the hydrometer
devices recorded a similar jump between morning and afternoon (a cause for this jump
is a possible pressure effect due to stronger winds on the water surface). The significant
deviation with respect to the DEM value is probably due to the fact that this value is not
associated with a specific time instant, while the measurement is, so they are most probably
out of phase.

Table 1. Consistency check between DEM output and measurements of lagoon elevation (“Area” is
the area of the surface identified by satellite image after eliminating the holes left by the process; “Y
Lagoon Topo-Bati” (third column) is the corresponding elevation determined from the DEM through
the y(S) relationship; “when” discerns the two daily measurements of the piezometer (“Y Lag Piezo”,
fifth column) and of the hydrometer (“Y Lag Hydro”); “Y-Lagoon” is the selection between the two
according to the threshold −0.2; “Diff” (Y Lagoon Topo-Bati – Y Lagoon) is the deviation).

Date
Area Y

Lagoon Topo-Bati
(m.a.s.l)

When
Y Lag Piezo

(m.a.s.l)
Y Lag Hydro

(m.a.s.l)
Y Lagoon
(m.a.s.l)

Diff (cm)
(m2)

2 May 2023 4,949,302 −0.707 morning −0.711 −0.770 −0.711 0.4
−0.707 afternoon −0.700 −0.772 −0.700 −0.7

15 March 2023 8,484,668 −0.540 morning −0.593 −0.653 −0.593 5.3
−0.540 afternoon −0.596 −0.652 −0.596 5.6

31 May 2022 13,673,330 −0.241 morning −0.084 −0.089 −0.089 −15.2
−0.241 afternoon −0.156 −0.161 −0.161 −8.0

20 September 2022 17,554,393 0.263 morning 0.446 0.367 0.367 −10.4
0.263 afternoon 0.451 0.365 0.365 −10.2

2.7. Evaporation, Inflow from Runoff, and Direct Precipitation

Evaporation from the lagoon water surface is obtained as surface area S times the
evaporation rate e(t) [mm/day]; for the latter, the simplest way is to acquire data about the
relevant meteo-climatic variables already monitored in a nearby gauging station (visible in
Figure 3) and then apply a suitable formula from the literature. Among the existing stations,
the only one with data in our period is Camarones (point in Figure 3). However, it has to be
noted that—apart from the rainy days—the meteorological conditions are quite constant in
the area, with strong solar radiation, temperature, low cloudiness, and moderate to strong
winds. Therefore, evaporation does not vary much (Figure 24).

To determine the direct precipitation input to the lagoon, it is sufficient to know
the precipitation itself, which is one of the classic variables already measured in nearby
stations. The only issue is ensuring their availability for the period of interest for ex-post
simulations and continuous measurements for new monitoring. Luckily, there exists a
rainfall gauging station on the official IDEAM network (available at http://dhime.ideam.
gov.co/atencionciudadano/, accessed on 18 April 2024) in the nearby town of Camarones
(Figure 3).

For the runoff from the local catchment draining into the lagoon, the same discourse
holds, although a kind of rainfall runoff model must be developed, which is described in
another forthcoming paper.
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Figure 24. Climatological variables of the study area (from IDEAM data: Rain from Camarones
station ID 15050010. All others from Riohacha station ID 15065180).

3. Results

Figure 25 shows the output of the monitoring exercise obtained until this paper was
written. The sea data shown are the original ones, without the correction established (see
Par. 2.2) to avoid overlapping curves and allow an easier interpretation of the Figure. It is
apparent that the hourly tidal cycle is well-hidden behind additional oscillations that are
quite complex and irregular; moreover, there appears to be a growing trend (notice that a
500-step interval corresponds to 20.8 days, which is approximately a Moon month).

The data from the piezometer and the lagoon hydrometer are quite consistent in
general, although there is a certain unexplained deviation. Many factors can intervene
such as wind pressure, which acts more directly on the free water surface than on the
underground phreatic surface, or reading errors. Apart from the initial period (until 4 April
2022 when the devices were adjusted and deepened), it can be noted that for low levels, the
piezometer provides higher values, while for high levels, in most cases, the opposite occurs.
Consistent with the spirit of using the two devices, we decided to utilize the hydrometer
data for y (cm.a.s.l) > −20 (cm.a.s.l), which is where the feeding tube is fully immersed,
while the piezometer data are utilized below that threshold (see Figure 16).

It is worth noting that, in spite of their numerosity, there are only two measurements
a day and this means that it is possible that these data do not capture the maximum and
minimum values that actually occurred (i.e., as already noted, the sampling frequency is
not high enough to capture the whole phenomenon). This is why they are represented as
points with no connecting lines.

