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Editorial

Climate Change and Hydrological Processes, 2nd Edition

Alina Bărbulescu

Department of Civil Engineering, Transilvania University of Bras, ov, 5 Turnului Str, 500152 Bras, ov, Romania;
alina.barbulescu@unitbv.ro

1. Introduction

Climate change is reshaping the global water cycle in profound and often unpre-
dictable ways. Rising temperatures, shifting precipitation regimes, and intensifying ex-
treme events are altering the distribution, availability, and quality of water resources across
regions [1,2]. These changes have direct implications for ecosystems, agriculture, energy
production, urban water supply, and human well-being. Understanding the hydrological
consequences of a warming climate is therefore a central challenge in both scientific research
and policy development. Hydrological processes—such as evapotranspiration, infiltra-
tion, groundwater recharge, and river discharge—are highly sensitive to climatic drivers.
Small shifts in temperature and precipitation patterns can trigger nonlinear responses in
catchment behavior, water storage, and flood or drought risks [3,4]. Moreover, feedback
among the land surface, atmosphere, and human interventions complicates the prediction
of future water dynamics. Bridging the gap between climate projections and hydrologi-
cal impacts requires advances in modeling, long-term monitoring, and the integration of
interdisciplinary perspectives [5–8].

Research over the past two decades has demonstrated that climate change is exerting
significant and multifaceted impacts on global and regional water resources. Observational
evidence shows alterations in precipitation regimes, with many areas experiencing increases
in the intensity and frequency of heavy rainfall events, even in regions where the mean
precipitation has remained stable or declined [9]. These changes amplify flood risks
and challenge existing water management infrastructure designed under assumptions of
stationarity. Conversely, prolonged dry spells and shifts in seasonal precipitation have
contributed to more severe and persistent droughts in diverse settings, reducing surface
water availability and placing stress on groundwater resources [10,11].

Declining snowpack, earlier snowmelt, and accelerated glacier retreat are altering
runoff seasonality in mountain catchments worldwide [12]. While some basins are experi-
encing a temporary increase in meltwater supply, many are projected to face substantial
reductions in summer flows as glaciers diminish, with cascading consequences for ecosys-
tems, agriculture, and hydropower generation. Groundwater systems, often relied upon
to buffer surface water variability, are increasingly recognized as vulnerable: recharge is
affected by altered precipitation and evapotranspiration patterns, while over-abstraction in
water-stressed regions amplifies depletion trends [13,14].

Methodologically, advances have been achieved through detection and attribution
studies, which identify anthropogenic signals in streamflow, snowpack, and drought
indices, although disentangling climate-driven effects from direct human activities such
as land use change, reservoir regulation, and irrigation remains complex [15,16]. Coupled
climate–hydrological models, remote sensing datasets such as GRACE for terrestrial water
storage, and socio-hydrological approaches have significantly enhanced our understanding
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of climate–water interactions on multiple scales [17,18]. Nevertheless, major uncertainties
persist, particularly regarding the projection of compound extremes, feedback between
climate and human water use, and the representation of groundwater processes in global
and regional models [19].

Overall, the research record highlights both the urgency of addressing climate-induced
water challenges and the limitations of our current knowledge. Future work is needed to
strengthen the integration of physical and social sciences, improve the representation of
human–environment feedback, advance water quality modeling under climate extremes,
and develop actionable, uncertainty-informed guidance for policy and management [20].
As hydrological nonstationarity becomes the defining condition of the twenty-first century,
the study of climate change and water resources stands at the center of global sustainability
challenges [21].

2. Main Contributions to This Special Issue

The papers showcased in this second edition of “Climate Change and Hydrological
Processes” cast a wide net as they explore these issues, combining case studies, methodolog-
ical advances, and regional comparisons. Together, they underscore both the progress that
we have made in diagnosing hydrological change and the challenges that still lie ahead.

Using historical cartography, remote sensing, statistical trend tests, and GIS-based
morphometric indices, Radu and Comănescu (contribution 1) document a long-term sim-
plification of the Ialomit,a riverbed (Romania): a shift from braided/multi-threaded channel
patterns toward a sinuous single-thread channel, accompanied by narrowing, incision, a
reduced area of active and bankfull channels, reduced migration of the thalweg, and so
on. Global warming (increasing temperature, rising precipitation) is evident in climatic
data; human interventions (dams, embankments, gravel extraction, land use expansion)
are intensifying these transitions. The authors project that unless river restoration or
management is implemented, degradation will continue in the short-term.

In their study, Ajin et al. (contribution 2) develop flood susceptibility maps for the
Buzău River catchment in Romania. They use four modern ensemble boosting methods
(AdaBoost, CatBoost, LightGBM, and XGBoost), combined with multi-tier feature selection
and explainable AI (XAI) tools (e.g., SHAP values) to pinpoint which factors matter most.
The models perform very well (AUC ~0.97 for CatBoost), and key predictors turn out to be
the slope, distance from rivers, topographic wetness index, and land use/land cover. The
novelty is in combining high predictive performance with interpretability, which helps in
applying such models for planning and risk mitigation.

In their article, Dobrică et al. (contribution 3) examine a lake in Romania (part of the
Razim–Sinoe complex) that has undergone substantial hydrological modifications, includ-
ing canalization, polder construction, changing connections to the Black Sea, and irrigation
infrastructure. After human intervention and then the cessation of irrigation, the lake dried
in 2020. The authors trace chemical evolution: decreasing salinity, a decline in sapropelic
mud production, and changing inputs of fresh vs. saline water. It presents a cautionary
tale of how hydrological connectivity and human changes (both direct infrastructure and
indirect management) can alter chemical and ecological processes to the same extent that
volumetric changes can.

The paper by Popescu and Bărbulescu (contribution 4) focuses on the Vărbilău River
catchment (Romania), which is prone to flash floods and terrain instability. Using GIS-
based travel-time modeling, they assess how accessibility to emergency intervention units
is affected under normal and hazard-constrained conditions (e.g., blocked roads, steep
terrain). The study quantifies changes in response times, identifies vulnerable zones in
terms of accessibility, and points to how infrastructure planning should consider dynamic
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hazard conditions. In effect, the paper extends the flash-flood context from susceptibility
mapping to operational readiness and resilience.

Ma et al. (contribution 5) investigate patterns in rapid alternations between drought
and flood (DFAAs) from 1970 to 2019 in the Heilongjiang River Basin (China) and how
vegetation growth responds with delays. Key findings: drought→flood events increased
over time; flood→drought events decreased. Vegetation responds with lags (3–4 months in
spring–summer, ~3 months in summer–autumn). These lags are important for predicting
ecosystem impacts, achieving food security, and designing early warning systems.

Ande et al. (contribution 6) compare multiple precipitation datasets (satellite, gauge,
merged) for the Godavari basin (India), apply bias correction, and build predictive models
(Random Forest, M5P, etc.) to forecast streamflow under CMIP6 scenarios. They find
that merged products such as MSWEP often outperform others and that machine learning
models offer competitive performance if carefully tuned and validated. Their method-
ological comparative approach offers practical guidance for hydrological modeling under
climate change.

In their article, Taheri et al. (contribution 7) review AI-based methods (neural networks,
tree-based, kernel/support vector methods, and hybrid models) for the estimation of
evapotranspiration (ET). They discuss the limitations of classical methods (e.g., Penman–
Monteith) in data-poor contexts and the promise of data-driven models. They warn,
however, of the dangers of overfitting, variable selection inconsistency, interpretability, and
the need to embed physical constraints. They call for the standardization of inputs, better
integration of remote sensing, and hybrid approaches combining AI with physical models.

Wavelet analysis, Granger causality, and singular value decomposition (SVD) are used
in (contribution 8) to determine statistical time-lagged relationships between winter Arctic
sea ice anomalies and subsequent spring precipitation anomalies over China. The authors
identify key sea ice regions (Barents, Kara, East Siberian, Chukchi Seas) whose anomalies
influence atmospheric circulation, jet stream positioning, and precipitation patterns in
China. They find that including sea ice variability enhances the explanatory power of
precipitation models beyond classical climate indices such as ENSO, PDO, and AO. This
study adds an intriguing large-scale teleconnection dimension to the hydrology–climate nexus.

3. Concluding Remarks

Through the quality and diversity of its eight articles, this Special Issue, “Climate
Change and Hydrological Processes, 2nd Edition” paints a remarkably balanced and
forward-looking portrait of hydrological science under climate stress. The combination
of retrospective diagnostics, methodological innovation, and forward projections enables
both a deeper understanding of this topic and paths toward actionable forecasting.

The key takeaway is that hydrological vulnerability is dynamic. Risk zones shift,
channel forms evolve, extreme behaviors change, human interventions modulate and
sometimes redirect climate signals, and the very tools that we use to map susceptibility
must evolve, too.

This Special Issue reminds us that future progress will be achieved not only by using
stronger predictive models but by integrating dynamical change, uncertainty, intervention
modeling, and socioecological relevance. As we move forward, dialog between modelers,
field scientists, decision makers, and stakeholders will become ever more critical.

Funding: This research received no external funding.

Conflicts of Interest: The author declares no conflicts of interest.
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Historical Evolution and Future Trends of Riverbed Dynamics
Under Anthropogenic Impact and Climatic Change: A Case
Study of the Ialomit,a River (Romania)
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Abstract: Riverbed dynamics are natural processes that are strongly driven by human
and climatic factors. In the last two centuries, the anthropogenic influence and impact of
climate change on European rivers has resulted in significant degradation of riverbeds. This
research paper aims to determine the historical evolution (1856–2021) and future trends of
the Ialomit,a riverbed (Romania) under the influence of anthropogenic impact and climate
change. The case study is a reach of 66 km between the confluences with the Ialomicioara
and Pâscov rivers. The localisation in a contact zone between the Curvature Subcarpathians
and the Târgovis, te Plain, the active recent tectonic uplift of the area, and the intense
anthropogenic intervention gives to this river reach favourable conditions for pronounced
riverbed dynamics over time. To achieve the aim of the study, we developed a complex
methodology which involves the use of Geographical Information System (GIS) techniques,
hierarchical cluster analysis (HCA), the Mann–Kendall test (MK), and R programming.
The results indicate that the evolution of the Ialomit,a River aligns with the general trends
observed across Europe and within Romania, characterised by a reduction in riverbed
geomorphological complexity and a general transition from a braided, multi-thread into
a sinuous, single-thread fluvial style. The main processes consist of channel narrowing
and incision alternating with intense meandering. However, specific temporal and spatial
evolution patterns were identified, mainly influenced by the increasingly anthropogenic
local influences and confirmed climate changes in the study area since the second half of
the 20th century. Future evolutionary trends suggest that, in the absence of river restoration
interventions, the Ialomit,a riverbed is expected to continue degrading on a short-term
horizon, following both climatic and anthropogenic signals. The findings of this study may
contribute to a better understanding of recent river behaviours and serve as a valuable tool
for the management of the Ialomit,a River.

Keywords: riverbed dynamics; anthropogenic impact; climate change; evolutionary trend;
Ialomit,a River; Romania

1. Introduction

Riverbed dynamics are natural processes that are highly influenced by climatic and
anthropogenic factors [1,2]. In this context, climate change and direct human interventions
within the fluvial system could cause major imbalances in the natural dynamic geomorpho-
logical behaviour of the river.

Water 2025, 17, 2151 https://doi.org/10.3390/w17142151
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Currently, climate change is a fact, driven by anthropogenic influence through green-
house emissions, already influencing weather and climate extremes all over the world [3].
As an effect of anthropogenic climate change, the streamflow indicates alteration on a
local and regional scale across various parts of the world. However, on a global scale, no
consistent trends are observed [4]. Regarding Europe, the analysis of the river discharges
between 1950 and 2010 shows various trends within the streamflow of decreasing in the
southern part, mixed in the central part, and increasing in the northern part [5].

The study of river channel dynamics over the last two centuries (100–150 years) is
considered a fundamental tool from a river management perspective which can provide
essential information to understand past and present dynamics and, more importantly, to
identify possible future evolutionary trends [6,7].

Throughout the last two decades, many studies have used cartographic materials
such as topographic maps and remote sensing products to reconstruct river behaviour
over time, assessing qualitative and quantitative morphological changes in riverbeds
worldwide [8–17].

In Europe, studies have investigated the geomorphic behaviour of the rivers over the
last two centuries in response to natural and anthropogenic factors among the majority
of European countries: Italy [2,7,18–29], Ukraine [30], Spain [31–34], Poland [19,35–38],
Scotland [39], Slovenia [40], Slovakia [41], France [6,42–44], Germany [45,46], Russia [47],
Albania [48], Croatia [49], Hungary [50–54], Czech Republic [55], and Austria [56]. Among
the European rivers, there is observed a degradation trend of riverbeds, mainly high-
lighted by narrowing and incision processes, as a result of both human intervention and
climate change.

Authors of most studies of this type consider that river channel evolution in the last
up to 250 years is a consequence of the climate changes that occurred after the Little Ice
Age (LIA), specifically a global warming, associated with anthropogenic impact [57].

In Romania, the fluvial processes align with the evolutionary trend observed for
European rivers [57], but with a delay in the channel response to long-term anthropogenic
influence [58]. In terms of vertical dynamics, represented by the changes in elevation,
the riverbed dynamics were analysed at the geologic scale, focusing on the longitudinal
evolution of the rivers [59], or on a contemporary scale [57,60–64], over the past century.
Regarding riverbed planform dynamics, the studies made on Romanian rivers consist
of diachronic analysis based on historical cartographic data and remote sensing over
approximately 150 years [57,63,65–79].

Regardless of the geographical location, the majority of studies take into account
increasingly accentuated anthropogenic intervention along with the effects of the climate
regime and climate change on riverbed dynamics. Channel narrowing and incision primar-
ily highlight a categorical trend of riverbed complexity reduction.

We select for analysis the Ialomit,a River reach between the confluences with the Ialomi-
cioara and Pâscov rivers (66 km) because we consider it to have favourable conditions for
an accentuated riverbed dynamic, such as the location at the contact between the lower
Subcarpathians and the high plain units, active recent tectonic uplift of the area, a sedimen-
tary lithology within the watershed, and a high degree of anthropisation. Furthermore, the
Prahova River, a tributary of the Ialomit,a which evolved in similar geographic conditions,
presents intense riverbed dynamics over time and a general trend of degradation, a fact
highlighted by several studies [66,69,75,76]. Based on this reasoning, we consider that the
studied river reach may present the same evolution pattern and trends.

The selection of the 166-year period of analysis was motivated and conditioned by
the early cartographic sources required, the first qualitative map of the study area being
realised starting with the second half of the 19th century.
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The aim of the study is to determine the historical evolution (1856–2021) and future
trends of the Ialomit,a riverbed under the influence of anthropogenic impact and climate
change. The specific objectives are to (a) collect and integrate the historical cartographical
sources into the GIS environment; (b) define a uniform, standardised, and semi-automated
method for river planform measurements; (c) assess the historical geomorphic planform
riverbed evolution between 1856 and 2021; (d) perform hierarchical cluster analysis (HCA)
to identify spatial patterns in riverbed dynamics; (e) identify trends in time series of
hydrological and climatic parameters using the Mann–Kendall (MK) test; and (f) assess the
anthropogenic influence on the riverbed dynamics.

2. Study Area

2.1. General Setting

The study area covers the upper part of the Ialomit,a river basin, upstream of the con-
fluence with the Pâscov river, situated in the central-eastern part of Romania (Figure 1a,b).

–––

Figure 1. Location of the study area within (a) Romania, (b) Ialomit,a catchment, and (c) the hydro-
graphic basin.

It has a surface of 1045 km2 representing around 10% of the entire catchment area of
10,350 km2 [80]. Within the study area, the investigated river reach crosses the southern
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part of the catchment, between the confluences with the rivers Ialomicioara at the north
(25◦25′ E, 45◦07′ N) and Pâscov at the south (25◦45′ E 44◦47′ N) (Figure 1c).

The Ialomit,a River is one of the southern Romanian Carpathian rivers, gathering
its springs in the Bucegi Mountains from a maximum altitude of 2406 m a.s.l. under the
name of the Obârs, iei Valley. Downstream, the main course of the Ialomit,a river is formed
by the convergence with two other valleys, S, ugările and Doamnele. The length of the
river is 417 km, with a watershed area of 10,350 km2 [80], an altitude difference of 2272 m,
a sinuosity coefficient of 1.98, and an average slope of 5.35‰. Regarding the analysed
river sector, it has a length of 66.3 km (in 2021), a sinuosity coefficient of 1.48, and a level
difference of only 272 m, a value due to the sector development in approximately equal
proportions in the Subcarpathian and the plain areas. The average slope is 4.12‰.

According to palaeographic evolution of the area, the current course of the Ialomit,a
River took shape in the last 2.5 million years under the action of Wallachian orogenic
movements, along with the other rivers in the Subcarpathian bend area located south
of the Trotus, Fault. Until the Upper Pliocene, the major morphological changes in the
relief, interruption, elevation, or subsidence would not have allowed the finalisation of the
Ialomit,a Valley [57].

The geotectonic structure presents high complexity through the localisation at the con-
tact between the large morpho-structural units of the territory of Romania, the Carpathian
Orogen, and the Moesic Platform. The area is divided into different parts: the Infrabu-
covinic Nappe and the Ceahlău Nappe in the mountains; the Curbicortical Flysch Nappe,
the Macla Nappe, the Tarcău Nappe, and the Subcarpathian Nappe in the hills; and the
Carpathian Avantfosse in the lower hills and especially in the plains [81,82]. The position-
ing of the upper river sector within the Curvature Subcarpathians implies more intense
riverbed dynamics due to the specific tectonic uplift of the area and the sedimentary
lithology, which lead to high sediment loading of the water [76].

The study area covers all the major relief steps, starting with the Bucegi and Leaota
Mountains in the north, the hilly Ialomit,a Subcarpathians area in the centre, and the
Târgovis, te and Cricov Plains in the south. The altitude range is between 157 m a.s.l.,
located near the confluence zone with the Pâscov River, and 2406 m a.s.l. at the Mecetul
Turcesc Peak. Regarding the studied river reach, it crosses only the Subcarpathian and
Plain units between the altitudes of 157 and 432 m a.s.l.

The climate is temperate–continental of transitional type [83], mainly determined by
the Mediterranean influences [84]. Among the climatic parameters, the mean precipitation
and temperature (1950–2022) over the study area are 745.3 mm and 9.01 ◦C, respectively.
However, these vary significantly depending on altitude because of the relief amplitude of
over 2200 m.

From a hydrological point of view, the flow regime of the Ialomit,a river observed
at the hydrometric stations within the study area (Figure 1c) is characterised by mean
multiannual discharges of 4.25 m3/s at Moroeni (1961–2022), 7.61 m3/s at Târgovis, te
(1976–2022) and 8.37 m3/s at Băleni (1961–2022). These discharges fluctuate between a
minimum and maximum of 0.88 m3/s (2011) and 9.26 m3/s (2005) at Moroeni, 3.11 m3/s
(1992) and 16.59 m3/s (2005) at Târgovis, te, and 1.92 m3/s and 18.27 m3/s at Băleni.

Regarding seasonal variability, the Ialomit,a River is highly influenced by climatic
factors and is characterised by a pluvio-nival flow regime with distinct seasonal charac-
teristics. The mean monthly values indicate the highest discharges in Spring, determined
by snowmelt combined with precipitation, and in Summer, mainly influenced by convec-
tive rainfall. Peak mean monthly discharges are observed in May and June of 8.08 m3/s
and 6.18 m3/s at Moroeni, 15.51 m3/s and 12.03 m3/s at Târgovis, te, and 15.52 m3/s and
12.85 m3/s at Băleni. The discharges gradually decrease in Autumn and Winter to mini-
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mum values of 1.90 m3/s in January at Moroeni, 4.52 m3/s in October at Târgovis, te, and
5.01 m3/s in January at Băleni.

The mean annual suspended-sediment discharge is 7.08 kg/s (1976–2022) at Târgovis, te
and 15.17 kg/s (1961–2022) at Băleni. The seasonal variability is correlated with the flow
regime, with the highest mean values in Spring–Summer in May and June of 12.57 kg/s
and 15.56 kg/s at Târgovis, te and 33.95 kg/s and 28.14 kg/s at Băleni. The sediment supply
decreases towards Autumn and Winter, with minimum values of 1.94 kg/s in October at
Târgovis, te and 5.50 kg/s in January at Băleni.

2.2. River Management and Anthropogenic Intervention

The first river management activities in the study area started between 1928 and
1930 with the construction of the Scropoasa–Dobres, ti hydrotechnical complex in the upper
sector of the watershed. Major hydrotechnical projects continued until 1988, resulting
in a total of eight dam reservoirs, of which four were placed on the main course of the
Ialomit,a River [85]. Among these, Lake Pucioasa is the only one located on the river reach
(Figure 1c). A brief technical characterisation of the dams and associated reservoirs is
presented in Table 1 [80,86].

Table 1. Technical characterisation of the dams and associated reservoirs.

Dam/Lake Name
Construction

Period
Put into Service Dam Height (m)

Total Volume of
Water (mil. m3)

Reservoir Use 1

Bolboci 1976–1985 1988 55 19.4 W, H, F, O
Scropoasa 1928–1930 1930 26 0.55 H
Dobres, ti 1928–1930 1930 10 0.04 H
Pucioasa - 1975 30.5 10.6 W, H, F, O

Note(s): 1 W—water supply, H—hydro energy, F—flood defence, O—other uses.

In addition to dams, the main channelisation structures on the Ialomit,a River include
levees, embankments, and gabions to control lateral erosion along with grade control
structures to manage vertical erosion.

Most of these structures were built at the same time as the construction of the Pucioasa
Reservoir in 1975, which raised the local erosion level on average by 15 m. This caused
intense sedimentation in the sector upstream of the dam, which is in dynamic equilibrium,
and downward erosion downstream to the contact with the plain area (at Târgovis, te),
where were built successive simple and cascade weirs [87].

Gravel mining in Romania was at its peak during the communist period, especially
in the period 1970–1989, when large-scale construction projects were in progress [62]. In
recent times, although mining activity is permitted and regulated under specific conditions,
some companies and individuals extract gravel illegally, as Armas, [76] mentions for the
Prahova River.

The development of settlements adjacent to the river influences the dynamics of the
riverbed. The greatest pressure is exerted by the urban centres of Fieni, Pucioasa, and
Târgovis, te, located in the Subcarpathian area (Figure 1c). The expansion of anthropogenic
space along the river leads to the narrowing of the riverbed’s freedom space. Addition-
ally, water withdrawals for economic activities and for supplying the population have
contributed to a reduction in river flow.

A particular case of economic activity’s influence on riverbed dynamics is the thermal
power station from Doices, ti, functional between the 1950s and the 2010s. During this
period of time, ash deposits resulting from the burning of fuels for electricity production
were formed in the floodplain zone, restricting the lateral dynamics of the riverbed.
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3. Materials and Methods

We approached a complex methodology, the entire workflow following the steps
depicted in the flowchart of the study (Figure 2).

Figure 2. Flowchart of the study.

Data collection was the first step, gathering cartographic, climatic, hydrologic, an-
thropogenic, and field survey observation data. The integration and processing in the GIS
environment were carried out using QGIS software version 3.22, some work steps being
semi-automated in Model Designer. We processed and analysed the data to create graphic
materials using Microsoft Excel and R version 4.2.2. Statistical analysis was also performed
using R. At the end of the workflow chart, all the analysis results converge in order to
assess the Ialomit,a riverbed’s historical evolution (1856–2021) and future trends.

3.1. Data Collection
3.1.1. Cartographic Data Description

For the study, six cartographic materials were collected, four of them representing the
most qualitative historical topographic maps available for the territory of Romania and the
other two orthorectified aerial photographs. These materials were published between 1856
and 2021, covering a time period of 166 years. An overview of cartographic data sources,
including the names of the maps, the publishers and publishing periods, scale, projection,
and land survey periods can be observed in Table S1.

Wallachia—The second military survey of the Habsburg Empire can be considered the
first qualitative topographic map of the former Wallachia, the southern region of present-
day Romania. The map gives valuable and detailed information of the study area in the
middle of the 19th century, taking into account the relative map sheet high scale of 1:57,600.
Its quality is considered satisfactory, as the topographic survey was conducted using a
triangulation network consisting of 468 points. The error between the original and the
current measurements is estimated to be less than 20 m [88,89].
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The “Plan Director de Tragere”, translated as Firing Master Plan, represents the first
topographic map of the entire territory of Romania, in Lambert projection, drawn up as a
result of the military needs arising from the outbreak of the First World War [90]. A total of
2118 maps were made [91] at a scale of 1:20,000, reprinted between 1954 and 1959 without
significant changes such as updating the names of settlements or redrawing with actualised
conventional symbols [90].

Starting in the second half of the 20th century, The Romanian Military Topographic
Directorate created a new set of topographic maps realised in the transverse cylindrical
projection Gauss–Krüger at scale 1:25,000. There are 1818 map sheets with dimensions
of 5′ latitude and 7′30′′ longitude, published in 2 editions [92]. The first edition used
land surveys between 1954 and 1955 and was printed between 1958 and 1961 [93]. After
more than 20 years, the second edition of the topographic maps was produced, the data
collection being made from aerial images and topographical surveys carried out from 1974
to 1978. The map sheets were edited between 1974 and 1986 and printed between 1975 and
1987 [92].

Map sheets of the topographical maps described above used in the study and their
sources are presented in Table 2.

Table 2. Topographic maps sheets used in the study.

Map Name
No. of Map

Sheets
Map Sheets Nomenclature Source

Wallachia—Second
military survey of

the Habsburg
Empire

3
Section 25.26, East Column V.VI;
Section 27.28, East Column V.VI;

Section 27.28, East Column VII.VIII

Austrian State Archives through the
Arcanum platform:

https://maps.arcanum.com/en/
map/secondsurvey-wallachia

(accessed on 16 August 2023). [94]

“Plan Director de
Tragere”

9

3850-Voines, ti, 3849-Dragomires, ti,
3951-Fieni, 3950-Glodeni,

3949-Târgovis, te, 3948-Văcăres, ti,
4049-Ghirdoveni, 4048-Bucs, ani, and

4047-Cornăt,elul

Geospatial community, available
online at https://www.geo-spatial.

org/vechi/maps/download-
planuri-tragere.php (accessed on

15 August 2024). [95]
Romanian Military

Topographic
Maps—1st ed.

L-35-099-D-b, L-35-099-D-d,
L-35-11-B-b, L-35-111-B-d,

L-35-112-A-a, L-35-112-A-c,
L-35-112-A-d, L-35-112-C-b,

L-35-112-D-a

The Defence Geospatial Intelligence
Agency “Division General

Constantin Barozzi”
Romanian Military

Topographic
Maps—2nd ed.

University of Bucharest, Faculty
of Geography

The most recent cartographic data used in the study are the orthophoto maps from
2005 and 2021, at 50 cm spatial resolution and ±1.5 m precision [96]. Unlike the other
sources, the orthophoto plans are natively generated in digital format and are projected
in the Romanian national coordinate reference system, Stereo 70 (EPSG:3844). These were
provided by the Faculty of Geography, University of Bucharest.

3.1.2. Climatic and Hydrological Data

Regarding the climatic data, we set out to analyse climate parameters of precipitation
and temperature at daily time steps, yearly averaged over the study area between 1950
and 2022.

To cover the entire time interval, we selected and combined 3 open-access climatic
databases: European Climate Assessment and Dataset (ECAD) [97], Romanian Daily
Gridded Climatic Dataset (ROCADA) [98], and European Meteorological Observations
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(EMO-1) [99]. Although the ECAD data cover the whole period, the other datasets were
selected for the interval 1961–2022, because they are more reliable, several gauging stations
being used for the interpolation. Table 3 provides details about these datasets.

Table 3. Climatic data used in the study.

Climatic Data
Source

Spatial
Resolution

Dataset Time
Interval

Selected Time
Interval

Stations in Romania

Prec. Temp.

ECAD 0.1◦ 1950–2024 1950–1960 29 26
ROCADA 0.1◦ 1961–2013 1961–2013 188 150

EMO-1 0.01667◦ 1990–2022 2014–2022 Include data from ECAD and other
European databases

From a hydrological point of view, we collected information from the hydrometric
station Băleni, located in the southern part of the study area (Figure 1c), about 10 km
upstream from the end of the studied river sector. The data span the period from 1961 to
2022 and consist of river discharge (Q) and suspended load discharge (R), aggregated at
a yearly scale, and the most significant floods. The National Institute of Hydrology and
Water Management provided these data.

3.1.3. Anthropogenic Elements and Field Survey

Regarding the human factor in the riverbed dynamics, we documented and invento-
ried the anthropogenic interventions within the Ialomit,a River in the study area, which
include dams, embankments, low-head dams/sills, and gravel pits. This was performed
mainly based on the interpretation of cartographic materials and aerial orthorectified im-
agery used in the study (Table S1) and of satellite imagery obtained from Google Earth Pro.

To validate the results of the study, a field campaign was carried out in September
2024 along the studied river reach. We focused mainly on the locations of bridges, which
are the most accessible, and some areas where we noticed radical changes in the riverbed.

3.2. GIS Processing and Integration
3.2.1. Georeferencing

Except for the orthorectified aerial photographs, georeferencing is necessary for the
other cartographic materials, bringing them all into a unitary coordinate system. Elements
such as the age and the quality of the topographic survey and the map drawing and
the projection system of the historical sources require the use of different georeferencing
methods depending on the characteristics of each map. It is essential to choose the optimal
method for this process, minimising errors and obtaining results as close as possible to the
reality in the field.

Thus, we processed Wallachia—Second military survey of the Habsburg Empire and
“Plan Director de Tragere” using the raster-to-raster georeferencing type [100]. Taking into
account the age and the general poor quality and accuracy of the maps, we selected the
Thin Plate Spline (TPS) transformation algorithm, the most appropriate for this type of
map [101,102]. Considering that TPS optimises local accuracy despite global accuracy [102],
we focused on placing as many control points as possible near the river in order to maintain
the accuracy in the riverbed area. We used churches and main road intersections, common
elements found in the 2021 orthophoto plan, as control ground points (CGPs).

For both editions of the Military Topographic Maps, which have a generally good
quality and a quite accurate coordinate system, a different approach was utilised. The
georeferencing was performed using coordinates at the intersections of the map grid in the
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Gauss–Krüger projection, zone 5 (EPSG:28405), later reprojected in Stereo 70. We choose the
projective transformation algorithm, considered particularly useful for scanned maps [102].

All the maps were brought in the Romanian national coordinate reference system—
Stereo 70 (EPSG:3844) using the QGIS Georeferencing Plugin. Table 4 shows that the total
number of CGPs used varies for each map.

Table 4. Georeferencing parameters for the topographic maps.

Map Name
Georeferencing

Algorithm
Total
GCPs

RMSE
(Mean)

Wallachia—Second military survey of the
Habsburg Empire Thin Plate Spline (TPS)

98 0.0020

“Plan Director de Tragere” 115 0.00041
Romanian Military Topographic Maps—1st ed. Projective 51 0.49
Romanian Military Topographic Maps—2nd ed. Already georeferenced

A manual georeferencing validation was performed by overlaying the georeferenced
maps on recent orthophotos. Thus, we visually assessed the accuracy and correctness of
the georeferencing by comparing stable planimetric elements over time, such as roads
and railway intersections, bridges, buildings (especially churches), lakes, and land parcel
boundaries. Altimetric features such as river terraces were also compared with a Digi-
tal Elevation Model (DEM). If the georeferencing was not satisfactory, we reviewed the
placement of the CGPs in areas with significant errors.

3.2.2. Riverbed Planform Mapping

Riverbed configuration planforms were extracted from all six cartographic sources
(Table S1) using QGIS 3.22 version. In order to calculate the parameters from the next work
stage, the following initial elements were digitised:

1. The riverbed channel planform (polygon) or wetted channel [6,103], which represents
the space covered by the river’s water, including secondary channels.

2. The thalweg of the river (line) or central axis of the main channel [6], digitised as the
approximative centreline of the main channel. In the case of orthophotos, this can
vary. The imagery clearly distinguishes between shallow and deep water, indicating
that the thalweg corresponds to the deeper portion of the channel.

3. The active channel (polygon) [7,21], riverbed [22], fluvial area [6], or active
belt/band [104] representing the area including the riverbed channel and the sedi-
mentation zones near the channel, including bare and less vegetated bars. It may
correspond with the bankfull stage of the channel, sometimes named the low floodplain.

The digitisation process was manually performed by a single operator at a constant
scale in order to maintain a high level of accuracy [7,105].

3.2.3. Riverbed Segmentation

Riverbed segmentation is necessary to carry out a unitary and systematic analysis. To
do this, we aggregated the channel planform from all six periods, resulting in a historical
expansion area of the riverbed between 1856 and 2021. Based on this, there was delineated a
polygon which follows the generalised extent and direction of the riverbed in time (Figure 3).
Using the v.voronoi.skeleton QGIS tool, a central axis was automatically computed and
then smoothed to avoid sudden changes in river flow direction. Thus, it resulted in a
centreline of the historical extent of the riverbed over a length of 54 km.
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Figure 3. Sector delineation procedure.

The riverbed segmentation was performed by generating perpendicular lines at 500 m
along the historical centreline, resulting in a total of 109 transects, including the beginning
and end of the studied reach. These were used for the calculation of the widths and number
of channels. For the calculation of areas and sinuosity, polygon sectors were generated
having in the centre the transects, with a width of the same 500 m and resulting in the same
number of transects (109).

To avoid excluding from the analysis parts of the riverbed where the river changes
direction significantly, the polygons were expanded by 50 m on both sides, resulting in a
new width of 600 m instead of the initial value of 500, to encompass the entire historical
expansion area within the sectors. This approach leads to the overlapping of polygons
(Figure 3), but they remain perpendicular to the historical centreline, preserve the same
areas [6], and provide full coverage.

Both segmentation elements, the transects (T) and the sector polygons (S), were used
as distinct methods (Table 5) to calculate geomorphometric parameters and indices in the
next step.

15



Water 2025, 17, 2151

Table 5. Geomorphometric parameters and indices assessed in the study.

Parameter/Index Abbreviation Method 1, 2 Measure Unit

Channel length CL S m
Sinuosity Index SI S dimensionless

Thalweg migration TM T m
Wetted channel width WCW T m

Bankfull channel width BCW T m
Main channel width MCW T m

Active channel width ACW T m
Number of channels NC T dimensionless
Wetted channel area WCA S km2

Bankfull channel area BCA S km2

Active channel area ACA S km2

Note(s): 1 S—sector, 2 T—transect.

3.3. Geomorphometric Measurements
3.3.1. Parameters and Indices Measurements

Based on the planforms digitised in the previous stage and the segmentation method-
ology (Figure 3), 9 parameters and 2 indices were measured and calculated. A summary of
these is presented in Table 5.

Channel length (CL) was already presented in the previous section, representing the
sinuous length of the main channel within a river sector. This parameter is used for the
calculation of the sinuosity index (SI) [106], defined as the ratio between CL and the valley
length (VL)—the straight length between the endpoints of the CL (Figure 4a). The SI was
calculated according to Equation (1):

SI =
CL
VL

(1)

In terms of widths, the measurements were performed using the transects which
intersect the river channel planform and the active channel area. Thus, four parameters
resulted: the main channel width (MCW) (Figure 4b); the wetted channel width (WCW),
including the MCW and the width of the secondary channels (Figure 4c); the bankfull river
channel width (BCW), which is formed from the WCW and the sand bars or isles between
the channels (Figure 4d). These measurements need to be perpendicular to the central axis
of the intersected elements. Consequently, the initial transects were manually adjusted.

The areas were calculated using the method explained earlier (Figure 3), by looking at
where the sector polygons meet the riverbed shape. Three area parameters resulted: wetted
channel area (WCA) (Figure 4c), derived from the initial manually digitised river planform;
bankfull river channel area (BCA), resulting from dissolving the WCA into a single polygon,
without gaps (Figure 4d); and active channel area (ACA) (Figure 4e), previously digitised.

In addition to these, the number of channels (NC) was as measured using the transects,
counting the points of intersection between the cross-section line and the wetted channel of
the river (Figure 4f).

The thalweg migration (TM) was assessed by measuring the distance between the
intersection point of the transect with the thalweg line for successive time periods.

These parameters were carried out for all the cartographic sources analysed in the
study (Table 1).
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Figure 4. Geomorphometric parameters and indices measurement: (a) sinuosity index (SI), defined
as the ratio between channel length (CL) and valley length (VL); (b) main channel width (MCW);
(c) wetted channel width (WCW) and area (WCA); (d) bankfull channel width (BCW) and area (BCA);
(e) active channel width (ACW) and area (ACA); (f) number of channels (NC). The green dashed line
represents the transect. The riverbeds in the images represent the area contained in a sector.

3.3.2. Processing Automation

Considering that the cross-sections do not always cross the channel perpendicularly,
the width calculation cannot be fully automated; transects should be manually adjusted
for every time period and sector in order to maintain the accuracy of the measurements.
Furthermore, all model inputs must be prepared and reviewed in advance.

Subsequently, the parameter calculation was automated in the GIS environment using
QGIS Model Designer (Figure 5). The result consists of a spreadsheet at both sector
and transect scales for each parameter or index calculated across the study time span
(1856–2021).

The model was applied one period at a time.
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Figure 5. Automated model for parameters and indices calculation.

3.4. Data Analysis and Postprocessing

All the riverbed geomorphological parameters and indices calculated in the previous
section of the study, along with the climatic, hydrological, and human interventions, were
statistically processed and graphically represented in order to provide a simple and better
visualisation and interpretation. These actions were made using R 4.2.2 through RStudio
GUI, QGIS 3.22, and Microsoft Excel.

For the climatic data, we extracted daily mean areal precipitation over the studied wa-
tershed between 1950 and 2022 (73 years) using the “terra” R package, version 1.6.53 [107].
Then, they were aggregated into yearly mean values.

We used the Mann–Kendall (MK) non-parametric test [108,109] to detect monotonic
trends in the yearly time series of precipitation and temperature over the study area and
river flow gauged at the hydrometric station. The test was performed using the “Kendall”
R package, version 2.2.1 [110]. The key equations of the MK test are provided as follows,
starting with the MK statistic S, which is calculated as

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(

xj − xi
)
, (2)

where xj and xi are the values in years j and k, with j > k and n the total number of years.
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The sgn() is the sign function, defined as

sgn
(

xj − xi
)
=

⎧⎪⎨
⎪⎩

1, if xj − xk > 0
0, if xj − xk = 0
−1, if xj − xk < 0

(3)

The distribution of the MK statistic S is approximated by a normal distribution for
large n, with mean = 0 and standard deviation given by Equation (4).

Var(S) =

√
n(n − 1)(2n + 5)− ∑t

i=1 ti(ti − 1)(2ti + 5)
18

(4)

where n is the number of observations, t is the number of tied groups in the time series, ti

the number of ties of extent i. To test the statistical significance of the trend, the standardised
Z test was calculated according to Equation (5). For this analysis, we set the significance
level at α = 0.10 for a two-tailed hypothesis test.

Z =

⎧⎪⎨
⎪⎩

S−1
Var(S) i f S > 0

0 i f S = 0
S+1

Var(S) i f S < 0
(5)

The strength and the direction of the trend is described by the Kendall’s Tau correlation
coefficient (τ). Assuming there are no ties into the data series, this is calculated according
to Equation (6):

τ =
C − D

n(n − 1)/2
(6)

where C is the number of concordant pairs, D is the number of discordant pairs, and n is
the number of observations.

The R package “changepoint”, version 2.3, [111] was utilised to identify changes and
breakpoints in data series of precipitation, temperature, and discharges.

HCA was used to group the river sectors into clusters which have common character-
istics and the same spatial pattern of evolution. The analysis was performed using the base
statistics package in R [112], the Euclidean method for the distance matrix, and Ward’s D2
method for the clustering algorithm. A similar approach HCA was also performed for the
Garonne River, France [6].

4. Results

4.1. Morphometric Analysis of River Reach Between 1856–2021
4.1.1. Entire River Reach

The SI, ACA, BCA, and WCA (Figure 6a,b) were calculated for the entire river reach,
and several changes occurred during 1856—2021. We observed a general downward trend
in all the parameters, with some upward oscillations in 1902, 1957, and 1978.

The sinuosity index describes the river reach as moderately sinuous. Its values reduce
from 1.24 in 1856 to 1.21 in 2021, the general trend being of decrease (Figure 6a). However,
1902 deviates significantly, reaching a value of 1.29.

The areas occupied by different riverbed parts show the same downward trend, as can
be observed in Figure 6b. BCA undergoes the most significant changes, becoming almost
five times smaller, from 10.6 km2 in 1856 to 2.3 km2 in 2021. The period 1902–1978 indicates
a stationary trend, with areas between 5 and 7 km2. In terms of ACA, the area drops
continuously from 15.6 km2 in 1856 to 4.3 km2 in 2021, with a growth in 1957. WCA shows
a weak decrease compared with the other parameters, from 2.94 km2 in 1856 to 2.12 km2 in
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2021. It can also be observed that the proportion between the parameters becomes smaller
(Figure 6b). In 1856, BCA and WCA are 68% and 17% from the area of ACA. This changed
in 2021, where BCA is 52% and WCA 49%.

Figure 6. Evolution of parameters calculated for the entire studied river reach: (a) sinuosity index;
(b) comparative view of wetted channel, fluvial, and active band areas.

Yearly rates of change indicate the amplitude of the morphological changes in river
parameters depending on each time interval. The sinuosity index (SI) decreases at a rate of
0.02% per year, with the most active periods occurring between 1856 and 1902, 1903 and
1957, and 2006 and 2021 (Table 6).

Table 6. Yearly rate of change (%) in calculated parameters.

Index/Parameters 1856–1902 1903–1957 1958–1978 1988–2005 2006–2021 1856–2021

SI +0.08 −0.07 −0.03 +0.02 −0.08 −0.02
WCA −0.49 +0.74 +1.26 −1.91 −1.66 −0.23
BCA −0.90 −0.15 +0.52 −2.49 −2.31 −2.23
ACA −0.09 −0.63 +0.57 −1.92 −2.62 −1.57

The area measurements indicate, in general, negative values between 1856 and 2021
(Table 6). The bankfull channel area (BCA) has the highest rate of change of −2.23% per
year, followed by the active channel area (ACA), with −1.57% per year. The changes in
wetted channel area (WCA) are significantly lower (−0.23 per year). The period 1958–1978
is the only one in which all the parameters show a positive rate of change.

4.1.2. Sector Scale Analysis

The analysis of the riverbed at the sector scale between 1856 and 2021 shows a general
downward trend in most of the parameters and indices values, which indicates a reduction
in the geomorphological complexity of the riverbed (Figure 7a–i).

Regarding the sinuosity index (SI), the median values indicate a slight tendency of
the riverbed to become less sinuous. The mean values confirm this, oscillating between
1.136 in 1856, 1.59 in 1902, and reaching 1.143 in 2021. The outliers represent, in most of the
cases, meandering sectors of the river (SI > 1.5) (Figure 7a).

The absolute and mean number of riverbed channels is represented in Figure 7b. The
mean values decrease slowly from 1.72 in 1865 to 1.60 in 1957, followed by a sudden drop
to 1.38 in 1978 and 1.17 in 2021. This indicates the transition to a single-thread channel.
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Figure 7. Evolution of parameters and indices calculated for the studied river reach: (a) Sinuosity
index—SI, (b) Number of river channels—NC, (c) Main channel width—MCW, (d) Wetted channel
width—WCW, (e) Bankfull channel width—BCW, (f) Active channel width—ACW, (g) Wetted channel
area—WCA, (h) Bankfull channel area—BCA, (i) Active channel area—ACA. The box shows the first
quartile (Q1) and the third quartile (Q3), the black horizontal line is the median value, the red square
shows the mean value, and the red dotted line shows the mean values evolution.

We analysed the widths in terms of the main channel (MCW), wetted channel, bankfull
channel (BCW), and active channel (ACW) (Figure 7c–f).

MCW is, in general, low between 1856 and 1902 (<30 m), rises between 1902 and 1978
(mean over 50 m), and then drops to similar values as initially. Also, the spread of the
middle 50% indicates a more homogenous main channel in 1956, 1902, and 2021 than in the
other periods, especially 1978 (Figure 7c).
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WCW follows the MCW values and distribution, except in 1856, where the width
and the spread of the interquartile range are significantly higher, showing more variability
(Figure 7d). This indicates a multithread riverbed, with secondary channels contributing to
increasing the value. In both situations, the outliers over 300 m which have appeared since
1978 represent the width of Pucioasa Lake, located in the northern part of the reach.

The bankfull channel width follows an obvious downward trend, highlighted by the
changes in mean and median values as well as the data distribution (Figure 7e). Between
1856 and 2021, the mean BCW decrease was from 202 to 37 m, with more than 90 m being
lost just in the period 1856–1902. The median width reduces from 93 to 24 m. Regarding
the distribution of the data, the BCW spread of the widths becomes smaller in time: the
middle 50% decreases from ~300 m in 1856 to 18 m in 2021, indicating a general intense
shrinking and narrowing of the riverbed. A considerable number of outliers have appeared
since 1978.