The behavior of the lagoon level is fully consistent with the status of the boca: as
soon as it opens (fully or partly), the surface starts to oscillate synchronically to the sea
tide. As soon as the boca closes, the level starts dropping because of evaporation, unless a
flood input comes from the river. It is also apparent, however, that several river inputs are
missing or underestimated (top graph), which is unavoidable as the river was measured
just once a day.
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Figure 25. Output of the monitoring system for the period of 10 December 2021 to 14 January 2023
(hourly time step; one square is 500 h), with no correction for the sea level data. At the bottom is the
status of the lagoon mouth: C: closed; O: Open; S: Semi-open.

4. Discussion

A system quite similar to ours is described in [5] for some North African coastal
lagoons. However, to measure the water level, they adopted both human-read hydrometers
(or “stage boards”) and a set of automatic sensors (that could not be installed everywhere).
Their effort, differently from ours, was not aimed at providing all the variables needed to
set up a water balance; in particular, they did not measure the lagoon–sea water exchange,
although interesting observations were provided. In addition, they explored how the tidal
effect propagates across the lagoon, but they did not show the simultaneous plot of the
relevant variables that is illuminating when searching for a cause–effect relationship.

The monitoring system set up for Navío-Quebrado relies on a number of assumptions
that may be worth highlighting as they also mark the intrinsic limitations of the output.
Concerning river discharge measurements, an underlying assumption is that the river
section selected is suitable for capturing the whole flow rate transported by the river and
this, rigorously speaking, is not always the case: when the values are very high, part of
the flow can occur by direct runoff outside the river channel. However, these are quite
exceptional events. Another assumption is that the river section’s geometry does not vary
with time, but this is quite certain because of the geomorphic character of the site, as
already mentioned. The possible dependence on the lagoon level (backwater effect) has
been explored and explicitly included, although in an approximate form. However, the
greatest limitation is that the manual “once a day” measurement cannot fully capture the
relevant flow hydrograph, which is therefore missing several significant inputs. This is
made evident by the overall data plotting (Figure 25).

237



Water 2024, 16, 2248

Concerning the lagoon water body, an explicit assumption is that filtration into and
from the lagoon is negligible, a fact that could and should be ascertained by installing
a number of piezometers capable of detecting filtration fields. We do believe, however,
that this flow is quite marginal, based on the type of soil. The horizontality assumption
has been explored, but the conclusion cannot be considered final and should be verified
by more careful instruments and campaigns; this can be an important element affecting
the quality of measurements. A related, implicit, assumption is that the sea level data
obtained from the tidal gauging station Puerto Brisa, located about 40 km apart, can be
transferred instantaneously and without correction to the lagoon mouth (“la boca”); this
can be a serious limitation because of the interplay of winds and water currents and would
require thorough study. However, the checks performed in this study seem to affirm that
this assumption is acceptable.

Another, quite crude, assumption is that the adopted selection criterion between the
piezometer and hydrometer data to provide a water surface elevation, now based just on
a water elevation threshold, is appropriate. Perhaps, a different threshold would have
worked better, a varying threshold is necessary, or even the explicit representation of some
dynamic (currently unidentified) process is needed. Several experiments can be conducted
in this sense. Another obliged assumption is that the manual “twice-a-day” reading of
water levels is enough to capture the dynamic behavior; this is, in principle, a significant
limitation where the rapid variations associated with the tides during open-mouth periods
are concerned. However, the overall data obtained still seem sufficient to meaningfully
reveal the actual behavior of the lagoon.

Despite all of these doubts, we have a very pragmatic criterion: the data obtained are
quite consistent (Figure 25 and comments); moreover, when adopted to feed a simulation
model (as explained in a forthcoming paper), the outputs are quite satisfactory.

Last but not least, there is a non-technical issue that deeply characterizes and severely
limits the functionality of our system: its participatory dimension, which is simultaneously
a strength and a weakness. This is further commented on in the next paragraph.

5. Conclusions

Conceiving and installing a monitoring system for the Camarones lagoon has been
a small adventure, through which many doubts have been solved and suitable methods
and tools have been tested and applied. Figure 26 summarizes the key components of the
whole exercise.

The system is sufficiently reliable, as the various consistency tests (alternative estima-
tion methods and matching graphs) and the observation of outputs demonstrate. Some
weaknesses are nevertheless evident, such as the frequent lack of river input data.

Although the project has already provided information suitable for testing a simulation
model, which will be described in a forthcoming paper, it is intended to be continued and
strengthened. A significant improvement would be the ability to monitor the river inputs
continuously (at least hourly); at the moment, the only way to address this need seems
to be the installation of a basic automatic station, integrated with the manual monitoring
already put in place and with the awareness that the devices will have to be replaced
with a certain frequency because of damage and theft. Certainly, an automatic station can
also be installed in the lagoon site, which is much more protected, again in parallel with
manual monitoring.

This improvement would give us the opportunity to focus on the conformity of
the measurement methods adopted; for instance, measurements obtained by standard
equipment could be compared with our simpler methods, allowing us to define bias and
potentially provide bias correction. Advanced data tests could furthermore be applied such
as consistency, homogeneity, stationarity, and randomness, and even concordance checks
with some standard data (e.g., satellite data) could be developed.
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Figure 26. Summary of the whole exercise conducted to set up the hydrological monitoring system.

The highest-level use of the acquired data will eventually be the analysis of the future
under climate change by setting up future scenarios of river inflow, evaporation rates, and
sea level rise, and hypothesizing about morphological evolution.

A completely different and complementary issue concerns sediment balance and
aggradation. During the river flow measurements, a water sample was taken to assess the
concentration of suspended solids (SS) with the hope of building a relationship with the
flow, i.e., SS = f(Q). Analogous data for the sea in front of the lagoon mouth are available
from other entities (although with a much lower frequency). However, the difficulty is
measuring the bed load carried by the river and exchanged through the lagoon mouth (in
and out). We attempted several methods, but at the moment, our hopes rely on a macro
scale, i.e., observing the morphological evolution delta of the Tomarrazón-Camarones River,
which seems to be prograding into the lagoon. A direct comparison of satellite images and
aerial photos can provide a first estimate, while the analysis of a DEM of differences in the
same area might allow us to perform a quantitative estimation. However, much longer
times are required to cope with the vertical precision of drone images (at the moment, we
have performed a first survey by creating control points where vertical bars of known
position and depth have been installed to observe, in the future, possible aggradation of
the floodplain). A key element, in addition, will be the coring of the sediment bed and its
stratigraphic and dating analysis.

Concerning the future of our system, it must be emphasized that it is based on a
participatory basis, thanks to the very nice relationship established with the National Parks
institution and its staff. In particular, a number of on-the-field training sessions and office
seminars succeeded in motivating the personnel on the usefulness and reliability of the
exercise they were involved in. In addition, some local people have been directly involved
in providing information and executing some measurements. Therefore, we can state
that the exercise has involved a significant participatory dimension. However, systematic
long-term monitoring certainly cannot be based on voluntary effort only; the benefits of
measuring with such a system will only be evident in the long run and hence cannot be
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a sufficiently solid reason to motivate local stakeholders to take charge of operating the
system alone. Only National Parks can potentially hold the commitment on a long-term
basis, but even this may not be guaranteed as each year, some personnel adjustments take
place. This is why a long-term agreement between the local University and National Parks
has been proposed and is being considered.

Overall, this experience may clash with the latest groovy advances of science, such as
in situ automatized sensors, remote sensing, machine learning, and digital twins. However,
it recalls that before the latest technological advances, science may emerge even through
old, very simple methods when rooted in a sincere, humble search for insight.

Author Contributions: Conceptualization, A.G.C.N.; methodology, A.G.C.N. and J.I.P.-M.; software
(to elaborate DEMs and specific Excel sheets to analyze and plot data), J.R.E.V., A.G.C.N. and J.I.P.-M.;
validation, J.I.P.-M. and A.G.C.N.; formal analysis, A.G.C.N.; investigation, J.I.P.-M. and J.R.E.V.;
resources, J.I.P.-M. and J.R.E.V.; data curation, J.I.P.-M., J.R.E.V. and A.G.C.N.; writing—original draft
preparation, A.G.C.N.; writing—review and editing, J.I.P.-M. and J.R.E.V.; visualization, J.I.P.-M.,
A.G.C.N. and J.R.E.V.; supervision, A.G.C.N.; project administration, J.I.P.-M.; funding acquisition,
J.I.P.-M. All authors have read and agreed to the published version of the manuscript.

Funding: This research was partially funded by Ministerio de Ciencia, Tecnología e Innovación
of Colombia, call for proposals 890-2020, project 82511, resources administered by the Colombian
Institute of Educational Credit and Technical Studies Abroad–ICETEX, but a self-funding share was
necessary at the beginning as the start of the formal project suffered a significant delay.