In terms of ACW, the mean and median values indicate a negative trend, divided into
two stages of decrease: 1856–1957 from 267 and 191 m to 163 and 155 m; 1978–2005 from
193 and 184 m to 70 and 40 m. Also, the range of variability decreased, the middle 50%,
reaching from ~220 m to 40 m, became more than 5 times smaller in 2021 than in 1856. The
same years show significant outlier values (Figure 7f).

The area parameters data distribution is quite similar to their width correspondents
(WCW–ACA, BCW–BCA, ACW–ACA), indicating a strong correlation between these
parameters. At the same time, this is a confirmation that the measurements are correct and
representative, considering that the method used was different: transects for the widths
and polygon sectors for the areas (Figure 4).

WCA, BCA, and ACA between 1856 and 2021 maintain the same downward trend
as the other parameters/indices. Regarding wetted channel area (WCA), the mean values
decrease from 0.032 km2 in 1856 to 0.023 km2 in 2021. During this period, a deviation
occurs from 1957 to 1978, where the area reaches 0.048 km2. Looking at the median
values (less influenced by extreme values), this deviation from the trend became smaller
(Figure 7g). The bankfull channel area (BCA) became, in general, circa five times smaller
from 1856 (0.13 km2—mean and 0.086 km2—median) to 2021 (0.025 km2—mean and
0.019 km2—median). There are observed periods of decreasing, between 1856 and 1902
and 1978 and 2021, and relative stability between 1902 and 1978. Also, the variation in
the areas decreased; the interquartile range became considerably smaller (Figure 7h). The
active channel area (ACA) drops from 0.169 km2 (mean) and 0.145 km2 (median) in 1856 to
0.048 km2 (mean) and 0.036 km2 (median) in 2021. The year 1978 deviates from the trend
(Figure 7i).

4.1.3. Riverbed Migration

We assessed the riverbed migration by measuring the displacement of the thalweg for
each sector between successive periods, which became smaller along with the advance in
time, as shown in Figure 8. For the entire period of the study (1856–2021), the riverbed has
moved, on average, by 190 m and the median by 142 m. The interquartile range extends
between approx. 60 and 260 m, showing a moderate spread of 200 m. Some outliers
exceed 600 m, indicating drastic changes in the riverbed that are most likely caused by
anthropogenic intervention (Figure 8a).

Analysing each time period, it is observed that the median migration distance con-
tinuously decreases from 167 m in 1856 to 142 m in 2021. The average values keep the
same trend except for the period 1988–2005, where the mean is dragged up by high values
and outliers. The spread of the migration distance interquartile range gradually decreases
from period to period, showing a clear lower variability in time. The middle 50% reduced
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more than five times, from 284 m between 1856 and 1902 to 55 m between 2006 and 2021.
Additionally, Figure 8b shows a positive skew in the distribution across all periods.

Figure 8. Evolution of riverbed migration distance (a) for the entire time span of the study and
(b) between successive time periods.

We also calculated the rate of migration for each time span and the full period. The
average rate of riverbed migration between 1856 and 2021 is approx. 1.14 m/year. Regard-
ing the changes between each time step, the values are as follows: 1856–1902: 4.15 m/year,
1903–1957: 2.91 m/year, 1958–1978: 3.4 m/year, 1988–2005: 5.27 m/year, and 2006–2021:
3.44 m/year.

4.2. HCA

The clustering analysis of the riverbed was performed in order to identify spatial
patterns in riverbed dynamics by grouping the river sectors into clusters with common
characteristics or which share the same evolutionary trend. We used for the analysis the
indices and parameters presented in Table 5, except for CL, MCW, and TM, which negatively
affect the clustering. Therefore, 8 parameters and indices for 109 river sectors were included
in the HCA. Following several tests, we considered 5 clusters to be representative and to
indicate specific spatial patterns in riverbed dynamics. The hierarchical cluster dendrogram
(Figure 9) displays the analysis’s result, clusters being highlighted.

Figure 9. Dendrogram of the HCA applied on river sector data. Red rectangles represent the clusters.
The number is the name of the cluster.

The agglomerative coefficient of the HCA is 0.89, which indicates a strong clustering
structure. The cluster robustness was assessed trough the silhouette score [113], indicating
a low averaged width of 0.11, which suggests a weak separation between the identified
clusters. In the context of the fluvial system and the study, this reflects the geomorphic
behaviour and complexity of riverbed dynamics. River sectors’ gradual morphological
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transitions and uneven temporal evolutionary trajectories across six different periods lead
to an overlapping of the clusters, affecting robustness. However, we consider that the low
silhouette score does not necessarily mean a poor clustering structure, but rather, it is a
reflection of the river geomorphological behaviour. In order to characterise the clusters,
Figure S1 shows the z-scores for the analysed geomorphometric parameters at the sector
level. Figure 10 also displays the spatial distribution of the clusters.

 

Figure 10. Spatial distribution on riverbed sector clusters.

Cluster 1 includes 32 sectors located predominantly in the northern part of the studied
reach (Figure 10). These are characterised by consistent high values for most of the parame-
ters, which persisted throughout the analysed period until 1957 or 2005 for some sectors.
The z values are generally up to 2.5, sometimes reaching 5 (Figure S1). In 2005 and 2021,
the values of the wetted channel, bankfull channel, and active channel parameters are the
same or similar.

Cluster 2 contains 20 highly dynamic sectors over the analysed period, except 1856.
During 1902–2021, these sectors exhibit mostly sustained meandering activity. However,
in 1957 and 1978, some sectors developed anastomosed fluvial characteristics. Z-scores
correspondingly capture these elements, showing generally high values starting with 1902
(Figure S1). Mostly, these sectors are located in the plain area (Figure 10).

Cluster 3 is formed from two sectors, which suffered drastic changes starting in 1978.
The riverbed widths and areas increased significantly and remained larger up until 2021.
The z-score shows up to eight times standard deviations above the mean in terms of widths
and areas (Figure S1). The SI and NC remain almost the same. These correspond with Lake
Pucioasa, located near the city with the same name (Figure 10).
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Cluster 4 contains 23 sectors, generally highly influenced by anthropogenic activity
and mainly located in the middle and upper part of the studied reach (Figure 10). A
transition is observed from a multi-thread channel in 1856–1902, or just 1902 in some cases,
to a single-thread, low sinuous or straight channel. According to Figure S1, the majority of
the parameters have z-scores up to 5 from 1856/1902 to 1978. In subsequent periods leading
to 2021, the parameter values exhibit a declining trend, with their z-scores converging
under the mean.

The expansion of built space in the riparian zones and hydrotechnical developments
has caused an intense narrowing of the riverbed by reducing the river’s freedom space [114]
gradually over time.

Cluster 5 includes 32 sectors, located predominantly in the southern part of the studied
reach (Figure 10), which are generally characterised by a low sinuous or meandered channel,
considering the evolution over the entire analysed period (1856–2021). Between 1902/1957
and 2005, certain river sectors exhibited pronounced geomorphological dynamics, as
evidenced by high z-scores (generally up to 2.5). Notably, the sinuosity index (SI) reached
significantly higher values (z up to 7.5), while the number of channels (NC) also showed
marked deviations (Figure S1). These spatial patterns highlight zones of intense fluvial
activity, particularly where meandering processes dominate or where wandering prevails
in multi-thread channels.

4.3. Climatic Regime and Trend

Figure 11 shows the mean annual precipitation over the study area. The precipitation
values range from minimums of 404.3 mm (1950) and 421.8 mm (2000) to maximums of
1146.3 mm (2014) and 1188 mm (2005). The average mean multi-annual precipitation is
745.3 mm. A slightly upward trend is observed, confirmed by the MK test (τ = 0.285,
p-value = 0.0004). Based on two changepoints identified in 1965 and 2002, three periods are
distinguished which confirm the upward trend of precipitation:

• From 1950 to 1965—with a range between 404 mm (1950) and 743 (1964) and with a
mean of 617 mm.

• From 1966 to 2004—with a minimum of 422 mm in 2000 and a maximum of 973 mm
in 1972. The mean value is 743 mm, which is more than 100 mm higher than the
other period.

• From 2005 to 2022—with a mean value of 864 mm, annual values ranging between
590 mm in 2011 and 1188 mm in 2005. We observe the same increase in the mean value
(over 100 mm) as in the previous period.

Figure 11. Yearly precipitation evolution within the study area between 1950 and 2022.
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The mean annual temperature shows a clear continuous upward trend in the study
area between 1950 and 2022 (Figure 12), which confirms there is climate warming in
the area. The multiannual mean temperature is 9.01 ◦C, with annual average values
between the minimum of 6.06 ◦C (1956) and maximum of 10.69 ◦C (2019). This positive
trend is confirmed by the MK test, which indicates a strong rank correlation coefficient
of 0.573, statistically significant at p-value = 2.22 × 10−16 A breakpoint was identified in
the temperatures in 1998, from which point the annual average is permanently above the
multi-annual average. This finding suggests a permanent change in the climatic regime in
the study area.

Figure 12. Yearly temperature evolution within the study area between 1950 and 2022.

4.4. Hydrological Regime and Trend

The general evolutionary trend of the mean annual discharge shows a slight decrease
(Figure 13a).

The whole period can be split into three parts, divided by the breakpoints detected in
1984 and 2003:

• The first period (1961–1984) has the highest discharge, with a mean of 10.5 m3/s.
• Starting with 1985, the second period begins and lasts until 2003, characterised by a

drastic change in the flow. The mean discharge drops by half, reaching 5.03 m3/s.
• The third period (2004–2022) shows an equally sudden return of the discharges near

the values in the first period. The mean discharge is 8.97 m3/s.

According to the MK test applied for 1961–2022, a small negative trend is observed,
but it is not significant (τ = −0.112, p-value = 0.20).

The maximum annual discharge (Figure 13b) stretches between values of 28 m3/s
in 2000 and 745 m3/s in 2001. Also, a few peaks in the maximum flow are highlighted,
respectively, 1972, 1975, 1982, 1991, 1997, 2001, and 2005, with Q > 400 m3/s, representing
the most significant floods between 1961 and 2022. A weak negative trend is observed,
confirmed with the MK test, but is not significant (τ = −0.103, p-value = 0.242).

The minimum discharge (Figure 13c) annual values range between 0.07 m3/s in 1964
and 3.03 m3/s in 2005, showing a general slightly upward trend (τ = −0.15, p-value = 0.087).

Regarding the suspended load discharge (R) (Figure 14), the mean multiannual value
is 15.17 kg/s, with a minimum of 0.84 kg/s in 1992 and a maximum of 63.54 kg/s in
2005. The general evolutionary trend shows a slight decrease, as in the case of average
flows, confirmed by the MK test, not statistically significant (τ = −0.105, p-value = 0.229).
Furthermore, the entire period can be divided by a change point detected in 1975:

• Period 1961–1975, with a mean of 22.09 kg/s;
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• Period 1976–2022, where the mean value of R is 12.97 kg/s, significantly lower than
before the change point, especially between 1985 and 1995, the values being under
10 kg/s.

Figure 13. Mean (a), maximum (b), and (c) minimum annual discharge variability of the Ialomit,a
River at the Băleni hydrometric station between 1961 and 2022.

Figure 14. Annual suspended sediment discharge variability of the Ialomit,a River at the Băleni
hydrometric station between 1961 and 2022.

4.5. Anthropogenic Activity Assessment

Analysing the cartographic sources between 1856 and 2021, the river bank protection
structures are scarcely present until 2005 (around 2 km), followed by a sudden increase in
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2021, reaching 15.7 km, mainly concrete embankments realised to protect the settlements
near the river. Regarding bed erosion, we were unable to identify on the historical carto-
graphic sources any hydrotechnical structures prior to 2005, at which point 11 locations
were found, reaching 13 by 2021.

Analysing the topographic maps, we were unable to identify any gravel mining
activity in the studied Ialomit,a reach riverbed and floodplain on the map from 1978.

Starting with 2002, by analysing satellite images through Google Earth Pro, we identi-
fied 11 gravel pits (GPs) located in the plain area, downstream to Târgovis, te city (Figure 15).
Among these, six of them were still active in 2021, with a mining activity of up to 19 years
for GP3, GP4, GP5, GP11 and up to 13 years for GP8 and GP10. Although GP10 and GP11
are not in the limits of the study area, we included them in the analysis because they can
influence the riverbed due to their proximity.

Figure 15. Spatial distribution and temporal evolution of gravel pits on studied river reach.

4.6. Present Riverbed Dynamics

The field survey performed in 2024 shows that the Ialomit,a River is still becoming
narrower and deeper in the area we studied, as shown in Figure 16.

The amplitude of the river deepening process depends on the relief unit, which
is greater in the Subcarpathian zone. In some places, very intense incision reaches up
to approximately 10 m (Figure 16b,c) and extends significantly in length, taking on the
appearance of a canyon (Figure 16d). In this zone, the river channel loses its connectivity
with the floodplain, leading to an irreversible geomorphic transition into a new terrace.
In the plain area, the downcutting is weaker (Figure 16f) but can still create problems for
anthropogenic developments in the riverbed.
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Figure 16. Observed riverbed incision and its impact on bridge structures along the studied Ialomit,a
River reach. The images are ordered from north to south as follows: (a) bridge pier erosion near
Fieni; (b–d) very intense riverbed incision in the Subcarpathian zone south to Pucioasa; (e) incision
affecting 2 of 3 bridge piers on DC136B road near Brănes, ti; (f) incision in the exploitation area of
a former gravel pit (GP2 in Figure 15); (g) intense incision at bridge pier on DJ711B road at Băleni;
(h) incision of over 1 m (length of the white ruler) at the base of the pillar. The riverbed has silted up
due to the ongoing dredging of Lake Pucioasa.

Road infrastructure elements such as bridges are the most affected by the incision into
the riverbed, a fact observed during the field survey (Figure 16a,e,g). We observe significant
local scour at the base of the bridge’s piers, which remain suspended (Figure 16a). In the
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case of other types of bridges, previously deep foundation piles are now visible above the
riverbed (Figure 16e,g) by over 1 metre for the bridge at Băleni (Figure 16h).

On the other hand, we observed intense lateral erosion in dynamic equilibrium zones.
In this case, the narrowing and slight incision of the riverbed led to the creation of a single-
thread channel that acquired intense meandering processes. As a consequence, concrete
embankments were constructed, whose length increased from under 2 km in 2005 to over
15 km in 2021, to protect adjacent riverside settlements.

5. Discussion

The study results show a general decreasing trend in almost all the parameters and
indices for the studied river reach, measured as a whole (Figure 6) as well as at the sector
level (Figure 7). Also, the thalweg migration distance between successive years follows the
same tendency (Figure 8). However, riverbed measurements in 1978 highlight a deviation
from the main tendency of decreasing, as can be observed in Table 6 and Figure 7c–i.
Consequently, based on the findings of this study, the interval spanning 1856 to 2021 can be
divided into three distinct evolutionary periods, as follows.

The first period lasts from the mid-19th century to the beginning of the second half of
the 20th century (including 1856, 1902, and 1957) and is characterised by fluvial dynamics
occurring under quasi-natural, slightly disturbed conditions, especially for the period
1856–1902. Although the Scropoasa and Dobres, ti lakes have been formed since 1930, their
limited storage capacity (Table 1) and high distance from the studied river reach make
them ineffective for producing notable changes in the riverbed.

A large number of channels (Figure 7b), combined with the small values of the main
channel width (Figure 7c) and the wetted channel width and area (Figure 7c,g), and with the
high values of the bankfull and active channel widths and areas (Figure 7e,f,h,i), indicate
that the river had a generally braided fluvial style, where the aggradation process is
dominant. It is also notable that the migration of the riverbed between successive periods
is accentuated (Figure 8b), which indicates a large free space of the river. Considering that
the anthropogenic influence on the river is at a minimal level in this period, we cannot
attribute the decreasing trend to this cause. Rather, climate change is the main driving
factor in riverbed complexity reduction.

The second period is represented by the second half of the 20th century, a time
when the most important anthropogenic developments of the Ialomit,a River took place,
completed in 1988. The analysis of the riverbed in 1978 shows a clear deviation from the
direction of evolution, as can be observed in Table 6 and Figures 6 and 7. This is attributed
to the direct influence of the construction of Pucioasa Dam (Table 1), finalised in 1975,
and of the related downstream riverbed regularisation structures. The dam retains a large
portion of sediment, as evidenced by the volume of water that the lake can retain decreasing
from 10.6 mil. m3 in 1975 (Table 1) to 2.22 mil. m3 in 2016 [80], the lake being silted up in a
proportion of 79%. The mean annual silting rate is 1.88%/year, representing a volume of
approximately 200,000 m3/year.

The Pucioasa reservoir caused a decrease in suspended sediment supply (Figure 14),
where a breakpoint was identified in the same year as the dam’s commissioning. This led
to significant changes in riverbed dynamics, forcing the river to transition to a single-thread
channel in the Subcarpathian area and a meandering–anastomosed style in the plain area.
All of these changes are highlighted by the decrease in the number of channels (Figure 7b)
and the increase in the width and area in 1978 (Figure 7c–i).

The finalisation of the Bolboci Dam in 1984, combined with low quantities of precipi-
tation, led to a hydrological dry period, with values generally below the mean, identified
by breakpoints from 1984 to 2004 into the mean annual discharges gauged at Baleni
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(Figure 13a). The suspended sediment discharge is also low, below the mean from 1985
to 1995 (Figure 14). This period favoured a narrowing process of the riverbed and the
transition to a single-thread channel until the end of the century.

The third period represents the beginning of the 21st century, including 2005 and 2021,
where the riverbed returns to the general descending trend of evolution. Compared with
other periods, the measured parameters have significantly low values and, at the same
time, a homogenous and tight distribution (Figure 7). Also, the migration distance of the
thalweg is low on average, more than five times compared with 1856–1902. The variability
is also lower (Figure 8). This indicates a lack of complexity in the riverbed morphology
and a categorical transition to a sinuous, single-thread planform pattern.

The narrowing of the channel is associated with the incision, straightening, and
deepening of the riverbed (Figure 16), accentuated by the intense gravel mining activity
in the plain area starting in the 2000s. By 2021, we were inventorying 11 gravel extraction
sites, half of them being active at the end of the period under review. These also have
among the longest operating periods (Figure 15).

The floods could also be a factor which causes the deepening of the river channel,
favoured by the instability created by the exploitation of aggregates from the riverbed. In
2001 and 2005, the largest historical floods recorded on the Ialomit,a River occurred, with
peak discharges of 758 m3/s and 646 m3/s, respectively (Figure 13b).

HCA indicates some spatial patterns in the evolution of the Ialomit,a riverbed. Overall,
these clusters underscore the interplay between natural fluvial dynamics and human-
induced constraints, highlighting zones of both stability and intense morphological activity.
Based on the analysis results (Figure 9, Figure 10, and Figure S1), the studied sector can
be divided into two distinct zones, separated by the main relief units it traverses, Ialomit,a
Subcarpathians and Târgovis, te Plain, as follows:

• The northern sector corresponds to the Subcarpathian and contact with Târgovis, te
Plain areas, where clusters 1, 3, and 4 are predominant. Here, the riverbed evolution
is directly influenced by anthropogenic activity which occurred in the second half of
the 20th century: the construction of the Pucioasa Dam and downstream riverbed
regularisation structures; the development of the urban centres of Fieni, Pucioasa,
and Târgovis, te; and the emergence and development of industrial activities such
as the Doices, ti thermal power plant. Also, anthropogenic activities have caused an
incision in the bedrock, thus lithologically conditioning the evolution of the riverbed
in some areas.

• The southern sector overlapping the plain area generally consists of clusters 2 and
5. This area is characterised by a predominantly natural evolution of the river, the
anthropogenic influence being exerted rather indirectly until the 2000s. Unlike the
other zone, only rural settlements exist in the vicinity of the river. The riverbed
generally has a greater space of freedom, being grafted into friable sedimentary rocks
such as gravel and sand. After 2000, the appearance of the gravel pits increased the
degree of anthropogenic impact with effects on the riverbed dynamics. Natural events,
such as floods in 2001 and 2005, also affected the evolution of the riverbed.

Regarding the climatic component in the study area, an increasing trend in annual tem-
peratures (τ = 0.573, p-value = 2.22 × 10−16) and precipitation (τ = 0.285, p-value = 0.0004)
is observed. Comparatively analysing Figures 11 and 13a, the annual evolution of pre-
cipitation correlates with the evolution of discharge, but their trends are opposite. High
temperatures could lead to intense evapotranspiration, reducing the proportion of precipi-
tation that becomes runoff and then streamflow by concentrating it into the river channel.
Also, there is observed an increasing rain shower frequency in Romania [115,116], which
can reduce contribution to the mean annual discharge, favouring surface runoff and lim-
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iting groundwater recharge. However, the fact that the Ialomit,a River’s flow regime is
anthropogenically influenced is also a good reason why the discharge trend does not re-
spond to the precipitation trend. Here we include the effect of dams and water withdrawals
for economic activities and population supply.

Figure 17 presents linear models of the analysed parameters in the study (Table 5)
which support the idea of the ongoing and continuing degradation process and transition
of the Ialomit,a riverbed observed in the present (Figure 16) and its short-term future
evolution. Strong decreasing trends are observed for the NC, BCW, ACW, BCA, and
ACA (Figure 17b,e,f,h,i). A medium negative trend is observed for the median SI. MCW,
WCW, and WCA (Figure 17c,d,g) remain relatively stable, being determined by long-term
baseflow conditions.

 

Figure 17. Linear models of parameters and indices versus time calculated for the studied river
reach: (a) Sinuosity index—SI, (b) Number of river channels—NC, (c) Main channel width—MCW,
(d) Wetted channel width—WCW, (e) Bankfull channel width—BCW, (f) Active channel width—
ACW, (g) Wetted channel area—WCA, (h) Bankfull channel area—BCA, (i) Active channel area—
ACA. The orange points are mean values, the blue triangles median values, and the dashed lines
linear trendlines.

According to the analysis of Rădoane et al. [57], in the past 150 years, there is observed
a general tendency of channel narrowing and lateral stability in many European rivers,
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which facilitates the process of riverbed incision. Also, the rivers in Romania follow this
trend, but with a delay of major human interventions.

A representative trend in the fluvial style of the Romanian rivers (Somes, [70], Somes, ul
Mic [74], Putna [79], Siret [78], Buzău [57], Moldova [72,73], Prahova [66,69,75,76]) is
represented by a transition from complex, meandering, anastomosed, or braiding channel
patterns to a simple, straight, sinuous (in certain cases with alternate bars) one. This is
reflected in a general reduction in the complexity of the riverbed, also observed in the
analysis carried out on the Ialomit,a River.

There were identified some limitations of the study, related in particular to the car-
tographic sources and the georeferencing process. Old topographic maps could contain
significant mapping errors because of constraints in surveying technology and geodetic con-
trol. For the first cartographic source (Wallachia—Second military survey of the Habsburg
Empire), the error between the original and the current measurements is estimated to be up
to 20 m [88,89]. Also, a map at a scale two times smaller than the others (Table S1) inevitably
leads to a greater degree of generalisation of the riverbed characteristics. In addition, the
lack of common stable elements preserved over time used as control points makes the
georeferencing process difficult and less accurate. For the other historical topographic
maps, georeferencing leads to map distortions as well, but they are smaller through the
improvements in quality over time.

Human errors in the riverbed features digitisation process are also one of the limi-
tations of the study. These can be objectives related exclusively to the quality elements
of the maps, such as map sheet physical degradation (paper degradation, fading ink and
discolouration, human markings) and distortions from scanning handling and scanning
artefacts. On the other hand, some errors are derived from subjective interpretation of the
river morphological features, especially for orthorectified aerial images.

Other limitations are related to the uneven temporal coverage of the cartographic
(1856–2021), hydrological (1961–2022), climatic (1950–2022), and anthropogenic (gravel pits
inventory after 2000) data sources available for this study. This gap in temporal coverage led
us to interpret our results within the broader context of climate change and anthropogenic
influences based on similar studies conducted in Europe and Romania.

6. Conclusions

This paper presents the first results on the study of historical evolution and future
trends of riverbed dynamics of the Ialomit,a River, Romania, mainly based on the analysis
of successive sets of cartographic sources between 1865 and 2021. We approach a complex
methodology, which allows the measurement of parameters and indices in a standardised
and partially automated manner. The morphometric analysis reveals a general downward
trend in riverbed sinuosity, number of channels, widths, surfaces, and thalweg migration
distance. All of these indicate major changes in the Ialomit,a riverbed behaviour and fluvial
style, its channel morphology undergoing a simplification and a transition from a complex,
braided, multi-thread channel to a simple sinuous, single-thread one. The main processes
consist of narrowing, incising, and straightening, alternating with intense meandering.

Changes in Ialomit,a River behaviour can be primarily attributed to climate change that
occurred after the Little Ice Age (LIA). Our analysis over the last ~70 years confirms that
climate change is underway in the study area, as reflected in upward trends in temperature
and precipitation. Since the second half of the 20th century, anthropogenic influence
directly on the riverbed has intensified significantly, assuming a dominant role in shaping
the riverbed’s evolution.
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Using HCA, we managed to identify spatial patterns in riverbed dynamics. Their evo-
lutionary trajectory is highly dependent on the relief crossed by the river and anthropogenic
influence over time.

The studied reach of the Ialomit,a River shares a similar historical evolution trend in
riverbed dynamics with other European and Romanian rivers, which have reduced their
geomorphological complexity by transition from a braided, multi-thread into a sinuous,
single-thread riverbed pattern.

Field-based observations confirm the ongoing trend of riverbed degradation within the
studied reach, mainly represented by the actions of narrowing and incision processes. Some
bridges are already affected by downcutting at the base of the support pillars, endangering
road traffic safety. Conversely, in areas affected by lateral erosion, concrete embankments
have been constructed to protect the riparian settlements.

Regarding the future evolution trends, we consider the studied river reach will con-
tinue to degrade and reduce its morphological complexity on a short-term horizon, fol-
lowing the climate change signal and increased anthropogenic intervention. Ongoing
in-channel aggregate extraction activities may intensify the riverbed incision process across
the plain region. Further channel deepening in the Subcarpathian region will lead to a
permanent geomorphic disconnection from the floodplain, transforming it into a new
terrace. On-site observations have already identified this process. In certain zones, channel
narrowing and confinement into a single-thread course may lead to intense local meander-
ing, which could significantly impact adjacent human settlements through intense bank
erosion, particularly during flood events.

We acknowledge the limitations of the study, which stem from the integration of
historical cartographic sources into GIS, particularly through the heterogeneity and quality
of the maps, the georeferencing process, and the interpretation of riverbed morphological
features. In addition, the uneven temporal coverage of the analysed datasets represents a
further constraint. Therefore, some of our statements and conclusions may be subject to a
certain degree of uncertainty and generalisation, limiting our ability to fully understand
the factors underlying the dynamics of the Ialomit,a riverbed.

The results of this study may be a useful tool in the management of the Ialomit,a River
in the analysed area, and future anthropogenic interventions should take these into account.
In the context of climate change and intensifying human activity, our findings may also
contribute to a better understanding of recent behaviour of the riverbeds. Assuming that
this study provides only a general overview of the river’s historical evolution and future
trends, further research is needed to advance the knowledge of Ialomit,a riverbed dynamics.
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Abstract: Flood susceptibility modeling (FSM) plays a key role in advancing proactive
disaster risk reduction and spatial planning. This research developed FSM for the Buzău
River catchment in Romania—a region historically vulnerable to recurrent flood events—
using four state-of-the-art ensemble boosting algorithms: AdaBoost, CatBoost, LightGBM,
and XGBoost. Initially, a comprehensive set of 13 flood conditioning factors was assessed,
which was subsequently narrowed down to 9 essential factors through multi-tier feature
selection strategies. Analysis of performance via receiver operating characteristic (ROC)
andprecision–recall curves showed only marginal differences between the models; however,
CatBoost excelled with an area under the ROC curve (AUC) of 0.972 and an average
precision (AP) of 0.971, with XGBoost following closely behind. The SHAP (SHapley
Additive exPlanations) analysis of the CatBoost model indicated that the Slope, Distance
from Rivers, Topographic Wetness Index (TWI), and Land Use/Land Cover (LULC) are the
key contributing factors. The novelty of this research is found in its comparative analysis
of AdaBoost alongside three gradient boosting algorithms—CatBoost, LightGBM, and
XGBoost—while utilizing explainable artificial intelligence (XAI) and a multi-tier feature
selection strategy to create FSM that are precise and comprehensible. These strategies
deliver robust tools for managing flood risks and reinforce the viability of data-driven
modeling in the various catchments of Europe.

Keywords: Buzău River catchment; CatBoost; feature selection; flood susceptibility;
gradient boosting; machine learning; Romania; SHAP analysis

1. Introduction

Flooding represents a critical and persistent threat worldwide, threatening human
lives and inflicting significant economic damage. It is exacerbated by global warming and
increasing urbanization [1–4]. Projections indicate that the design-level flood frequency
will rise for about 47%, 55%, 70%, and 74% of watersheds during warming intervals of
1.5, 2.0, 2.5, and 3.0 ◦C according to the SSP245 scenario [2]. Between 1990 and 2022,
4713 floods were documented worldwide, impacting over 3.2 billion individuals, leading
to 218,353 fatalities, and incurring economic losses exceeding 1.3 trillion USD [5]. Europe’s
flood risks and vulnerabilities are comparable to those observed globally. Liu et al. [5]
report that 15.02% of all floods worldwide occurred in Europe, affecting 16,669,245 people
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and causing 5543 fatalities. Flooding represents one of the most prevalent and costly
hazards in Europe [6], resulting in damage that averages over 12 billion Euros each year [7].

The Danube River Basin (DRB) is an international river basin in Europe, having
experienced floods throughout its history [8,9]. The research by Leščešen et al. [10] revealed
a trend of increasing extreme events in the Danube River projected for both the winter and
summer seasons. During the last century, the floodplains of the DRB have experienced
substantial human interventions, resulting in notable changes to their hydromorphology;
specifically, the size of these floodplains has been reduced by 68%, which has greatly
affected the river’s inherent capacity to mitigate floods [11]. According to a more recent
investigation by Eder et al. [12], the area of Danube floodplains has diminished by roughly
79% due to anthropogenic activities. The nations situated in the eastern part of the DRB,
including Romania [13,14], Bulgaria [15], Serbia [16,17], Moldova [18], and Ukraine [19],
face severe flooding issues due to intricate hydro-climatic factors and rising land use
demands. Nearly 97.8% of the territory of Romania lies within the DRB, which extends
across several countries [20]. Romania encompasses roughly 30% of the entire area of
the DRB within its administrative boundaries [20]. Consequently, Romania is one of the
severely flood-prone countries in the region, regularly facing both riverine and flash flood
events [20–22].

Flooding in Romania is a persistent hazard driven by a combination of climatic, ge-
ographic, and anthropogenic factors [21,23,24]. The country’s multifaceted topography,
ranging from the Carpathian Mountains to the Danube Delta, makes it particularly prone
to various types of floods. Intense precipitation and rapid snowmelt are major natural fac-
tors [25–27], whereas human activities such as deforestation, improper land management,
and insufficient drainage systems play a crucial role in exacerbating flooding [20,28,29].
Romania’s economy suffers an average annual loss of about 140 million Euros due to floods,
with some counties facing losses that surpass 4% of their local GDP [30].

Significant flood disasters in Romania occurred in 1970, 1975, 1983, 1988, 1991 [27,31],
2005, 2006, 2008, 2010, 2012, 2018, and 2021 [14,22,31–33]. In Romania, the 2005 European
floods resulted in 60 fatalities and damages amounting to 1.66 billion Euros, the 2006
European floods had a profound impact on the entire Danubian watershed, the 2010 floods
led to 6 fatalities and damages of 1 billion USD, and the 2021 European floods battered
37 of the 41 counties, as well as the capital, Bucharest [22,32,34]. The 1897 floods were
among the most catastrophic, leading to the overflow of the Danube River and producing
extensive damage to Galat, i and Brăila cities, with infrastructure such as roads, bridges,
and railway tracks suffering extensively [35]. The major flood event that occurred in 2018
is considered one of the most devastating flood disasters in central Romania, notably in
Brasov County, resulting in damages that surpass 6.5 million Euros [33]. The recent 2024
Central European floods, triggered by Storm Boris, had a devastating effect on Romania,
especially the counties of Galat, i and Vaslui, where floodwaters attained depths of 1.5 to
2 m [36,37]. Given Romania’s substantial exposure to flood hazards due to its extensive
coverage within the DRB, it is crucial to develop reliable flood susceptibility models (FSMs)
to facilitate effective risk management and land use planning.

In recent decades, FSM has gained significant importance as a crucial tool for mitigat-
ing disaster risks and promoting sustainable watershed management. Conventional statisti-
cal techniques such as Frequency Ratio [38], Index of Entropy [39], Logistic Regression [40],
and Weights-of-Evidence [38], along with semi-quantitative approaches like Analytic Hi-
erarchy Process (AHP) [41], Analytic Network Process [42], and Fuzzy-AHP [41], have
been extensively utilized for FSM. However, recent developments in AI-based data-driven
methods have led to a growing adoption of machine learning (ML) or deep learning models
such as Random Forest [43], Decision Trees [43], Support Vector Machines [44], Naïve
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Bayes [45], Adaptive Boosting (AdaBoost) [46], eXtreme Gradient Boosting (XGBoost) [43],
Light Gradient Boosting Machine (LightGBM) [46], Categorical Boosting (CatBoost) [43],
K-Nearest Neighbors [47], Artificial Neural Networks [47], and Convolutional Neural Net-
works [48] for FSM due to their superior performance in capturing nonlinear relationships
and intricate interactions among factors [49].

Ensemble learning is a technique that integrates predictions from multiple base (weak)
models to attain enhanced performance [50,51] by reducing bias, enhancing generaliz-
ability, and improving predictive accuracy [52]. This concept includes three fundamental
approaches: bagging, boosting, and stacking [50]. Boosting serves as a strategy that trans-
forms weak learners into strong classifier by decreasing bias and possible variance [50].
AdaBoost and gradient boosting (GB) algorithms—including CatBoost, LightGBM, and
XGBoost—are all ensemble ML techniques; however, they vary in their boosting strate-
gies. AdaBoost integrates several weak classifiers to form a robust classifier through a
weighted majority voting mechanism, with the impact of each classifier determined by
its accuracy [53,54]. GB algorithms iteratively optimize a loss function through gradient
descent by creating new models that address the residual errors from prior models [55–57].

Despite many studies applying ML algorithms, only Aydin and Iban [46] have per-
formed a comprehensive comparative analysis of traditional boosting methods like Ad-
aBoost against GB algorithms such as CatBoost, LightGBM, and XGBoost for FSM. Unex-
pectedly, AdaBoost surpassed the performance of the other three GB algorithms. Existing
literature commonly disregards the fact that the performance of these three GB algorithms
can vary considerably depending on the dataset characteristics and the geographical con-
text of the study. While there is a scarcity of studies that directly compare these algorithms
in the context of FSM, comparative assessments have been carried out in other fields. In
some of these studies, CatBoost excelled compared to other GB algorithms because of its
effective management of categorical data [58,59], whereas in others, XGBoost or Light-
GBM produced superior outcomes [46,60]. This variability emphasizes the importance
of conducting comparative studies to ascertain the most suitable algorithm for specific
geospatial applications like FSM. Moreover, while most FSM studies primarily emphasize
topographic and hydrological factors, new indices obtained from remote sensing, despite
their demonstrated effectiveness in measuring imperviousness, vegetation health, and
water presence, are still underused, yet they are crucial for precise FSM [61,62]. Addition-
ally, the physical properties of soil are infrequently considered in FSM, even though they
significantly influence soil infiltration, water retention, and runoff patterns [63–65].

This investigation tackles the identified gap by rigorously assessing the performance
and predictive strength of four ensemble boosting ML models. This comparison is par-
ticularly significant as it not only measures the performance of AdaBoost in relation to
three prevalent GB algorithms, but also compares these GB algorithms amongst themselves
to determine the most efficient one for FSM in a real-world hydrological setting. This
modeling is novel as it adopts a multi-tier feature selection strategy that utilizes Variance
Inflation Factor (VIF), Condition Index (CI), Mutual Information (MI), and Information
Gain (IG) to guarantee the inclusion of only the most pertinent and non-redundant factors.
Additionally, the modeling integrated a diverse and innovative set of 13 factors, including
lesser-used remote sensing (RS) indices such as the Normalized Difference Impervious
Surface Index (NDISI), Normalized Difference Greenness Index (NDGI), Urban Index (UI),
and Land Surface Water Index (LSWI). These indices are proficient in capturing aspects of
imperviousness, vegetation status, and surface water availability, soil clay content and soil
bulk density, which offer critical insights into permeability and surface runoff processes.

This study developed susceptibility models for the Buzău River catchment through
the application of AdaBoost and three GB algorithms. It integrates a diverse array of
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13 conditioning factors (CFs), blending both traditional topographic and hydrological
factors with advanced RS indices and soil physical characteristics. A multi-tier feature
selection strategy will be utilized to optimize performance and ensure robustness, incorpo-
rating VIF, CI, MI, and IG techniques to determine the most pertinent factors. The model’s
efficacy will be measured using a range of performance metrics, and the relevance of the
factors will be evaluated through SHapley Additive exPlanations (SHAP) values.

2. Materials and Methods

2.1. Study Area: Overview of the Buzău River Catchment

The Buzău River basin (Figure 1) is situated in the south-eastern region of Romania
and serves as a left tributary to the Siret River [66]. Originating from the Ciucas, Moun-
tains within the Curvature Carpathians, the Buzău River has an overall length of 302
km [66]. This catchment area encompasses 5264 km2 [66] and receives an average annual
precipitation of about 750 mm/year [67].

 
Figure 1. (a) Location of the Buzău River catchment in Romania, (b) Carpathian and Balkan mountain
ranges and the Danube Delta region, and (c) Buzău River catchment, highlighting the river network
and elevation range.

The catchment region covers five counties: Covasna, Brăila, Bras, ov, Buzău, and
Prahova, along with 116 territorial-administrative units [66]. The catchment showcases a
varied topography, from the steep northern Carpathian Mountain slopes to the southern
low-lying plains. The basin features thick forests in the upper basin, along with agricultural
and urbanized zones downstream, where uncontrolled development and land degradation
have amplified the risk of flooding. The Buzău River is among the rivers in Romania that
face the greatest risk of flooding, having experienced significant flood events in recent
decades [66], making it a crucial region for FSM.

2.2. Methodological Framework for Susceptibility Modeling

The modeling process employed a multi-tier feature selection strategy, followed by
the application of four ensemble boosting algorithms and multiple evaluation metrics, as
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well as explainable artificial intelligence (XAI) techniques such as SHAP to analyze flood
susceptibility (Figure 2).

Figure 2. The flowchart of the susceptibility modeling framework.

The modeling was performed on the Kaggle and Google Colab platforms, which
provide cloud-based environments with significant computational power. In this analysis,
the pixel served as the main spatial and mapping unit, featuring a spatial resolution of
30 m, which guarantees uniform input across all geospatial layers.

2.3. Flood Inventory Dataset and Data Splitting Strategy

This research compiled a total of 205 locations of flood occurrences from earlier studies
conducted by Costache et al. [67,68]. The inventory comprises flood events that resulted
in socio-economic damage between 1990 and 2020 [67], categorized as the positive class
(indicating flood presence) within the FSM framework. An equivalent number of non-flood
points (205) were randomly generated to maintain a balanced dataset from regions with no
documented flood history. These non-flood sites represent the negative class (indicating
flood absence) and were selected carefully to avoid overlap with flood-affected regions,
thus maintaining a clear distinction. The dataset, comprising 410 spatial points (205 flood
and 205 non-flood locations), was randomly partitioned into two subsets: 70% of the data
(287 points) was designated for model training, and the remaining 30% (123 points) was
allocated for model validation (Figure 3). The 70:30 split ratio is commonly employed
because it facilitates effective model training and precise performance assessment [69,70].
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Figure 3. Spatial distribution of flood and non-flood points within the Buzău River catchment.

2.4. Derivation of Conditioning Factors

Based on earlier studies [41,71–73], the modeling process selected 13 CFs, which are
presented in Table 1.

Table 1. Overview of the datasets and conditioning factors derived for the modeling, including their
sources and spatial resolutions.

Dataset Source Conditioning Factor
Scale/Spatial
Resolution

SRTM DEM
https://earthexplorer.usgs.gov/ (accessed
on 20 April 2025)

Slope

30 mElevation
Stream Power Index (SPI)
Topographic Wetness Index (TWI)

CORINE Land
Cover

https://land.copernicus.eu/en/products/
corine-land-cover (accessed on 20
April 2025)

Land Use/Land Cover (LULC) 100 m

SoilGrids https://soilgrids.org/ (accessed on 20
April 2025)

Soil Clay Content 250 mSoil Bulk Density

HydroSHEDS https://www.hydrosheds.org/products/
hydrorivers (accessed on 20 April 2025) Distance from Rivers -

Landsat 8 and
9 imagery

https://earthexplorer.usgs.gov/ (accessed
on 20 April 2025)

Normalized Difference Impervious Surface
Index (NDISI) 100 m

Sentinel-2
imagery

https://browser.dataspace.copernicus.eu/
(accessed on 20 April 2025)

Urban Index (UI) 20 m
Normalized Difference Greenness Index (NDGI) 10 m
Normalized Difference Water Index (NDWI) 10 m
Land Surface Water Index (LSWI) 20 m

Slope, elevation, SPI, and TWI were obtained from the DEM utilizing SAGA GIS
version 9.5.1 (Institute of Geography at the University of Hamburg). SPI and TWI values
were determined based on Equations (1) and (2) [72]. The LULC data were sourced from
the CORINE Land Cover portal, whereas the soil clay content and bulk density were
acquired from the SoilGrids portal. River networks were obtained from the HydroSHEDS
portal (https://www.hydrosheds.org/products), and the distance to these rivers was
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computed utilizing the Euclidean Distance tool in ArcGIS 10.8 (ESRI, Romania). The
five-year (2020–2024) mean UI, NDGI, NDWI, and LSWI were computed using Sentinel-2
surface reflectance data, while NDISI was derived from Landsat 8 and 9 (NASA) data.
All five indices were derived using the Google Earth Engine platform, which provides
efficient access to multi-temporal satellite imagery and facilitates large-scale geospatial
analysis. The selection of a five-year mean aims to mitigate the effects of seasonal and
interannual fluctuations, thus providing a more consistent and accurate estimate of land
surface conditions. The UI, NDISI, NDGI, NDWI, and LSWI were calculated utilizing
Equations (3)–(7) [74–78], respectively.

SPI = α × tanβ (1)

TWI = ln
(

α

tanβ

)
(2)

where α = catchment area and β = slope angle.

UI =
SWIR2 − NIR
SWIR2 + NIR

(3)

NDISI =
Tb − (MNDWI + NIR + SWIR1)/3
Tb + (MNDWI + NIR + SWIR1)/3

(4)

NDGI =
α × Green + (1 − α)× NIR − Red
α × Green + (1 − α)× NIR + Red

(5)

NDWI =
Green − NIR
Green + NIR

(6)

LSWI =
NIR − SWIR
NIR + SWIR

(7)

where Tb = brightness temperature, α = weighted parameter, SWIR = Short-Wave In-
frared band, NIR = Near-Infrared band, Green = Green band, Red = Red band, and
MNDWI = Modified Normalized Difference Water Index [41].

2.5. Feature Selection Techniques

In this modeling, the feature selection process includes the evaluation of multicollinear-
ity and the implementation of feature selection algorithms to discard multicollinear and
non-relevant factors. The key challenge posed by multicollinearity is its tendency to in-
flate standard errors, resulting in unstable estimates and unreliable interpretations [79].
Irrelevant and redundant factors may negatively influence algorithms’ complexity and
functionality, leading to suboptimal results or performance [80]. The feature selection
process involves removing irrelevant and redundant factors to boost the performance of
algorithms and the accuracy of model outputs [80,81].

2.5.1. Variance Inflation Factor (VIF)

VIF is a statistical indicator utilized to measure the degree of multicollinearity among
CFs [70]. A VIF score greater than 10 signifies multicollinearity, which was determined
through Equation (8) [82]. Typically, researchers discard all factors that have VIF scores
exceeding 10 in one step. However, this study implemented a step-wise analysis of mul-
ticollinearity and factor removal, which allowed for a more accurate identification and
retention of impactful factors. This approach guarantees that only the most problematic
factors are omitted, without compromising important predictive data.
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VIF =
1

1 − R2
j

(8)

where R2
j = coefficient of determination (R2) for the jth factor.

2.5.2. Condition Index (CI)

CI is the square root of the ratio of the maximum eigenvalue to each eigenvalue, as
outlined in Equation (9) [83]. Multicollinearity is deemed absent if the CI is 10 or lower,
moderate if it ranges from 10 to 30, and severe if it is 30 or higher [84].