Data Availability Statement: Data generated within this effort are available under direct request to
the corresponding authors.

Acknowledgments: We are grateful to the Universidad de La Guajira for the contributions and the
agreement with JIPM to allocate time to the project; the authors also thank CREACUA Foundation
(Riohacha, Colombia) for the impulse given to this initiative. A special greeting goes to Parques
Nacionales Naturales de Colombia, and particularly to all the public servants of the Santuario de
Fauna y Flora los Flamencos and their illuminated director Nianza Angulo Paredes. We also want to
warmly thank Rosa Rodriguez Fernandez for the support in the installation of the measurement
systems as well as Jose Fragozo Arevalo for the help in the topographic surveys. Last, but not least,
warm thanks to Yesenia Zuñiga for her help in the preparation of the figures.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Kennish, M.J.; Paerl, H.W. Coastal Lagoons: Critical Habitats of Environmental Change; CRC Press Taylor & Francis Group: London,
UK; New York, NY, USA, 2010; ISBN 9781420088304.

2. Pérez-Ruzafa, A.; Molina-Cuberos, G.J.; García-Oliva, M.; Umgiesser, G.; Marcos, C. Why Coastal Lagoons Are so Productive?
Physical Bases of Fishing Productivity in Coastal Lagoons. Sci. Total Environ. 2024, 922, 171264. [CrossRef] [PubMed]

3. Pérez-Ruzafa, A.; Marcos, C. Fisheries in Coastal Lagoons: An Assumed but Poorly Researched Aspect of the Ecology and
Functioning of Coastal Lagoons. Estuar. Coast. Shelf Sci. 2012, 110, 15–31. [CrossRef]

4. Velasco, A.M.; Pérez-Ruzafa, A.; Martínez-Paz, J.M.; Marcos, C. Ecosystem Services and Main Environmental Risks in a Coastal
Lagoon (Mar Menor, Murcia, SE Spain): The Public Perception. J. Nat. Conserv. 2018, 43, 180–189. [CrossRef]

5. Thompson, J.R.; Flower, R.J.; Ramdani, M.; Ayache, F.; Ahmed, M.H.; Rasmussen, E.K.; Petersen, O.S. Hydrological Characteristics
of Three North African Coastal Lagoons: Insights from the MELMARINA Project. Hydrobiologia 2009, 622, 45–84. [CrossRef]

6. Bedoya Vásquez, C.J. Caracterización de La Pesquería Artesanal En La Laguna de Navío Quebrado, Departamento de La Guajira, Caribe
Colombiano; Universidad Jorge Tadeo Lozano: Bogotá, Colombia, 2004.

7. Corporación Autónoma Regional de La Guajira [CORPOGUAJIRA]. Plan de Ordenamiento y Manejo de La Cuenca Del Río Tomarrazón-
Camarones; Corporación Autónoma Regional de La Guajira: Riohacha, Colombia, 2008.

8. Urrego, L.E.; Correa-Metrio, A.; González, C.; Castaño, A.R.; Yokoyama, Y. Contrasting Responses of Two Caribbean Mangroves
to Sea-Level Rise in the Guajira Peninsula (Colombian Caribbean). Palaeogeogr. Palaeoclimatol. Palaeoecol. 2013, 370, 92–102.
[CrossRef]

9. Parques Nacionales Naturales de Colombia. Programa de Conservación Del Flamenco En El Santuario de Fauna y Flora Los
Flamencos, Departamento de La Guajira, Costa Caribe de Colombia. Ediprint Ltd.: Bogotá, Colombia, 2013; ISBN 978-958-8426-42-6.

10. Rosado Vega, J.R.; Castro Echavez, F.L.; Márquez Gulloso, E.R. Environmental, Biological, and Fishing Factors Influencing Fish
Mortality and Development of the Cachirra Event, Navío Quebrao Lagoon. Tecnura 2022, 26, 17–41. [CrossRef]

240



Water 2024, 16, 2248

11. Cardona, L. Non-Competitive Coexistence between Mediterranean Grey Mullet: Evidence from Seasonal Changes in Food
Availability, Niche Breadth and Trophic Overlap. J. Fish Biol. 2001, 59, 729–744. [CrossRef]

12. Moreno-M., G.P.; Acuña-Vargas, J.C. Caracterización de Lepidópteros Diurnos En Dos Sectores Del Santuario de Flora y Fauna
Los Flamencos (San Lorenzo de Camarones, La Guajira). Bol. Cient. Cent. Museos 2015, 19, 221–234. [CrossRef]

13. Corporación Autónoma Regional de La Guajira [CORPOGUAJIRA]. Ajuste y/o Actualización Del POMCA Del Río Camarones y
Otros Directos Al Caribe—La Guajira; Corporación Autónoma Regional de La Guajira: Riohacha, Colombia, 2022.