CI =

√
λmax

λi
(9)

where λmax = maximum eigenvalue and λi = ith eigenvalue.

2.5.3. Mutual Information (MI)

MI is a filter-based approach that measures the degree of interdependence among
variables, effectively capturing linear and nonlinear associations [85]. MI is a bench-
mark for choosing appropriate feature subsets by assessing the quantity of information,
feature offers concerning the target variable [86]. MI(X;Y) was computed by applying
Equation (10) [85,87].

MI(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y) log
(

p(x, y)
p(x) p(y)

)
(10)

where X and Y = two random variables, p(x, y) = joint probability distribution, and p(x)
and p(y) = marginal distributions.

2.5.4. Information Gain (IG)

IG is an entropy-based approach that evaluates the information supplied by a
feature [81]. The gain (y, A), calculated from the output data categorized by feature A, was
computed according to Equation (11) [88].

gain(y, A) = entropy(y)− ∑C∈vals(A)

yc

y
entropy (yc) (11)

with val(A) = possible values of feature A, y = number of samples, and yc = subset of y.

2.6. Machine Learning (ML) Algorithms
2.6.1. Adaptive Boosting (AdaBoost)

AdaBoost is an algorithm based on decision trees that creates a collection of stumps,
which are basic trees consisting of a single node and two leaves, typically only one level
deep [89,90]. It adopts an iterative approach to learn from these stumps and integrates
them into an ensemble [90]. AdaBoost operates by minimizing an exponential loss function,
making it sensitive to data noise and outliers [91]. Despite this challenge, it effectively
decreases bias and variance, improving overall performance [91].

2.6.2. Gradient Boosting Algorithms

Categorical Boosting (CatBoost): CatBoost can efficiently address both categorical and
numerical factors without requiring preprocessing steps such as one-hot encoding or label
encoding, instead relying on its inherent ‘ordered boosting’ approach to manage categorical
data [92]. Each model is trained on fresh data by utilizing ordered boosting, which helps
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alleviate the biases commonly linked to standard GB algorithms [91]. CatBoost employs
‘oblivious decision trees’ (Figure 4a), which maintain the same splitting criterion at every
tree level, creating balanced structures that are less likely to overfit [93,94].

Figure 4. Tree structures and split indexes: (a) CatBoost, (b) LightGBM, and (c) XGBoost.

Light Gradient Boosting Machine (LightGBM): LightGBM presents three novel strategies
designed to enhance the efficiency of training: a histogram-based approach for split finding,
Exclusive Feature Bundling (EFB), and Gradient-Based One-Side Sampling (GOSS) [92,93].
The histogram-based split finding technique accelerates the training and reduces memory
requirements by binning continuous feature values before identifying the best splits [92].
EFB applies heuristics to identify and merge groups of mutually exclusive features, de-
creasing the dataset’s dimensionality [93]. GOSS utilizes gradients to sample the most
critical instances of the dataset during each iteration, ensuring the training set distribution
remains unchanged [93]. LightGBM builds trees leaf-wise (Figure 4b), resulting in quicker
convergence and greater accuracy [91].

eXtreme Gradient Boosting (XGBoost): XGBoost builds additive models sequentially,
allowing for the optimization of any differentiable loss function [91]. It incorporates regular-
ization techniques (L1 and L2) to reduce overfitting, thereby enhancing the model’s ability
to generalize [91]. Additionally, XGBoost applies second-order Taylor series approxima-
tions of the loss function to improve both accuracy and computational efficiency [59,91]. It
supports parallel processing and internally addresses missing values [91]. XGBoost mainly
follows a level-wise tree growth strategy (Figure 4c), where all nodes at a specific depth
are split before advancing deeper, which helps control overfitting and maintain balanced
trees [94].

2.7. Performance Evaluation Techniques
2.7.1. Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)

MAE and RMSE serve as key indicators of absolute error, primarily applied in model
fitting, validation, selection, and comparison [95]. The MAE and RMSE values were
computed based on Equations (12) and (13) [51].

MAE =
1
n

n

∑
i=1

∣∣Yi − Ỹi
∣∣ (12)

RMSE =

√
1
n

n

∑
i=1

(
Yi − Ỹi

)2 (13)

where Yi = actual value, Ỹi = predicted value, and n = number of observations.
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2.7.2. R-Squared (R2)

The R-squared (R2) serves as a quantitative measure of how effectively a model cap-
tures the variability of the dependent factor as influenced by the independent factors [96].
It represents the proportion of the variation explained by the model out of the overall
variation [51], with possible values spanning from 0 (indicating a lack of fit) to 1 (indicating
a perfect fit) [97]. R2 was derived through the application of Equation (14) [51].

R2 = 1 − ∑n
1
(

Dact − Dpre
)2

∑n
1
(

Dact − Dact
)2 (14)

where Dact = actual value, Dpre = predicted value, Dact = mean, and n = number of observations.

2.7.3. Accuracy, Precision, Recall, and F1-Score

Accuracy, precision, recall, and F1-score, key performance metrics ranging from 0
(denoting poor performance) to 1 (denoting perfect performance), were computed using
Equations (15)–(18) [82,98], respectively.

Accuracy =
TP + TN

TP + FP + FN + TN
(15)

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

F1-score = 2 × Precision × Recall
Precision + Recall

(18)

where TP (TN) = True Positives (Negatives), FP (FN) = False Positives (Negatives).

2.7.4. Kappa Index (κ-Index)

Cohen’s Kappa index (κ-index) is a statistical indicator that evaluates the extent
of agreement, with values spanning −1 to +1 [82,99]. A score of −1 reflects total dis-
agreement, 0 indicates a lack of agreement beyond random chance, and +1 signifies total
agreement [82,99]. The κ-index was derived based on Equation (19) [82].

κ-index =
Pobs − Pexp

1 − Pexp
(19)

where Pobs = observed agreement and Pexp = expected agreement.

2.7.5. Receiver Operating Characteristic (ROC) Curve

The ROC curve represents a graph that plots the True Positive Rate (TPR) on the
Y-axis against the False Positive Rate (FPR) on the X-axis, serving as a measure of overall
performance [100,101]. The area under the ROC Curve (AUC) is applied to quantify this
performance [100], with AUC values ranging from 0.5 (random performance) to 1 (perfect
performance) [102].

2.7.6. Precision Recall Curve (PRC)

The PRC, featuring recall on the X-axis and precision on the Y-axis, is regarded as a
more informative tool than the ROC curve for evaluating performance in datasets with class
imbalance [103]. Higher average precision (AP) scores signify superior model performance,
with a score of 1 indicating perfect performance and 0 denoting poor performance [104].
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2.8. Factor Importance Evaluation: SHapley Additive exPlanations (SHAP)

SHAP elucidates a prediction by illustrating the contribution of each feature to the
variation from the model’s baseline value [105,106]. It is grounded in coalitional game
theory [105] and employs a linear explanatory model (Equation (20)) to approximate
the original prediction model [107,108]. SHAP will quantify and visualize the impact
of each conditioning factor on the predictions made by the model. This will facilitate a
more profound comprehension of the relative significance of each factor in relation to
flood susceptibility, thus improving the interpretability of the model and aiding in more
informed decision-making.

f (x) = g
(

x′
)
= ∅0 +

M

∑
i=1

∅ix′i (20)

where f (x) = original model, g(x′) = explanation model, M = number of input features,
∅0 = base value, ∅i = SHAP value, and x′i ∈ {0, 1} = presence (1) or absence (0) of the
i-th feature.

The computation of the SHAP value was performed based on Equation (21) [107].

∅i = ∑
z′⊆x′\{i}

|z′|!·(M − |z′| − 1)!
M!

[
fx
(
z′ ∪ {i}) − fx

(
z′
)]

(21)

where z′ ⊆ x′\{i} = potential subsets of the simplified input, without feature i, |z′| =
number of features in the subset z′, |z′ |!·(M −|z′ | −1)!

M! = SHAP weight, fx(z′ ∪ {i}) = output of
the model when utilizing subset z′ with feature i, and fx(z′) = model output when utilizing
solely the subset z′.

3. Results

3.1. Conditioning Factors Selected Through Various Feature Selection Methods

An analysis of the multicollinearity for the 13 CFs was performed, identifying three
factors with VIF scores surpassing 10 (Table A1). To mitigate this issue, a two-tier selection
approach was implemented. During the first stage, the factor with the highest VIF score,
LSWI, was discarded, and the multicollinearity was re-evaluated, indicating that two CFs
continued to display multicollinearity (Table A2). At the second stage, the subsequent factor
with the highest VIF score (UI) was removed, and the multicollinearity was re-evaluated
(Table 2).

Table 2. Variance Inflation Factor (VIF) scores of the conditioning factors.

Sl. No. Conditioning Factor VIF Score

1 Soil Clay Content 7.844
2 Soil Bulk Density 6.548
3 NDGI 6.330
4 NDISI 5.566
5 TWI 4.888
6 Slope 3.539
7 SPI 3.072
8 Elevation 2.872
9 NDWI 1.763

10 Distance from Rivers 1.486
11 LULC 1.360

Thus, it was established that all remaining 11 CFs maintained VIF scores beneath
the threshold of 10. In addition, the CI for all 11 CFs was determined to be beneath the
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critical threshold of 30 (Table 3), thereby validating that all multicollinear factors have been
effectively eliminated.

Table 3. Condition index (CI) of the conditioning factors used in the modeling.

Sl. No. Conditioning Factor CI

1 TWI 7.550
2 Distance from Rivers 6.490
3 SPI 5.810
4 Slope 3.400
5 NDWI 2.960
6 NDISI 2.460
7 NDGI 2.360
8 LULC 1.940
9 Elevation 1.570

10 Soil Bulk Density 1.310
11 Soil Clay Content 1.000

To ensure the exclusion of irrelevant factors, the MI scores for the 11 CFs were com-
puted. The analysis revealed that Slope (0.452), TWI (0.403), and Distance from Rivers
(0.348) had the highest MI scores, indicating their significant relevance for inclusion, while
Soil Clay Content (0.042) and NDWI (0.012) displayed the lowest MI scores, implying
minimal relevance (Table 4). Despite the variation in scores, none were zero, and therefore
all 11 CFs were retained for subsequent analysis.

Table 4. Conditioning factors and their corresponding Mutual Information (MI) scores.

Sl. No. Conditioning Factor MI Score

1 Slope 0.452
2 TWI 0.403
3 Distance from Rivers 0.348
4 SPI 0.211
5 LULC 0.187
6 Elevation 0.146
7 Soil Bulk Density 0.141
8 NDGI 0.107
9 NDISI 0.100

10 Soil Clay Content 0.042
11 NDWI 0.012

Subsequently, IG-based feature selection was implemented due to its effectiveness
with tree-based ML algorithms. The analysis demonstrated that SPI (0.000) and NDWI
(0.001) exhibited negligible IG scores (Table 5), reflecting their limited relevance; thus, these
two factors were discarded. Consequently, the multi-tier feature selection approach led
to the identification of nine relevant factors (Figures 5 and 6) and the elimination of four
irrelevant factors (Figure A1).

Table 5. Information Gain (IG) scores of the conditioning factors.

Sl. No. Conditioning Factor IG Score

1 Slope 0.451
2 Distance from Rivers 0.400
3 TWI 0.375
4 LULC 0.326
5 NDGI 0.116
6 NDISI 0.110
7 Elevation 0.099
8 Soil Bulk Density 0.088
9 Soil Clay Content 0.007

10 NDWI 0.001
11 SPI 0.000
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Figure 5. Conditioning factors: (a) Slope, (b) Elevation, (c) Distance from Rivers, (d) Topographic
Wetness Index (TWI), (e) Soil Bulk Density, and (f) Soil Clay Content.

Figure 6. Conditioning factors: (a) Normalized Difference Impervious Surface Index (NDISI),
(b) Normalized Difference Greenness Index (NDGI), and (c) Land Use/Land Cover (LULC).

3.2. Flood Susceptibility Models and Their Performance

The susceptibility maps were produced utilizing four ML models—AdaBoost
(Figure 7a), CatBoost (Figure 7b), LightGBM (Figure 7c), and XGBoost (Figure 7d)—based
on nine CFs. All maps pinpointed the river network and low-lying regions as areas of
significant susceptibility. Table 6 illustrates the models’ performance as measured by MAE,
RMSE, and R2 for both datasets. CatBoost exhibited the most superior performance, record-
ing the lowest MAE (0.074) and RMSE (0.146) on the training set, as well as the lowest MAE
(0.097) and RMSE (0.182) on the testing set. It also achieved the highest R2 scores of 0.919
and 0.838 for the training and testing sets, respectively.
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Figure 7. Susceptibility maps: (a) AdaBoost, (b) CatBoost, (c) LightGBM, and (d) XGBoost.

Table 6. Performance evaluation of the models using MAE, RMSE, and R2 metrics on both training
and testing datasets.

Model
MAE RMSE R2

Train Test Train Test Train Test

AdaBoost 0.088 0.117 0.173 0.229 0.880 0.787
CatBoost 0.074 0.097 0.146 0.182 0.919 0.838
LightGBM 0.082 0.111 0.164 0.211 0.892 0.804
XGBoost 0.079 0.102 0.151 0.192 0.914 0.817

3.3. Results of Susceptibility Model Evaluation Using Various Performance Metrics

Among the assessed models, CatBoost excelled with a precision of 0.928, recall of
0.917, F1-score of 0.913, accuracy of 0.912, and a κ-index of 0.841, as indicated in Table 7. It
consistently achieved superior results compared to AdaBoost, LightGBM, and XGBoost.

Table 7. Performance comparison of flood susceptibility models using various evaluation metrics.

AdaBoost CatBoost LightGBM XGBoost

Precision 0.904 0.928 0.906 0.916
Recall 0.887 0.917 0.885 0.909

F1-Score 0.885 0.913 0.894 0.908
Accuracy 0.886 0.912 0.894 0.908
κ-index 0.782 0.841 0.801 0.825

In addition, CatBoost achieved the best overall performance, reaching the highest ROC-
AUC score of 0.972, trailed by XGBoost with 0.971, LightGBM with 0.967, and AdaBoost
with 0.964 (Figure 8).
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Figure 8. Comparison of ROC curves for the four susceptibility models to assess their
predictive performance.

The PRC-AP was similarly the highest for CatBoost (0.971), followed by XGBoost
(0.967), AdaBoost (0.963), and LightGBM (0.961) (Figure 9). These findings underscore
the enhanced capability of GB models—CatBoost, XGBoost, and LightGBM—compared
to AdaBoost.

Figure 9. Precision–recall curves of the four susceptibility models: AdaBoost, CatBoost, LightGBM,
and XGBoost.

4. Discussion

4.1. Role and Importance of Conditioning Factors

The SHAP-driven factor importance assessment for the CatBoost model, identified
as the top performer, revealed that Slope (0.232) and Distance from Rivers (0.155) were
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the most influential CFs (Table 8). The SHAP summary plot (Figure 10) visually repre-
sents how each factor influences the model’s predictions, emphasizing that Slope and
Distance from Rivers contributed most significantly and consistently across the dataset.
Many studies [61,71,109] have identified Slope, Distance from Rivers, and LULC as key
contributing factors. Specifically, Costache et al. [68] reported these three as the most
influential CFs in the Buzău River catchment.

Table 8. SHAP-based importance of conditioning factors (mean absolute SHAP).

Sl. No. Conditioning Factor Mean_Abs_SHAP

1 Slope 0.232
2 Distance from Rivers 0.155
3 TWI 0.061
4 LULC 0.034
5 NDISI 0.026
6 Soil Bulk Density 0.022
7 Elevation 0.019
8 NDGI 0.017
9 Soil Clay Content 0.015

Figure 10. SHAP summary plot showing factor importance and impact on model predictions
(SD = Distance from Rivers, SBD = Soil Bulk Density, and SCC = Soil Clay Content).

Slope, with a mean SHAP value of 0.232, stands out as the most critical factor, likely
due to its strong effect on surface runoff and water accumulation processes. Steeper slopes
facilitate greater surface runoff and limit infiltration, while flatter terrains tend to gather
water, thus amplifying flood risks [110,111]. Ranking second (0.155), the Distance from
Rivers illustrates the vulnerability of areas adjacent to river channels. Areas near rivers
face higher risk due to the immediate impact of river overflow during periods of high
discharge; during heavy rainfall, rising river levels tend to inundate the surrounding
low-lying regions first [112,113]. TWI (0.061) exhibited a notable impact, emphasizing the
crucial role of terrain morphology in retaining water and directing flow. The TWI indicates
possible water accumulation within the landscape; elevated values signify areas at risk of
saturation and runoff concentration, which can lead to flooding [72,114].

LULC has a moderate contribution of 0.034, suggesting that land management prac-
tices and surface conditions play a significant role in flooding. LULC impacts flooding by
altering land–rainfall interactions, where urban and agricultural regions enhance surface
runoff due to their reduced capacity for infiltration [41,115]. The compaction of soil on
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agricultural land, caused by heavy machinery and livestock, can facilitate flooding by re-
ducing permeability and hindering water infiltration [116,117]. Moreover, repeated tilling
can result in the loss of organic matter and degradation of soil structure [118], consequently
heightening surface runoff during heavy rainfall events. Furthermore, the transformation
of natural vegetation into agricultural land removes deep-rooted plants that play a crucial
role in absorbing and regulating rainwater. Irrigation methods and inadequate drainage
can lead to soil saturation, which reduces its ability to absorb further rainfall and raises the
risk of flooding [119].

Among the moderately important factors, NDISI (0.026) and Soil Bulk Density (0.022)
exhibited limited but relevant influences, indicating secondary contributions to flood occur-
rence. Higher NDISI values reflect impervious surfaces such as roads and buildings [120],
which hinder infiltration and amplify surface runoff, consequently raising the chance of
flooding [121,122]. Prior investigations [4,123] emphasized the impact of soil sealing on
flooding, illustrating how alterations to the natural hydraulic network can lead to increased
flood risk. An increase in bulk density results in reduced soil porosity and infiltration [124],
which consequently heightens the probability of surface runoff and flooding.

Elevation plays a crucial role by dictating the natural pathways for water flow; regions
at lower elevations are more likely to gather runoff and are at a higher risk of inundation,
especially in the event of significant rainfall or river surges [111,125]. NDGI assesses the
density and health of vegetation, reflecting trends of degradation and regeneration [126].
Areas with lower NDGI, which denote sparse or unhealthy vegetation [126,127], can
heighten the probability of flooding due to the diminished ability of the soil to absorb
water, thereby facilitating quicker surface runoff [128]. Clay-dominant soils possess lower
permeability, which hinders infiltration and allows for water to remain for longer durations,
consequently promoting flooding [41,129].

The SHAP analysis indicates that elevation (0.019), NDGI (0.017), and Soil Clay Con-
tent (0.015) have a relatively minor significance, implying their limited effect in the Buzău
catchment. Although elevation typically influences hydrological flow and retention behav-
ior, the Buzău catchment may feature localized flooding events that are more concentrated
in topographically low areas, irrespective of their absolute elevation. Consequently, local
variations in elevation—such as depressions or valleys—may be more significant than the
overall elevation.

The NDGI, indicative of vegetation greenness, may have a limited impact during
intense rainfall events, as vegetation’s ability to reduce runoff diminishes. Likewise, while
the clay content in soil can play a role in determining infiltration capacity, this effect may be
overshadowed by other soil characteristics, including bulk density. This analysis indicates
that although these factors are not entirely irrelevant, their influence is relatively limited
within this modeling framework.

4.2. Interpretation of Model Performance Outcomes

The modeling process revealed that CatBoost achieved the highest performance, with
XGBoost, LightGBM, and AdaBoost ranking next. Several studies [58,59,89,91,94,130–132]
have identified CatBoost as the most effective model among GB algorithms. In contrast,
other research has found that XGBoost [93] or LightGBM [60,133] may be more effective.
This variation in results underscores the significance of dataset characteristics, feature
composition, and preprocessing techniques in determining model efficacy. The supe-
rior performance of CatBoost can be linked to its ability to effectively handle categorical
variables without one-hot encoding, as well as its application of ordered boosting and
symmetric (oblivious) trees [51,134]. These characteristics are recognized for boosting
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model accuracy and decreasing overfitting [51,134]. This is particularly useful in FSM,
where both continuous and categorical inputs are commonly utilized.

XGBoost also demonstrated commendable performance, probably owing to its well-
optimized training architecture, proficient parallel processing capabilities, and flexibility
regarding objective functions [135,136]. Moreover, its advanced regularization techniques
contribute to enhanced generalizability [135]. LightGBM employs a leaf-wise tree growth
strategy that is efficient, yet it can cause instability in datasets that are smaller or contain
noise [137]. This could account for its comparatively lower performance in this model-
ing, indicating that LightGBM may be less appropriate for FSM tasks that involve spatial
heterogeneity or class imbalance. In this comparison, AdaBoost demonstrated the lowest
performance. This is due to its vulnerability to noisy data and outliers, as it amplifies the
weight of misclassified instances, which may diminish the overall performance when com-
pared to GB algorithms [138]. Overall, the results bolster the prevailing view that CatBoost
is a robust and effective option, especially when dealing with categorical factors. These
conclusions are in line with recent literature and stress the need for model selection to be
adapted to the specific characteristics of the dataset and the goals of the modeling process.

5. Conclusions

This research emphasizes the efficacy of ensemble boosting algorithms, especially
CatBoost, for FSM in the Buzău River catchment, an ecologically and hydrologically sensi-
tive region within the Danube River Basin. Through the integration of multi-tier feature
selection and SHAP-based interpretability, this research not only boosts model accuracy
but also improves transparency in recognizing essential factors driving floods. The study
reveals that Slope, Distance from Rivers, TWI, and LULC are key contributors to flood
susceptibility in this catchment. From a policy viewpoint, the conclusions endorse the
necessity for targeted land-use planning measures, including more rigorous zoning regula-
tions in critical areas and the integration of sustainable practices in watershed management.
Authorities must prioritize the protection and surveillance of low-lying zones and riverine
areas while also incorporating topographic and hydrological information into regional
disaster management plans. The methodological framework outlined in this research can
be adapted to other flood-prone locales and underscores the critical need for science-driven
policies to foster climate-resilient communities.

One notable limitation of this study is the lack of an in-depth analysis of model
uncertainty and sensitivity testing. Although performance metrics were employed to assess
the model, they do not completely encompass the range of uncertainty present in the
input data, model parameters, or algorithmic framework, nor do they evaluate the model’s
sensitivity to variations in individual input factors. Moreover, the analysis incorporated
CORINE Land Cover data from 2018, which is the most current dataset that is available.
Despite the application of more recent RS-based indices to reflect current surface conditions,
the reliance on 2018 land cover data may restrict the accurate representation of the most
recent LULC conditions.
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Appendix A

Table A1. Initial VIF scores of all conditioning factors before removal of multicollinear factors.

Sl. No. Conditioning Factor VIF Score

1 LSWI 138.576
2 UI 68.691
3 NDISI 33.641
4 Soil Clay Content 8.081
5 NDGI 7.756
6 Soil Bulk Density 6.694
7 TWI 4.996
8 Elevation 3.594
9 Slope 3.592

10 SPI 3.234
11 NDWI 2.570
12 Distance from Rivers 1.487
13 LULC 1.378

Table A2. VIF scores after the first iteration of removing the most collinear conditioning factor.

Sl. No. Conditioning Factor VIF Score

1 UI 23.294
2 NDISI 20.292
3 Soil Clay Content 7.857
4 NDGI 6.603
5 Soil Bulk Density 6.569
6 TWI 4.949
7 Slope 3.583
8 SPI 3.170
9 Elevation 3.048

10 NDWI 2.309
11 Distance from Rivers 1.487
12 LULC 1.373

Figure A1. Cont.
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Figure A1. Discarded factors: (a) Land Surface Water Index (LSWI), (b) Urban Index (UI),
(c) Normalized Difference Water Index (NDWI), and (d) Stream Power Index (SPI).
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10. Leščešen, I.; Basarin, B.; Pavić, D.; Mudelsee, M.; Pekarova, P.; Mesaroš, M. Are Extreme Floods on the Danube River Becoming
More Frequent? A Case Study of Bratislava Station. J. Water Clim. Chang. 2024, 15, 1300–1312. [CrossRef]

11. Hein, T.; Schwarz, U.; Habersack, H.; Nichersu, I.; Preiner, S.; Willby, N.; Weigelhofer, G. Current Status and Restoration Options
for Floodplains along the Danube River. Sci. Total Environ. 2016, 543, 778–790. [CrossRef]

12. Eder, M.; Perosa, F.; Hohensinner, S.; Tritthart, M.; Scheuer, S.; Gelhaus, M.; Cyffka, B.; Kiss, T.; Van Leeuwen, B.; Tobak, Z.; et al.
How Can We Identify Active, Former, and Potential Floodplains? Methods and Lessons Learned from the Danube River. Water
2022, 14, 2295. [CrossRef]

13. Romanescu, G.; Stoleriu, C. Causes and Effects of the Catastrophic Flooding on the Siret River (Romania) in July–August 2008.
Nat. Hazards 2013, 69, 1351–1367. [CrossRef]

14. Romanescu, G.; Cimpianu, C.I.; Mihu-Pintilie, A.; Stoleriu, C.C. Historic Flood Events in NE Romania (Post-1990). J. Maps 2017,
13, 787–798. [CrossRef]

15. Sekulova, F.; van den Bergh, J.C.J.M. Floods and Happiness: Empirical Evidence from Bulgaria. Ecol. Econ. 2016, 126, 51–57.
[CrossRef]
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Abstract: This paper analyzes the chemical evolution of Nuntas, i-Tuzla Lake (Romania) in
the context of human intervention. Situated on the shore of the Black Sea, approximately
35 km north of Constant,a, Nuntas, i-Tuzla Lake is part of the Razim–Sinoe Lake complex and
a component of the Danube Delta Biosphere Reserve. This area has undergone significant
transformations over the past 120 years: canalization of the connecting channels with the St.
George arm, construction of polders for agriculture, closure of the connections to the Black
Sea, and construction of the Razim–Sinoe irrigation system. After the irrigation system
stopped working (around 2000), due to the isolation of the lake and the low flow coming
from the two rivers that supply the lake with fresh water, it completely dried up in 2020.
All these interventions have led to the ecological, hydrological, and chemical deterioration
of the lake’s water. The main effects are (i) a decrease in water salinity and (ii) reduction in
the production of sapropelic mud as the salinity decreases due to the influx of fresh water.

Keywords: Nuntas, i-Tuzla Lake (Romania); human intervention; hydrochemical
characteristics; water quality index

1. Introduction

The Water Framework Directive (WFD), formally known as Directive 2000/60/EC,
is a key piece of European Union legislation that establishes a framework for protecting
and managing water resources across the EU. The directive aims to achieve “good status”
for all EU waters by setting out a comprehensive, integrated, and coordinated approach to
water management [1,2]. The WFD aims to bring all water bodies, including rivers, lakes,
coastal waters, and groundwater, to a “good status” by a set deadline (up to 2027). The
directive mandates the prevention of any further deterioration in the status of water bodies,
ensuring that their ecological and chemical quality is maintained or even improved [2,3].
As a result, it is necessary to (i) prevent any further deterioration of the state of water
bodies, ensuring that their ecological and chemical quality is maintained or improved;
(ii) encourage sustainable practices in using water to achieve a balance between the needs
of the population, protection of the environment, and the development of economic
activities; (iii) protect and improve aquatic ecosystems and, where necessary, improve
the water quality through specific action plans; (iv) promote transparency by involving
the public in water management decisions; and (v) achieve water management at the
level of the hydrographic basin, crossing political borders, in order to manage water
resources holistically [2,3].

Water 2025, 17, 1482 https://doi.org/10.3390/w17101482
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Romania, as a member of the European Union, has integrated the WFD into its
national legislation and established a monitoring network to regularly determine the
chemical, ecological, and quantitative status of its surface and groundwater bodies. Ro-
mania’s implementation of the Water Framework Directive represents a significant step
towards sustainable water management and environmental protection. While progress
has been made in aligning national legislation with EU standards, ongoing efforts are
needed to address challenges related to infrastructure, enforcement, and the impacts of
climate change. Public participation and continuous monitoring remain critical components
of Romania’s strategy to meet the WFD’s objectives and protect its water resources for
future generations [3].

After the second report of Basin Management Plan (BMP) required by the WFD [2],
the European Environment Agency (EEA) presented a report in which the authors [1]
drew attention to the fact that only 40% of surface waters have reached a good ecological
condition. After the third BMP, 55.9% of surface waters of Europe have reached a good
ecological condition (WISE, 2024), which means an increase of 16%, approximately [4].

There are 1988 water bodies, from a total of 2014 water bodies, that have an unchanged
status. From the second to the third BMP report, there were not too many changes regarding
the ecological condition of the lakes (188 lakes from a total of 189 maintain the same status).

Nuntas, i-Tuzla Lake is a significant brackish water body located in the Dobrogea re-
gion of Romania, near the Black Sea coast. Over the centuries, the lake has undergone
various natural and anthropogenic changes that have shaped its current state. Understand-
ing the history of Nuntas, i-Tuzla Lake reveals an insight into its ecological importance,
the challenges faced, and the efforts undertaken for its preservation and restoration [5].
Nuntas, i-Tuzla Lake is part of 32% of Romanian lakes that have not achieved “good”
status recently [4].

The main objective of this paper is to determine the water quality using both the water
quality index (WQI) and principles of the WFD. The specific objectives are (i) investigation
of the limits and advantages of the Water Frame Directive (WFD), (ii) review of the evolu-
tion of the WQI, and (iii) review of human intervention in the Nuntas, i-Tuzla Lake basin.
Reviewing the literature related to WHD implementation in Romania gives the possibility
to identify gaps in the knowledge and can bring some novelty in research by using other
methodologies, such as WQI.

2. Materials and Methods

2.1. Methodology and Methods

The flowchart of the methodology proposed in this paper is represented in Figure 1.
The qualitative methods consist of (i) a discussion based on the specific literature of the
Water Framework Directive (WFD) implementation into Romanian legislation related to
water quality, its limits, and advantages, and (ii) the water quality index (WQI) method.
The results are presented in the Results (Section 3.1). The quantitative methods consist of
data collection and analysis, and the determination of water quality is conducted through
two methods, WQI index calculation and WFD principle application. The two methods are
presented in Section 2.2 Methods. The results obtained will be compared.

2.1.1. Study Area

The presented methodology will be applied to Nuntas, i-Tuzla Lake. Part of the Razim–
Sinoe lacustrine system, Nuntas, i-Tuzla Lake is situated in the Dobrogea region on the Black
Sea coast, 35 km north of Constanta. In ancient times, the Halmyris Bay was located here,
on the shore of which a series of fortresses was built. The area has an important cultural
and spiritual value due to the existence of the Histria citadel (which the ancient Milesian
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colony created in VII BC century) and the discovery of artifacts from the late Roman era
in the Nuntas, i and Săcele areas. Nuntas, i-Tuzla Lake was once well known as the second
therapeutic lake, after the Techirghiol Lake, for its sapropelic mud.

 

Figure 1. Methodology flowchart used in this paper.

The climate is a temperate continental one with maritime influences. During the cold
period of the year, influenced by the Black Sea, the temperature remains positive [6–9].
During the warm period of the year, the climate is influenced by the sea breeze. According
to Dobrica et al. [6], for the 1965–2021 period, the multiannual precipitation was 458 mm,
and the multiannual average of temperatures at the Jurilovca meteorological station
was 11.3 ◦C.

The area studied is part of the Central Dobrogea Plateau, a subunit of the Istrian
Plateau, and has a coastal plain aspect (Prispa Hamangia) developed between the Casimcea
Plateau and the Black Sea, being a combination of sea plains (Sacele and Chituc), sandy
barriers, and shallow lakes (Sinoe, Histria, and Nuntas, i). The DEM (digital elevation
model) is presented in Figure 2.

The watershed of the lake is located at low altitudes (average altitude is 100.6 m, with
a maximum of 218 m). The relief is stepped. The spaces between the valleys have a form of
a high plain whose slopes have an eastern and southeastern direction. The average terrain
slope is 3.7%. The watershed analyzed is a “mature” one, the relief is somewhat stable, the
soil erosion or landslide processes are completed, and the material has been completely
evacuated outside the basin [6].

From a hydrological point of view, the Dobrogea region is divided into two large basins:
BH Littoral (71%) and BH Danube (29%). Nuntas, i-Tuzla Lake basin (code: ROLN05) is part
of a littoral basin, located at the confluence of two rivers, Nutas, i and Săcele. According to
Dobrica et al. [6], the annual Nuntas, i River discharge is 0.348 m3/s, and that of the Sacele
River is 0.082 m3/s.
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Figure 2. DEM of Nuntas, i-Tuzla Lake basin [6].

2.1.2. Data Series

According to SMIAR (Romanian Integrated Water Monitoring System), in the Do-
brogea region, there are the following monitoring profiles: (i) Danube basin—23 mon-
itoring points for rivers, 11 monitoring points for 9 lakes; (ii) Littoral basin—19 rivers,
11 lakes—33 monitoring stations; and (iii) 41 groundwater monitoring stations [10].

As we already mentioned, Nuntas, i-Tuzla Lake is situated in the Littoral basin, and
starting in 1995, there were three monitoring points (Center Lake, camping baths, and
Nuntas, i River connection). A data series was provided by the Romanian Water Na-
tional Administration—Dobrogea Littoral Branch (RWNA-DLB). The records cover the
1981–2022 period, with some gaps (1983–1986, 1988–1994) due to unsystematic monitoring
of the lakes. After 1998, the monitoring of chemical and biological parameters became a
systematic one [11,12].

The following parameters are generally available: (1) physical, thermal, and acidifica-
tion indicators, (2) oxygenation regimen (dissolved oxygen, CBO5, CCOMn), (3) nutrients,
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(4) salinity condition (only until 2009), (5) toxic pollutants (only since 2010), and (6) indi-
cators of the eutrophication degree. Not all the parameters were measured in all the time
periods and for all the sampling points. A discussion on the measured parameters will be
presented in the Results section. Initially, samples were taken from 6–7 points of the lake.
Since 1995, the number of sampling points has been reduced to three.

Some historical data related to chloride (Cl−), sulfate (SO4
−2), calcium (Ca2+), magne-

sium (Mg2+), and bicarbonate (HCO3
−) are available for different periods (e.g., 1934–1981).

These data were collected from different documents [11–15].

2.2. Methods

In this work, two methods of classifying water quality are used: (i) the method
stipulated in the WFD and implemented into Romanian legislation through the water law
and other subsequent documents, explained in detail in Section 3.1, and (ii) the quality
index of water (WQI).

2.2.1. WFD Method

WFD is the principal legislation of water policy in EU and introduces key principles
for management and to ensure water quality in all EU countries. In this respect, a series of
criteria/indicators is used to assess the status of the water bodies.

In Romania, the WFD requirements are implemented into legislation through the
water law and subsequent documents. The ecological and chemical status are divided
into 5 categories, from “High” to “Bad”, and 5 categories of trophy. Based on Romanian
legislation, for the period and available data, the following elements are established:
(i) the degree of eutrophication, (ii) the physical and chemical state, (iii) the biological state,
and (iv) the ecological state of Nuntas, i-Tuzla Lake.

The eutrophication establishment degree is based on the use of the following indica-
tors: total phosphorus, total mineral nitrogen, total biomass, and chlorophyll “a” [16–21].
The physical state is established by the pH indicator. The chemical state is established
based on physics and chemical elements, namely, oxygen regimen and salinity. The bi-
ological state is established based on total phosphorus, total mineral nitrogen, biomass
phytoplanktonic (FTK), and chlorophyll “a”. Starting in 2010, ABADL has provided a
metrical index (IM) calculated for each biological element: phytoplankton, phytobenthos,
and macroinvertebrates. The ecological state of Nuntas, i-Tuzla Lake is based on the “one
out–all out” principle. This principle is applied to each indicator to establish the general
ecological state. The “one out–all out” principle was imposed by the WFD to assess the
ecological status of surface water. This principle expresses that the overall status is selected
based on the worst ecological status.

The calculation of the indicators is performed differently, depending on the volume of
data selected: if the length of the data series is less than 30, then the evaluation is based on
the arithmetic mean of the measured values; if it is greater than 30, the evaluation is based
on the 90-percentile value, respectively, 10 percentiles for “dissolved oxygen”.

Additionally, for the 1981–2009 period, the state of salinity was determined based on
the chloride, sulfate, calcium, and magnesium concentrations. For the 2010–2023 period,
the priority substances state was determined.

2.2.2. WQI Method

The water quality index (WQI) is a valuable tool for monitoring and managing water
resources, ensuring they remain safe for human use and ecological health. The WQI simpli-
fies complex water quality data into a single number, making it easier for policymakers,
scientists, and the public to understand a water body’s health. WQI is typically calculated
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using various water quality parameters, each of which is assigned a weight based on its
relative importance to overall water quality [22–25].

For this paper, based on data availability, the WQI selected is the one proposed
by Brown [24], namely, “Weighted Arithmetic Water Quality Index Method” (WaWQI).
According to the methods proposed, the equation used to calculate WQI is as follows:

WQI =
∑n

i=0 Qi · wi

∑n
i=0 wi

(1)

where n is the number of parameters; Qi is the evaluation scale; and wi is the weight of
each parameter.

The evaluation scale formula is as follows:

Qi =
Vi − V0

Sni − V0
(2)

where Vi is the concentration value measured for each parameter considered; Vo repre-
sents the ideal value of concentration in pure water, which is 7 for pH and approximately
0 for all the other parameters; and Sni is the standard concentration value for each pa-
rameter selected; in this case, we selected the value corresponding to “good” quality
from the guideline.

The standard concentration value for the parameters selected in this paper is presented
in Table 1, and the scale value for WQI is presented in Table 2. The determination of weight,
wi, is based on inverse proportionality to the standard concentration.

Sni (wi = k/Sni) (3)

where ki is the constant of proportionality.

Table 1. Standard concentration (Sni) value for selected parameters, in line with OM no. 161/2006,
for “good” conditions.

pH DO (mg/L) BOD5 (mg/L) CCOMn Ammonium Nitrate N total Phosphate

7 7 5 10 0.8 3 7 0.2

Total Phosphorus Chloride Sulfate Ca Mg IM FPK IM-B IM-M

0.4 50 120 100 50 0.6 0.6 0.6

Table 2. Categories of WQI.

High/Excellent Good Moderate Poor Bad

≤25 25–50 50–75 75–100 ≥100

3. Results

3.1. WFD and Romanian Legislation Related to Water Quality

The Water Framework Directive (WFD) represents a comprehensive and integrated
approach to water management in the European Union. It aims to achieve good water
status for all water bodies, promote sustainable use, and protect aquatic ecosystems through
River Basin Management Plans, monitoring, and stakeholder involvement. Since it led to
significant improvements in water quality and management, ongoing challenges require
sustained efforts and adaptations to ensure the objectives are met. The implementation
tool of the WFD, regulated by Article 13 and Annex VII, is represented by the management
plan of the river basin (BMP). The technical documents, namely, “guidance” documents,

70



Water 2025, 17, 1482

are available on the CIRCABC (Communication and Information Resource Centre for
Administrations, Businesses and Citizens) website (available online: https://circabc.europa.
eu/ (accessed on 15 May 2024)). There are 34 guidance documents, and their role is to
assist those involved in the WFD implementation. Figure 3 presents a schematic evolution
of WFD application in Romania.

Figure 3. Schematic representation of WFD implementation stages in Romanian legislation.
Legend: EC—European Commission, BMP—Basin Management Plan.

After the WFD adoption (2000), the Romanian administration started to modify the
Water Law (no. 17/1996) and create the organizational structure to implement the directive.
Introduction of the WFD in national legislation started in 2004 by Law 310/2004, which
modified Water Law (no. 17/1996) when Romania adopted legal provisions (articles 3 and
24 from the WFD). The law no. 310/2004 also provides the (i) “Scheme of the watershed
with their boundaries”, (ii) conditions for achieving water and aquatic ecosystem protection
objectives for all surface and groundwater bodies, (iii) a list of hazardous substances, (iv) a
list of principal pollutants, and (v) economic analysis. In this way, the legal framework for
the application of articles 4 (1 a and b) and 5 (1 and 2) was created.

Romania completed the Romanian Basin Management Plan (RBMP) (Article 13) and
developed the monitoring program (Article 8) between 2004 and 2009. In the next period,
several ministry orders were adopted to introduce (i) regulation regarding the surface water
quality classification to establish the ecological status of water bodies and (ii) a manual to
develop the Integrated Water Monitoring System in Romania (compliance of article 8). The
Romanian Integrated Water Monitoring System (SMIAR) was organized by the water law
and restructured according to the WFD.

In January 2006, a guide for the modernization and development of SMIAR was
adopted to ensure the implementation of SMIAR through OM No. 31. According to the
legislation adopted, two main types of monitoring are used within SMIAR: (i) observa-
tion monitoring and (ii) operational monitoring. Six subsystems are monitored: rivers,
lakes, transitional and coastal waters, and groundwater. Additionally, in February 2006,
a regulation regarding the classification of surface water quality was adopted to ensure
the ecological establishment status of water bodies. Observation monitoring has the role
of assessing the state of water bodies at the level of all water bodies and is carried out
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every year based on a management plan identified as not being at risk of not reaching the
environmental objectives.

The operational program aims to establish the state of water bodies that present
the risk of not meeting the environmental objectives. The quality elements and mea-
surement frequency used to establish the state is well explained in both the Romanian
legislation and the Romanian Basin Management Plan (RBMP—chapter 6) and refers to (i)
biological elements; (ii) hydro-morphological elements; (iii) physics and chemical elements;
(iv) priority substances; (v) priority substance—sediments; and (vi) priority
substance—biota. The groups (iv), (v), and (vi) were introduced in line with Annex I
of Directive 2008/105/EC, modified by Directive 2013/39/EU, article 3 (6), and article 3 (2),
respectively, which were transposed into national legislation by H.G. 570/2016; they are
measured only in the case of the existence of pollution sources and/or their identification
within the screening analysis.

Based on those indicators, according to OM 161/2006, the ecological state of the water
lake is divided into five categories: very good (I), good (II), moderate (III), poor (IV), and
bad (V). For lakes, the degree of trophy will be established. OM 161/2006 also establishes
five degrees of trophy for lakes, namely, ultraoligotrophic, oligotrophic, mesotrophic,
eutrophic, and hypertrophic (article 1 (5)). According to article 3 (4), the elements of
chemical and physical–chemical quality in the group “Salinity” represent substances of
natural origin and do not indicate pollution.

The general principle for establishing the ecological status of water surfaces stipulated
in Appendix 5 of the WFD is “one out–all out”, which means that the most unfavorable
situation is selected.

Due to the measures taken, the second BMP shows that Romania achieved a good
status for 60–70% of the surface water bodies [1]. But 30–40% of the surface water (including
lakes) still fail to achieve “good” ecological status. This is also the case with Nuntaşi-
Tuzla Lake.

3.2. Human Intervention in Nuntas, i-Tuzla Lake Basin

The first information about the Nuntas, i-Tuzla Lake was provided by Ionescu MD [15].
Accordingly, this lake was called Tuzla at that time; the word means “with salt” in Turkish.
He also mentioned a value of salinity of 26 mg/L. More than this, he stated that the main use
of Lake Tuzla was the production of salt “by capture”, given that the lake had salty water.
Until 1897, there were five salt deposits on the shores of lake [15]. In 1924, Poruciuc [26]
referred to the same lake by naming it the Tuzla–Sinoe or Duingi Lake (today Nuntas, i).
He stated that the lake communicated with the Black Sea through Istria and Golovita
Lakes through the mouth of Portit,a and had 2000 hectares, but it was still isolated from
freshwater sources, having no freshwater springs. For this reason, having a small depth and
a high salinity (unspecified) leads to the deposition of salt. He declared that a deposit of
200,000 kg of salt was found in the area, left by the Turks to the Romanian authorities, after
the annexation of Dobrogea in 1879.

In 1928, Bratescu C [5] mentioned in his work that Tuzla Lake (the name is kept)
communicated with the Sinoe Lake through a “mouth/gate” between the Istria hill in
the north and the Histria fortress in the south. In his opinion, the surface of the lake
was 1600 hectares, and the lake’s water was salty. The first scientific information about
the morphological characteristics of the Nuntaşi-Tuzla Lake was provided by Breier [11].
In her work, Braier established the morphometric characteristics of Nuntas, i-Tuzla Lake
as follows: the surface is 1050 hectares; the water volume is 9.28·106 m3; the length is
6.2 km; the width varies between a minimum of 1.7 and a maximum of 3 km; the maximum
elongation coefficient is 2.00; the average depth is 0.6 m, the maximum being 1.0 m; and the
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slope of the lake bottom is 0.0020 m/m. Breier [12] also provided some information about
the water chemistry, classifying the lake as one with polyhaline waters with a salinity in
the range of 10–17 g/L.