14. INVEMAR. Concepto Técnico Sobre La Mortandad de Peces Ocurrida En La Laguna Navío Quebrado (Corregimiento de Camarones,
Municipio de Riohacha En La Guajira) En Agosto de 2017, CPT-CAM 021-17; INVEMAR: Santa Marta, Colombia, 2017.

15. Blaen, P.J.; Khamis, K.; Lloyd, C.E.M.; Bradley, C.; Hannah, D.; Krause, S. Real-Time Monitoring of Nutrients and Dissolved
Organic Matter in Rivers: Capturing Event Dynamics, Technological Opportunities and Future Directions. Sci. Total Environ.
2016, 569–570, 647–660. [CrossRef]

16. Chan, K.; Schillereff, D.N.; Baas, A.C.W.; Chadwick, M.A.; Main, B.; Mulligan, M.; O’Shea, F.T.; Pearce, R.; Smith, T.E.L.; van
Soesbergen, A.; et al. Low-Cost Electronic Sensors for Environmental Research: Pitfalls and Opportunities. Prog. Phys. Geogr.
2021, 45, 305–338. [CrossRef]

17. Hamel, P.; Ding, N.; Cherqui, F.; Zhu, Q.; Walcker, N.; Bertrand-Krajewski, J.L.; Champrasert, P.; Fletcher, T.D.; McCarthy, D.T.;
Navratil, O.; et al. Low-Cost Monitoring Systems for Urban Water Management: Lessons from the Field. Water Res. X 2024, 22,
100212. [CrossRef] [PubMed]

18. Kabi, J.N.; wa Maina, C.; Mharakurwa, E.T.; Mathenge, S.W. Low Cost, LoRa Based River Water Level Data Acquisition System.
HardwareX 2023, 14, e00414. [CrossRef]

19. Notter, B.; MacMillan, L.; Viviroli, D.; Weingartner, R.; Liniger, H.P. Impacts of Environmental Change on Water Resources in the
Mt. Kenya Region. J. Hydrol. 2007, 343, 266–278. [CrossRef]

20. Frappart, F.; Blarel, F.; Fayad, I.; Bergé-Nguyen, M.; Crétaux, J.F.; Shu, S.; Schregenberger, J.; Baghdadi, N. Evaluation of the
Performances of Radar and Lidar Altimetry Missions for Water Level Retrievals in Mountainous Environment: The Case of the
Swiss Lakes. Remote Sens. 2021, 13, 2196. [CrossRef]

21. Huang, Q.; Long, D.; Du, M.; Zeng, C.; Li, X.; Hou, A.; Hong, Y. An Improved Approach to Monitoring Brahmaputra River Water
Levels Using Retracked Altimetry Data. Remote Sens. Environ. 2018, 211, 112–128. [CrossRef]

22. Tourian, M.J.; Tarpanelli, A.; Elmi, O.; Qin, T.; Brocca, L.; Moramarco, T.; Sneeuw, N. Spatiotemporal Densification of River Water
Level Time Series by Multimission Satellite Altimetry. Water Resour. Res. 2016, 52, 1140–1159. [CrossRef]

23. Biancamaria, S.; Lettenmaier, D.P.; Pavelsky, T.M. The SWOT Mission and Its Capabilities for Land Hydrology. Surv. Geophys.
2016, 37, 307–337. [CrossRef]

24. Wu, J.; Li, W.; Du, H.; Wan, Y.; Yang, S.; Xiao, Y. Estimating River Bathymetry from Multisource Remote Sensing Data. J. Hydrol.
2023, 620, 129567. [CrossRef]

25. Mueller, D.S.; Wagner, C.R. Measuring Discharge with Acoustic Doppler Current Profilers from a Moving Boat; U.S. Geological Survey
Techniques and Methods 3A–22: Reston, VA, USA, 2009.

26. Chow, V.T. Open-Channel Hydraulic; McGraw-Hill, Ed.: New York, NY, USA, 1959; ISBN 978-0-07-085906-7.
27. Ferro, V. Comments on “Measurement of Dimensionless Chezy Coefficient in Step-Pool Reach (Case Study of Dizin River in

Iran)” by Torabizadeh A., Tahershamsi A., Tabatabai M.R.M. Flow Meas. Instrum. 2018, 64, 190–193. [CrossRef]
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