From this brief historical presentation, we conclude that the studied lake had water
with high salinity. The lack of precipitation in the summer and the high temperatures lasting
until September led to a negative hydrological balance, which determines the decrease in
water in the lake and its salinization. As was already mentioned, the Nuntas, i-Tuzla Lake is
a part of the Razim–Sinoe lacustrine system, which is connected to both the Black Sea and
St. Gheorghe Branch.

Gâstescu and Braier [13] stated that the main canals that connect the St. Gheorghe
branch are Lipovenilor, Dunavăt, , and Dranov. The connection with the Black Sea is made
through the so-called “gates” or “periboine”. These are Gura Portiţei, in front of Goloviţa
Lake; Perites, ca gate; Leahova gate, in front of Razim Lake and in front of Sinoe Lake; and
Periboina and Edighiol gates. This area has been the subject of major hydrotechnical works
over the past 120 years, which can be divided into two great categories: (1) the canalization
phase and (2) the development of the Razim–Sinoe irrigation system. The canalization
phase was very well described by Pons L.J. [27] and it refers to (i) canalization of the Sulina
Branch to ensure its navigability (1889–1902), (ii) canalization of the canals (including
Dranov and Dunavat (1903 and 1912, respectively) to ensure the fisheries, connections
between smaller canals, connections between the Danube branches (Chilia, Sulina and St.
George) and the Razim–Sinoe lacustrine systems (1950–1965), and canalization of the St.
Gheorghe Branch to ensure the navigability (by regularization) and fresh water supply of
the Razim–Sinoe irrigation system (1965, approximately).

The description of the Razim–Sinoe irrigation system development was described
by Grumezea et al. [28]. This irrigation system was first used in 1974–1975; the studies
and design activity of it were achieved in the 1969–1971, period and execution of it was
carried out during the 1971–1974 (1975) period. The development of this irrigation system
supposed the isolation of lakes from the Black Sea. To complete these three major hydraulic
projects, the following steps were necessary: (i) closing communication between lagoons
(Razim, Golovita, Zmeica, Babadag) and the Black Sea, which is supposed to be nearest
to Portita Gate, and creating dammings to consolidate the coastal area (littoral belt) so as
to prevent deterioration of lake shorelines; (ii) controlling the communication between
Razim and Sinoe Lakes to ensure the discharge of the fresh water surplus of Sinoe Lake (by
Edighiol and Peribiona gates) and the navigation on Sinoe and Razim Lakes; (iii) arranging
the lagoon area as a great reservoir by the canalization of the Dunavat, Dranov, and Mustaca
canals (Figure 4), which ensure the communication between St. Gheorghe Branch and the
lagoon area; those canals ensure an average discharge of 80 m3/s.

In a 1973 publication, the authors drew attention to the elaborated development plan
for the Razim–Sinoe irrigation complex that would “sweeten” the waters of the lakes in
about two years and would be able to be used for the irrigation of about 123,000 ha in the
NE of Dobrogea [13].

Based on salinity data, the evolution of this parameter is presented in Figure 5. Starting
with 1981, the water chemistry reached the limits of the necessary amount for irrigation
(1 g/L). Therefore, the Nutasi-Tuzla Lake remains isolated, and the canal between Istria
Lake and Nuntas, i-Tuzla Lake was closed, being silted since 1976 [12].

Dobrica et al. [6] stated that the maximum exploitation period of the irrigation system
was 1981–1989, and starting with 1989, the system worked only partially and was com-
pletely closed in 2006. This also affects the evolution of the Nuntas, i and Săcele Rivers’ flow
rates (Table 3).
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Figure 4. Razim–Sinoe lacustrine system.

Table 3 shows that during the maximum period of the operation of the irrigation
system (1981–1989), the average multiannual flow of the Nuntas, i River is 1.4 times higher
than that of the previous period (1965–1980). This increase is due to the infiltration resulting
from the water used for irrigation.

After 1989, the multi-year discharge for the period of 1990–1997 returned to the
baseline (1965–1980) and continued to decline, reaching a dangerous level (6.75 times lower
than the average annual discharge for the period of 1965–1980). After closing the irrigation
system and reducing the discharge rates on the two rivers, the Nutasi-Tuzla Lake level
began decreasing, which led to a decrease in the lake surface. Research conducted in the
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past reveals that during the irrigation period, the production of sapropelic mud decreased
due to decreases in salinity [14].

 

Figure 5. Evolution of salinity in Nuntas, i-Tuzla Lake.

Table 3. Evolution of discharge on Nuntas, i and Săcele Rivers [6].

Hydrometric
Station

Subseries
Multi Annual

Discharge (m3/s)
Observation

Nuntas, i 1965–1980 0.467 Before the maximum operation
of the irrigation system

1981–1989 0.638 Maximum operation of
irrigation system

1990–1996 0.409 Partial work
1997–2006 0.239 Closer
2007–2020 0.092

Săcele 1965–2003 0.104
2004–2020 0.037

3.3. Data Analysis

Based on the methodology proposed, four time series of data were established to eval-
uate the degree of eutrophication, corresponding to the indicators used (total phosphorus
[mg/L], biomass [mg/L], mineral nitrogen [mg/L], and chlorophyll “a”; there are only
three years with registered values). Generally (86%), the lake is hypertrophic, 7% eutrophic,
and 7% mesotrophic.

Physical components refer only to the pH parameter. The pH of the Nuntas, i-Tuzla
Lake varies, depending on several factors, including its salinity, temperature, and the
presence of organic material. However, as a saltwater lagoon, the pH is typically expected
to be in the range of 6.5 to 8.5 [21]. This range is generally alkaline due to the dissolved
salts and the buffering capacity of carbonate ions present in the water.

In recent years, environmental changes, such as droughts, reduced water inflow, and
human activities, have impacted the lake, possibly leading to fluctuations in its pH levels.
These changes could cause the pH to deviate from the typical range, potentially affecting
the local ecosystem. From a total amount of 31 recordings, only 23% are situated in the
6.5–8.5 range; the rest of the values (77%) are outside a value of 8.5.

Oxygen regimen refers to dissolved oxygen (DO) [mg/L], biochemical oxygen
demand—BOD5 [mg/L], and chemical oxygen consumption—CCOMn [mg/L]. The level
of dissolved oxygen in the Nuntas, i-Tuzla Lake is a critical indicator of the lake’s health and
its ability to support aquatic life. Dissolved oxygen levels can vary significantly depending
on factors such as temperature, salinity, organic load, and water circulation [17–21,27–31].

In saltwater or brackish environments like Nuntas, i-Tuzla Lake, dissolved oxygen
levels are typically lower than in freshwater due to the higher salinity, which reduces the
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solubility of oxygen in water. Given these factors, the dissolved oxygen in the Nuntas, i-
Tuzla Lake might be relatively low, particularly in warmer months or during periods of
high organic decomposition.

The dynamics of dissolved oxygen are in an interdependent relationship with the
intensity of biochemical and chemical oxygen consumption processes in water, which
reflects the level of pollution of an aquatic ecosystem with organic substances.

The biochemical oxygen consumption (BOD), expressed by the BOD5 indicator, in-
directly indicates the loading of water with biodegradable organic substances. This de-
pends on the quantity and biochemical decomposition capacity of the existing organic
substances in the water, under the influence of oxygen consumption. CCOMn is a variant
of BOD5 testing that uses manganese as the oxidizing agent to measure the carbonaceous
component of organic matter in water. It is particularly useful for assessing the organic
carbon load in water bodies and industrial affluents, with applications in water treatment
and environmental monitoring [21]. The evolution of all those parameters is presented
in Figure 6.

 
(a) 

 
(b) 

 
(c) (d) 

The level’s degree colors are as follows: bad moderate good high 

    

Figure 6. The dynamics in time of (a) pH, (b) DO, (c) BOD5, and (d) COD (CCOMn).

As Figure 6 shows, of 31 DO records, 17 (58%) represent a high status, 26% good,
13% moderate, and the rest poor (3%). No bad condition was registered. Concerning BOD5,
of 29 records, 21 (72%) represent “poor” conditions, 14% moderate, 13% good conditions,
and 3% bad conditions. No high condition was registered. As for CCOMn, of 16 records,
9 (56%) represent moderate status, 31% represent poor status, and 13% represent good
status. No high condition was registered.

The nutrient levels in the Nuntas, i-Tuzla Lake, like in many other coastal lagoons, are
important for understanding its ecological health and potential for issues like eutrophi-
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cation. The key nutrients of interest are typically nitrogen (in forms such as nitrates and
ammonium) and phosphorus (primarily in the form of phosphates). Nitrogen can enter
the lake from various sources, including agricultural runoff (fertilizers), atmospheric de-
position, and the decomposition of organic matter. In Nuntas, i-Tuzla Lake, nitrogen often
presents as nitrates (NO3

−), nitrites (NO2
−), and ammonium (NH4

+). Elevated levels of
nitrogen can lead to algal blooms, which, upon decomposition, can decrease oxygen levels,
causing hypoxic conditions that are harmful to aquatic life. Phosphorus typically enters
the lake from runoff containing fertilizers, detergents, and natural sources, like sediment
erosion. In coastal environments, phosphorus is usually present in the form of phosphates
(PO4

3−) [21,29–31].
The nutrient regimen of Nuntas, i-Tuzla Lake is determined based on the following

indicators: ammonium (NH4
+) [mg/L], nitrate (NO3

−) [mg/L], total nitrogen (N) [mg/L],
phosphate (PO4

3−) [mg/L], and total phosphorous (P) [mg/L] (Figure 7). The nutrient
classification according to OM161/2006 is presented in Table 4.

 
(a) 

 

 
(c) 

 
(d) 

 
(e) 

Figure 7. Evolution in time of nutrients. (a) Ammonium. (b) Nitrate. (c) Total Nitrogen. (d) Phosphate.
(e) Total Phosphorus.
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Table 4. Classification of nutrient indicators.

Classification

Ammonium Nitrate Total Nitrogen * Orthophosphate
Total

Phosphorous

Total
Records

%
Total

Records
%

Total
Records

%
Total

Records
%

Total
Records

%

high

26

31

26

19

22

no

29

41

26

23
good 27 38 73 41 69

moderate 27 23 23 3 8
poor 15 19 no 10 no
bad no no no 3 no

Notes: * Total nitrogen includes all forms of nitrogen (nitrates, nitrites, ammonia, and organically bound nitrogen).

Nuntas, i-Tuzla Lake’s salinity is an important environmental parameter that requires
ongoing observation to ensure the ecological stability of this unique coastal lagoon. The
salinity of Nuntas, i-Tuzla Lake varies depending on several environmental factors, but it is
generally recognized as a saline lagoon. The salinity indicator is based on the concentration
of chlorides (Cl−), sulfates (SO4

2−), calcium (Ca2+), and magnesium (Mg2+). The values
are measured in mg/L [31,32]. The variation of these indicators is presented in Figure 8,
and the classification of the salinity indicator is presented in Table 5.

 
(a) 

 
(b) 

 
(c) (d) 

Figure 8. Variations of salinity indicators. (a) Chloride. (b) Sulfates. (c) Calcium. (d) Magnesium.

The salinity of Nuntas, i-Tuzla Lake has experienced significant changes, particularly
due to human interventions, such as the construction of dikes and channels, which have
altered water flow and exchange with the Black Sea. This has led to periods of both
increased and decreased salinity, impacting the lake’s flora and fauna.

3.4. Water Quality Determination According to the WFD

Nuntas, i-Tuzla Lake, a part of the larger Razim–Sinoe lagoon complex in Romania, has
faced various ecological challenges over the years. The lake is important both ecologically
and economically, but its status has been influenced by a combination of natural and
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anthropogenic factors. The ecological status of Nuntas, i-Tuzla Lake for the entire study
period is presented in Figure 9.

Table 5. Classification function of salinity indicator.

Classification

Chlorides Sulfate Calcium Magnesium

Total
Records

%
Total

Records
%

Total
Records

%
Total

Records
%

high

16

no

12

no

15

93

15

No
good no 33 7 no

moderate no 67 no 67%
poor no no no 33%
bad 100 no no no

Figure 9. Ecological status of Nuntas, i-Tuzla Lake for 1981–2023 period.

Generally, throughout this period, the lake had a biological status of “bad” (42%) This
classification result could be divided into two periods: (i) 1981–2009, when the biological
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status was generally bad (63%), and (ii) 2010–2023, when the biological status was generally
“moderate” (31%). Otherwise, the ecological status percentages are equal: 23% for each
category: “good”—2014–2016, “poor” (2010, 2021–2022), and “bad” (2018–2020). For the
year 2023, the biological status could not be determined, and the ecological status, which is
“poor”, was based on physical–chemical elements.

3.5. Water Quality Index Determination

Based on the equations presented in the Methods section, the variation of the WQI is
presented in Figure 10.

 

Figure 10. Evolution of WQI of Nuntas, i-Tuzla Lake.

Figure 10 shows that only in 1982, the WQI was greater than 100, which means
“bad” conditions. Otherwise, out of 31 WQI values, 39% represent “good” conditions,
35% represent “moderate” conditions, and 23% represent “poor” conditions. It should be
remembered that the series representing the salinity indicators is for the period 1981–2009
(with the gaps already indicated) and the one relating to the biological elements is for the
period 2010–2023.

4. Discussion

The WFD implementation has had a great influence on the water management systems
of EU countries by introducing the concept of watershed management [33]. This was not
the case in Romania, which had this concept introduced in the old Water Law no. 8 of March
1974. To assess the ecological state of water, the WFD introduced an integrative method
in the evaluation of water quality by establishing its quality based on several biological
indicators, at the expense of chemical ones. Appendix V of the WFD outlines a main group
as “quality elements”, the biological one and two supporting ones, hydro-morphological
and physico-chemical. This principle was implemented in Romanian legislation, as it is
explained in the Results section. The use of the principle “one out–all out” leads to a
restrictive ecological status classification system in relation to the definition of environ-
mental objectives. It means that a body of water cannot achieve good ecological status if
any element has a value that deviates from undisturbed conditions. The big advantage is
that if an indicator is missing from a group of indicators, the status could be determined
based on the others. For example, as is shown in Figure 6, the DO data series has 31 values
registered, BOD5 has 29 values registered, and the CCOMn data series presents some gaps
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(no values registered for the 2010–2023 period); in this condition, the oxygen regimen status
is determined based on DO and BOD5 conditions.

In the early years of application of the WFD methodology, a major obstacle was the
fact that no consistent biological datasets were available for lakes, in particular. This
impediment was resolved by the creation of geographical groups whose aim was to
harmonize the methodologies used by the member states. In line with this, Romania
participated in an “intercalibration exercise” with Bulgaria and Hungary and established
a harmonized methodology to evaluate the phytoplankton [34] by the new Decision of
European Commission [3].

Regarding the monitoring systems, through the WFD, the existing gaps in the mon-
itoring systems were addressed by introducing the two types of monitoring programs:
surveillance and operational. Unfortunately, there are no national websites dedicated to
the monitoring system. For example, the Romanian system, SMIAR, is not as transparent
as the National Network for Monitoring Air Quality (RNMCA), which limits the follow-up
by the public of the general water condition. Discussing Nuntas, i-Tuzla Lake’s ecological
condition, based on data provided by RWNA-DLB Constanta, the ecological status for the
entire period is “bad” (Figure 10). This period could be divided into two distinguished peri-
ods: 1981–2009 and 2010–2023. The period of 1981–2009 is based on a large lack of records;
only in 1982 and 2007–2009 are there records regarding the types of phytoplankton that
would lead to the possibility of calculating the metric index. In the rest of the periods, there
are only records with biomass. There are no determinations regarding the other biological
elements (phytobenthos and macroinvertebrates). For 2023, there are no registrations, so
the ecological status is based on physical–chemical elements. In this condition, we consider
that for the 1981–2009 period and the year 2023, the ecological condition is based only
on chemical elements, and for the 2010–2022 period, it is based on biological elements.
The results obtained show that the ecological status is “bad” for the 1981–2009 period,
“moderate” for the period of 2010–2022, and “poor” for 2023. The “bad” ecological status of
the 1981–2009 period is due to the chloride conditions, which were “bad” (Figure 8a). But
in this case, salinity is not a pollutant. The high salinity values are due to natural conditions.
If the ecological conditions determined based on the salinity regime were to be abandoned,
then the ecological condition for the period of 1981–2010 would fall into the poor class.
Even if the 2010–2022 period is declared “moderate”, the oxygen regimen conditions for
the 2011–2017, 2019, and 2021–2023 periods are “poor”. This poor condition is due to the
BOD5 indicator; the values of this indicator are “poor” for the entire period (2004–2022). A
rise in BOD5 indicates a high degree of organic contamination in water bodies. So, could
the ecological status be declared as “poor”? If the answer is “yes”, it means that the lake
was in poor condition for the entire period. The decision according to which the ecological
status assigned to a water body depends on the most seriously affected quality element can
lead to anomalies. In this case, Nuntas, i-Tuzla Lake could not achieve a ”good” ecological
status due to the chloride concentration, which, starting in 2001, has been increasing.

The studied lake presents some particularities: (i) it has a small water depth and was
isolated from the rest of the lacustrine system (Razim–Sinoe) for a long time (1976–2020),
which could lead to degradation of the oxygen regime. (ii) It was strongly affected by
anthropogenic measures (the operation of the irrigation system), which led to the change
in salinity and the disappearance of the sapropelic mud. Related to sapropelic mud,
Bulgareanu showed in 1974 that the bottom deposit in the lake consists of black or black-
gray, unctuous, sapropelic mud about 0.6 m thick [35]. These deposits were mostly located
in the center of the lake, below the loess deposits on the western shore, and less on the
eastern shores. In 1982 (ICPGA, 1982), the research authors stated that Nuntas, i-Tuzla Lake
is the second therapeutic lake in Romania due to its sapropelic mud reserve [14]. Based on
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data recorded in 2002, Dragan-Bularda et al. [36] considered that the sapropelic mud from
Nuntas, i-Tuzla Lake belongs to less active mud, which diminishes its therapeutic qualities.
The anthropic impact together with climate changes (increasing temperatures after 1997
up to 0.8 ◦C [7]) led to the complete drying of the lake in August 2000 [6,8,10]. S, erban
et al. [10] showed that in the summer of 2003, spring of 2007, autumn of 2021, summer of
2012, and 2013, the surface of the lake fell below the recorded values. If measures are taken
to improve the hydrological conditions by periodically unclogging the connection channels
and removing fishing hooks, then the oxygenation regime will be improved significantly.

The decision to classify the ecological conditions of the lakes from an arid zone,
although it can provide general indications, does not give links and explicit explanations
regarding the contribution of each element, and should be made based on an analysis of
the specificity of the lakes.

The water quality index (WQI) could be an alternative if the WFD methodology is
not too restrictive or gives anomalies for specific cases. WQI models use a single value
to provide a better understanding of the surface water bodies’ overall water quality. In
practice, this method involves determining a weight and standardizing the data series of
each indicator using, in this example, the standard value corresponding to the “good” class.
Both chemical and biological indicators are used in this example. According to the WQI
results, the conditions of the lake water are generally ”good” to ”moderate”.

5. Conclusions

Situated in the southern extremity of the Razim–Sinoe complex lake, the Nuntas, i-Tuzla
Lake was well-known in the past (the middle of the XIX century and early XX century) for
the salt and fisheries production (especially mullet). Although connected by a network of
canals (backwater) with the other component lakes of the lagoon complex, Nuntas, i-Tuzla
Lake sometimes remained isolated from the other lakes (in the sense that it no longer
received fresh water). This situation, combined with the climate (extremely dry summers),
led to a high salinity of the lake water (for example, in 1912 the salinity was 18‰), which
favored the crystallization of salt and the migration of fish from the Black Sea. Salinity
also favored the formation of sapropelic mud. As we described in this work, the operation
of the irrigation system led to an ecological imbalance that determined the salinity, mud
production reduction, and the appearance of freshwater fish. To conclude, Nuntas, i-Tuzla
Lake, with its unique hydrochemical and ecological characteristics, plays a vital role in
the local environment and water management. Understanding and managing its water
quality helps to ensure that the lake remains a healthy and sustainable ecosystem. Regular
monitoring, effective management strategies, and public involvement represent the key to
achieving and maintaining good water status for the lake.

Through both the WQI and the WFD methodology, the parameters used are deter-
mined and compared with the standard limits prescribed by national agencies. The first
major conclusion of this study is that salinity is not a pollutant but is a natural characteristic
due to the lake’s position within the lake complex and the region’s climate. We propose that
for similar areas, both in terms of climatic conditions and other natural conditions (location,
etc.), the indicator “salinity” should not be considered when analyzing the ecological status
of the water. The second major conclusion is that the Water Framework Directive’s heavy
focus on ecology rather than chemical water quality leads, in this case, to certain anomalies.
An ecological status was never intended as a substitute for water quality measurement,
nor is it applicable in the same way. Despite certain limitations (e.g., non-consideration of
pollutants), the current study serves as a basis for future research on developing new tools
to investigate the quality of lake water situated in arid zones.
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Abstract: The intensification of extreme hydrologic events, such as flash floods and land-
slides, has amplified the challenges of ensuring timely and effective emergency response.
A key factor in the efficiency of such interventions is the accessibility of affected areas,
which often becomes compromised during hazard events. In this context, the present
study focuses on the Vărbilău River catchment in Romania, a region highly exposed to
frequent flash floods and terrain instability. The research evaluates the spatial accessibility
of emergency intervention units. Four major intervention centers were assessed under
both normal and constrained scenarios. Accessibility was quantified through travel-time
thresholds, incorporating variables such as road quality, network density, topography, and
hazard-induced disruptions. Findings indicate that southern localities enjoy relatively
short intervention times (less than 10 or between 10 and 20 min) due to favorable terrain
and proximity to well-equipped centers. In such cases, the speed on main roads is 50–60
km/h, while the accessibility index is 5. Conversely, northern areas and villages like Lutu
Roşu face elevated isolation risks, as single-road access and weak connectivity heighten
their vulnerability during floods or landslides. In such cases, speeds reduce to 10 km/h
and accessibility is very low, with the accessibility index of 1. Scenario modeling further
demonstrated that the loss of key hubs (e.g., Ploieşti or Văleni) severely undermines cover-
age efficiency, particularly in high-risk zones, where the access times increases over 40 min.
These results emphasize the need for dynamic intervention planning, infrastructure rein-
forcement, and the systematic integration of hazard-prone areas into emergency response
strategies. Moreover, the methodological framework developed here can be adapted to
other regions exposed to hydrologic hazards.

Keywords: accessibility metrics; emergency; GIS; road; network; discontinuity; flood risks;
landslide risks

1. Introduction

Natural hazards significantly affect both the natural and human environment, often
resulting in destructive consequences and substantial material losses. They encompass a
wide range of phenomena, including earthquakes, volcanic eruptions, and gravitational
processes such as landslides, rockfalls, and avalanches, as well as hydrological hazards
like flash floods, river floods, forest fires, desertification, storms, and hurricanes [1–3].
The drivers of extreme events are diverse, ranging from large-scale processes such as the
differential heating of continents and oceans that generate monsoons, to local factors like the
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orographic and altimetric influence of relief forms (e.g., vertical climatic zoning, orographic
barriers). In temperate zones, a sudden rise in spring temperatures can accelerate snowmelt,
triggering floods.

Areas prone to flooding and flash flooding require targeted measures to reduce impacts
when hazards occur. In addition to hydrotechnical constructions designed to mitigate flood
damage, the spatial distribution of emergency units and the structure of the road network
play a crucial role in shaping the effectiveness of response efforts [4,5].

Travel accessibility is heavily conditioned by road quality, network density, and
proximity to emergency centers managed by the Inspectorate for Emergency Situations,
(called ISU units). Disruptions such as inundated roads, damaged bridges, or landslides
introduce discontinuities that hinder rapid intervention. Accessibility in the context of
emergencies has been the subject of several studies. Borowska-Stefańska and Wiśniewski [6]
emphasized that while floods cannot be fully prevented, preparedness through optimal
evacuation planning is essential. Full accessibility simulations are critical to identifying
potential bottlenecks in transport networks prior to an event, thereby facilitating the
development of efficient evacuation strategies. Similarly, Papilloud and Keiler [7] analyzed
evacuation routes in relation to residential distribution, showing that vulnerability can
persist even in well-connected areas.

Other contributions have emphasized access to essential services during hazard con-
ditions. Gangwal et al. [8] investigated the impact of flood-related road disruptions on
hospital access for vulnerable communities, demonstrating that reduced travel speeds and
network failures significantly increase travel times. Their work underscores the need for
targeted investments in critical infrastructure to enhance community resilience. Florath
et al. [9] advanced this approach by developing a multi-scale framework to assess road
accessibility under hazard conditions. Their methodology integrates the identification of
damaged road segments with network analyses using metrics such as inter-center connec-
tivity, central node proximity, free-flow indices, and rerouting efficiency. Results revealed
substantial shifts in accessibility when roads were impaired, confirming the cascading
effects of hazard-induced disruptions.

Recent research has further refined methodological approaches to accessibility anal-
ysis. Loreti et al. [10] introduced accessibility metrics for flood-affected areas that move
beyond percolation models, focusing instead on how local towns maintain (or lose) access
to critical services during extreme events. Morelli and Cunha [11], in turn, developed
resilience metrics to evaluate urban road networks under flood conditions, proposing
network continuity and alternative efficiency as key measures of functional capacity. Both
approaches demonstrate the importance of quantifying accessibility not only spatially but
also dynamically, in relation to hazard-induced disruptions.

Transport accessibility also plays a broader role in urban development. Ford et al. [12]
demonstrated that accessibility is not only central to emergency response but also a driver
of sustainable urban growth. Using a GIS-based methodology applied to London, they
showed how accessibility can be measured across multiple transport modes, with im-
plications for reducing environmental impacts. Similarly, Ertugay and Duzgun [13] em-
phasized the relationship between accessibility, equity, and service distribution, arguing
that accessibility analyses should guide infrastructure planning and national or regional
policy strategies.

In the Romanian context, hazard research has highlighted both the challenges and
opportunities of integrating accessibility analyses into emergency management. Stăncalie
et al. [14] used GIS and Earth observation technologies to support flood management
after the 2000 floods, while other works on various river basins in Romania utilized flood
potential indices and machine learning to improve hazard mapping [15–18]. Chelariu
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et al. [19] proposed GIS-based modeling of shelter placement and pedestrian evacuation
in rural mountain catchments, providing insights highly relevant to communities in steep
Carpathian basins. Puie and Mihai [20] extended this line of research by analyzing the dual
impacts of rockfalls and floods on transport corridors, showing how multi-hazard inter-
actions compromise both road and rail access. Complementary efforts, such as landslide-
hazard mapping project [21,22], also underscore the necessity of integrating slope instability
data into national risk management strategies, especially in the Carpathian region.

River basin-level research on road accessibility is insufficient in Romania. There are
no detailed maps regarding emergency interventions, comparative scenarios of travel at
different speeds, or studies simulating how this distribution was due to the presence of
hydrological hazards.

Flood response operations in Romania are coordinated by the ISU, with intervention
teams stationed at specialized points distributed according to population density. Response
times, however, are highly dependent on road slope, quality, and density, as well as the
number and spatial distribution of ISU centers. Although a greater number of centers
generally improve coverage, multiple obstacles persist. Flooding, debris, or landslides
may render key roads impassable, while bridges can be destroyed by strong currents,
completely isolating localities when they represent the sole access route. Road foundation
undermining further exacerbates risks, leading to collapses. These interruptions delay
intervention, often compounding damage. Moreover, effective planning is hampered by
outdated road maps, insufficiently detailed hazard data, and incomplete knowledge of
flood frequencies or landslide susceptibilities.

Against this backdrop, the present study aims to address the accessibility of emer-
gency intervention teams in the Vărbilău Catchment, Romania, under flood and landslide
scenarios. This region has experienced multiple events requiring urgent evacuation and
emergency support, yet no dedicated accessibility analysis has been carried out. Our ap-
proach builds on GIS-based methods to evaluate road accessibility, update road maps with
field-verified information, and model intervention scenarios. The findings are designed to
inform decision-makers responsible for transport planning and hazard response, offering
insights for strengthening resilience through improved accessibility modeling.

2. Study Area and Methodology

2.1. Study Area

The Vărbilău catchment is located near the 45◦ north parallel, approximately 100 km
north of Bucharest, in Prahova County, Romania (Figure 1). The area’s relief, vegetation, and
river network strongly influence the layout of roads and human settlements. Population
density is highest in the central and southern valleys, while mountainous areas are sparsely
inhabited, with densities approaching 0 inhabitants per km2 [23]. The total population
of the study area is approximately 30,000 [24]. Most towns are situated close to rivers,
making them particularly susceptible to flooding. Localities such as Vărbilău, Dumbrăves, ti,
and Alunis, (Figure 2) exhibit higher road densities, while Slănic—the only town in the
catchment—has a very high road density [24]. Bertea and S, tefes, ti show average road
density, whereas Lutu Ros, u, in the northern part of the catchment, has relatively low
road density. The primary road in the catchment is County Road DJ 102, which connects
Slănic with Dumbrăves, ti in the south and provides the main route to Ploies, ti, the nearest
major city.
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Figure 1. Location of the Vărbilău catchment (a) in Prahova County, Romania, and (b) detailed view.

 

Figure 2. Road network and settlements in the Vărbilău Catchment.

Other significant roads include DJ 101T, linking Bertea and Vărbilău; DJ 216A, connect-
ing S, tefes, ti to DJ 101T; and DJ 214, which provides access between Alunis, and the western
part of the catchment. Overall, the road network allows easier travel from north to south
in the eastern and southern areas, while in the central and western regions, movement is
more accessible along a northwest–southeast direction.

Figure 3a shows the layout of Vărbilău commune, situated at the confluence of two
rivers—a position that increases its exposure to flood risk. Given this vulnerability, assess-
ing the locality’s accessibility is essential for effective emergency response and evacuation
planning. Preliminary observations suggest that although the commune is intersected by
key roads, including DJ 101T, some peripheral areas may be underserved. During floods,
low-lying roads near the rivers are particularly susceptible to water coverage or structural
damage, potentially causing delays in intervention. Understanding the road configuration
and identifying critical points within the network is vital for improving the resilience of
this locality.

88



Water 2025, 17, 2803

 
(a) (b) (c) 

Figure 3. (a) The Vărbilău commune, (b) Dumbrăves, ti, and (c) Aluniş village.

Figure 3b illustrates the Dumbrăveşti commune, where the nearby rail embankment
can influence flooding [25] and impact accessibility—a topic that will be discussed further
in the Section 3. Figure 3c presents Alunis, village, highlighting the Strâmba neighborhood
north of the Civic Center. This area is especially vulnerable to flooding, making adequate
coverage by emergency response units critical.

Emergency intervention in the region is provided by several ISU centers located in
Ploieşti (which hosts two ISU units), Câmpina, and Vălenii de Munte (Figure 4).

 

Figure 4. Location of ISU centers and access points in the Vărbilău Catchment.

Within the hydrographic basin, the only intervention center is a small unit based
in Slănic. In addition to the road network, the area is also served by a railway line
connecting Ploieşti to Slănic, which may provide alternative logistical options in the event
of road disruptions.
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The Vărbilău Catchment has experienced several exceptional events in recent years,
underlining the importance of analyzing road accessibility in the context of recurrent
natural hazards, as follows:

• June 2021—Aluniş village: Heavy flooding occurred after a tributary of the Aluniş
River overflowed its banks, inundating nearby households. Following its confluence
with the Aluniş, additional households and the main road were flooded. The localities
of Vărbilău and Ştefes, ti were also affected.

• June 2019—Slănic Prahova town: Torrential rains triggered flash floods that damaged
roads and households.

• July 2018—Vărbilău commune: Rapid floods originating from surrounding hills cov-
ered roads, independent of flows from the Slănic or Vărbilău rivers.

• Landslide at Lutu Roşu (monitored since 1978): The county road DJ 101T, which con-
nects Lutu Roşu with Bertea, has repeatedly been blocked by active sliding. Restoration
works are ongoing.

• April 2024—Slănic town center: Land subsidence affected an area of several dozen
square meters, with a breach depth of around 2 m. Dozens of residents were evacuated.

These events highlight the hydrological vulnerability of the basin and demonstrate
the critical importance of ensuring reliable road accessibility for both local communities
and emergency response.

The following subchapters will present a detailed analysis of how these emergency
centers serve the Vărbilău Catchment. Specific intervention scenarios will be examined,
with a focus on two localities (Lutu Roşu and Dumbrăveşti-Sf“arleanca) where landslides
and flooding frequently disrupt road access, posing significant challenges to timely emer-
gency response.

2.2. Methodology

Identifying accessibility within a region is a fundamental step in emergency planning.
It supports the design of travel routes from intervention centers to affected zones and facili-
tates the evacuation of populations to designated shelter areas. Moreover, understanding
accessibility is essential for evaluating the capacity and effectiveness of emergency response
authorities [26]. The findings of this study, which present the results of an accessibility
analysis within the Vărbilău Catchment, provide a significant contribution to broader
research aimed at defining optimal intervention strategies under various hazard scenarios.

To achieve this objective, both field observations and GIS-based analysis were em-
ployed. Fieldwork focused on identifying road types, the location of ISU centers, and
access routes used by emergency services operating from outside the Vărbilău Catchment.
GIS analysis, performed using ArcMap 10.2.2, facilitated the creation of maps that present
current accessibility conditions within the catchment. In addition to general accessibility
for emergency units, several potential intervention scenarios are examined.

Field surveys covered primary, secondary, and forest roads to approximate travel
speeds between intersections. These speeds were then integrated with a GIS-based road
database. Supplementary information was also collected, including road classification
(county, communal, forest), road surface quality, network density, access points into the
catchment, and distances from intervention centers to the areas they serve during emergencies.

Table 1 summarizes the categories, types, formats, and sources of the data used. The
road network data are stored in shapefile (shp) format, specifically as polyline vector data
compatible with GIS software.
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Table 1. Data sources and format (the links were accessed last time on 15 May 2025).

Category Data Source Data Type Format

Roads
Geofabrik.de

(https://download.geofabrik.de/europe/romania.html)
(accessed on 15 September 2025)

polyline shp

Rivers
Geofabrik.de

(https://download.geofabrik.de/europe/romania.html)
(accessed on 15 September 2025)

Polyline shp

River catchment
Romanian Water Cadaster

(https://data.gov.ro/dataset/hidrografie) (accessed on 15 September
2025)

polygon shp

DEM Romania SRTM Elevation Data (https://portal.opentopography.org/raster?
opentopoID=OTSRTM.082015.4326.1) (accessed on 15 September 2025) pixels tiff

Buildings
Microsoft Worldwide Building Footprints

(https://planetarycomputer.microsoft.com/dataset/ms-buildings)
(accessed on 15 September 2025)

polygon shp

This geospatial database enables the evaluation of accessibility across the road network
in the Vărbilău Catchment and the quantification of road segments affected by flooding.
Building data were stored in polygon shapefile format and were used to quantify the
number of flooded structures within the study area. Elevation information was provided
by a Digital Elevation Model (DEM) in raster format, with a spatial resolution of 30 × 30 m.
For the development of accessibility maps, shapefiles (shp) were required, including with
point-type data representing the locations of intervention facilities. Using this dataset,
a comprehensive road accessibility map was created. All maps were generated by the
authors using ArcMap environment, with corrections applied to improve the accuracy
and usability of the road network. To ensure the functional road network model, several
adjustments were necessary:

• Assignment of travel speeds: Each road segment was attributed a realistic travel speed
(according to the legislation and the road situation).

• Verification of intersections: Road connections were carefully checked to confirm
that segments converged at a single junction point. Segments that extended beyond
intersections without a common node were not recognized in the GIS network, which
would otherwise prevent accurate accessibility calculations.

Figure 5a illustrates a road segment with an incorrect network topology. Each line
representing a road must terminate at a junction point to ensure proper connectivity,
meaning each road should exist as a segment between two junctions. At a cross-shaped
(“x”) intersection, for example, all road segments must meet at a single point.

Errors of this type were identified using the Topology extension in ArcToolbox (Data
Management Tools) and were manually corrected with the Split Tool in the GIS Editor.
Hundreds of such corrections were made. Figure 5b shows a properly structured road
segment. The Vărbilău watershed polygon was defined using the Merge function from the
Geoprocessing toolbox, which combined the Slănic and Bertea subbasins with Vărbilău
into a single, unified basin. The corrected road network was then integrated into this
watershed polygon, with each segment characterized by multiple attributes relevant to
the accessibility model. Hydrological and elevation data were incorporated using the Clip
function, which extracted the river network and DEM layers for the study area.
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(a) (b) 

Figure 5. (a) A road section with an error and (b) a road segment without errors.

The length of each road segment was automatically calculated based on distances
between intersections or from road edges to the nearest junction. Travel time was estimated
by adding a new “minutes” field to the road attribute table and computing values with the
Field Calculator. A new network dataset was then created in the GIS Catalog, using the
minutes field as a cost attribute for network analysis [27].

The Service Area feature of ArcGIS Network Analyst was employed to calculate the
regions accessible within specified time intervals from each emergency facility. Four facili-
ties were defined: Câmpina, Vălenii de Munte, and Ploieşti (serving as entry points into
the Vărbilău Catchment), and Slănic (the only ISU center located within the catchment).
Default time thresholds [28] were set at <10 min, 10–20 min, 20–30 min, 30–40 min, and
>40 min. These intervals represent estimated driving times from each facility into surround-
ing areas. Based on these parameters, service area maps were generated, allowing for the
identification of potential coverage gaps and regions at risk of delayed intervention.

2.3. Data Collection and Analysis

To quantify accessibility, a scoring system was applied to travel times: a score of 5 was
assigned to areas reachable in less than 10 min, 4 to areas within 10–20 min, 3 to 20–30 min,
2 to 30–40 min, and 1 to areas requiring more than 40 min [29]. Raster layers were generated
in GIS for each of the four ISU emergency units, resulting in individual accessibility maps.
A composite accessibility map for the entire Vărbilău Catchment was then created using
the Raster Calculator tool. This map was obtained by summing the raster layers of the four
ISU centers, thereby integrating their respective service areas into a single representation of
emergency accessibility. The composite map reflects the combined influence of the road
network and the spatial distribution of intervention facilities, offering a comprehensive
overview of accessibility conditions across the catchment [30].

To refine this model, a weighting system was incorporated into the raster-based
analysis by applying multipliers that accounted for the relative importance and operational
capacity of each intervention center [31], i.e.,

R = MapS + MapC + 2 × MapV + 4 × MapP (1)

where

• R = the sum of rasters of the time travel maps for each emergency point, taking into
account the road network (general accessibility map);

• MapS = the raster for Slănic ISU point;
• MapC = the raster for Câmpina ISU point;
• MapV = the raster for Vălenii de Munte ISU point;
• MapP = the raster for Ploieşti ISU point.
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No multiplier was applied to the Slănic center, as it is a minor facility located within
the Vărbilău Catchment. Similarly, the Câmpina center, although a major facility, was not
weighted because of its distance from the catchment (approximately 20 km) and its limited
accessibility via a winding, hilly route. In contrast, the Vălenii de Munte center, located
only 5 km from the catchment boundary and benefiting from easier access, was assigned a
multiplier of 2. The Ploieşti center, situated about 12 km away and hosting two major ISU
detachments, was given the highest weight, with a multiplier of 4 [32]. These multipliers
were integrated in the raster calculation, allowing the composite accessibility model to
more accurately represent the relative influence and capacity of each intervention.

The general accessibility map was generated using a raster calculation formula, re-
sulting in values ranging from 8 (indicating low accessibility) to 28 (indicating high ac-
cessibility). To classify these values, five intervals were established using the Natural
Breaks classification method within the GIS environment. This method identifies natural
groupings in the data distribution to define class boundaries. The resulting intervals were
then imported into the KNIME tool, where they were reclassified into five accessibility
categories using the Rule Engine node. This node functions similarly to a formula in Excel,
allowing conditional logic to reassign values. The reclassified output is presented in Table 2.
Reclassification was essential to improve the interpretability of accessibility data.

Table 2. General accessibility value reclassification.

Intervals Reclassification

8–9 1
9–11 2
11–16 3
16–22 4
22–28 5

The classification scheme is as follows:

• Value 1 (8–9): Least served areas;
• Value 2 (9–11): Poorly served areas;
• Value 3 (11–16): Moderately served areas;
• Value 4 (16–22): Well-served areas;
• Value 5 (22–28): Best served areas.

This step simplifies the visualization and interpretation of accessibility levels across
the Vărbilău Catchment, enabling decision-makers to more easily identify areas where
improvements to the emergency response infrastructure may be required.

The following section presents the methodology for analyzing two scenarios related
to emergency road accessibility. These scenarios simulate potential constraints in the
availability of intervention centers, providing insight into how emergency coverage may
shift under limited-resource conditions.

• Scenario 1 assumes the unavailability of the Ploieşti intervention center. This situation
could arise if teams from Ploieşti are deployed to other emergencies outside the
catchment, forcing reliance on the remaining centers.

• Scenario 2 considers a more severe case in which both the Ploieşti and Vălenii de Munte
teams are unavailable. This reflects a situation where simultaneous emergencies in
neighboring areas require units from other locations—such as Câmpina or Slănic—to
assume full responsibility for the Vărbilău Catchment.
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For Scenario 1, the general accessibility formula was adjusted to exclude the Ploieşti
multiplier and raster layer. The formula applied was as follows:

R = MapS + MapC + 2 × MapV (2)

where

• R = composite raster of travel-time maps for available intervention centers (general
accessibility map);

• MapS = the raster for Slănic ISU point;
• MapC = the raster for Câmpina ISU point;
• MapV = the raster for Vălenii de Munte ISU point.

In this case, the Vălenii de Munte ISU center was assigned a weight of 2 to reflect its
greater relative importance compared to the Slănic and Câmpina centers, owing to its prox-
imity to the Vărbilău Catchment and its strategic role in emergency response. Individual
accessibility maps were first generated for each of the three centers, then reclassified into
the five-class scale. These reclassified rasters were then subsequently merged to produce a
composite accessibility map representing the intervention capacity in the absence of the
Ploieşti unit.

For Scenario 2, the general accessibility formula was further reduced to exclude both
the Ploieşti and Vălenii de Munte centers. The formula applied was as follows:

R = MapS + MapC, (3)

where

• R = composite raster of travel-time maps for the available intervention centers (general
accessibility map);

• MapS = the raster for Slănic point;
• MapC = the raster for Câmpina point.

In this scenario, only the Slănic and Câmpina centers were considered, reflecting
a severe limitation of emergency resources within the catchment. To refine the results,
obstacles were introduced in GIS to simulate conditions such as blocked roads, thereby
generating updated accessibility maps. Subsequently, hydraulic modeling was performed
in Hydrologic Engineering Center River Analysis System (HEC-RAS) to delineate flooded
surfaces. These outputs were exported into GIS and overlaid with the accessibility layers,
enabling the assessment of how flooding further constrains emergency response capacity
under this worst-case scenario.

3. Results

3.1. Accessibility from the Slănic ISU Center

The Slănic ISU center is strategically located within the Vărbilău Catchment, making
it highly effective in serving Slănic town and its immediate surroundings, typically within
10 min. This efficiency is supported by the area’s favorable topography, high road density,
and modernized infrastructure. The extensive and well-maintained network ensures broad
coverage across the locality. However, accessibility declines with increasing distance from
the center. The least served zones are in the southern, western, and northern parts of
the catchment.

Travel times to nearby localities such as Bertea and Ştefeşti are 10–20 min. Although
Ştefeşti is geographically close, its hilltop location forces emergency teams to either use a
narrow-elevated road or a longer detour; both routes result in similar travel times. More
distant localities, including Vărbilău, Scurteşti (north of Ştefeşti), and Aluniş, require
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20–30 min. A major concern in the area is the vulnerability of the main road between Slănic
and Vărbilău to flooding. Peripheral areas face additional challenges. In western Aluniş,
Lutu Roşu, and southern Vărbilău, unpaved or degraded roads increase travel times to
30–40 min. The most remote areas, such as Dumbrăveşti and Sfârleanca, require over
40 min to reach.

The maps of travel time from Slănic and Câmpina ISU are presented in Figure 6.
Despite these limitations, the Slănic center holds strategic value. Centrally located near key
assets such as the salt mine and the train station, it enables rapid intervention in the basin’s
most populated areas.

Figure 6. Time travel maps: (a) accessibility from Slănic; (b) accessibility from Câmpina.

However, its equipment and resources are limited, and large-scale emergencies—
particularly flooding—are likely to require intervention from the better-equipped Vălenii
de Munte team.

3.2. Accessibility from the Câmpina ISU Center

The Câmpina ISU center lies west of the Vărbilău Catchment and serves as a primary
entry point for emergency units. Access is via the Aluniş–Câmpina road, a winding and
narrow route that requires 40–50 min to reach the catchment entrance. Once inside the
catchment, the best-served locality is western Aluniş (~10 min from the entrance). Given
similar response times from Câmpina and Vălenii de Munte (approximately 60 min total),
the Câmpina unit is likely to respond here if the Vălenii team is unavailable. Second-tier
accessibility zones (10–20 min) include eastern Aluniş, the flood-prone Strâmba neighbor-
hood, and Ostrovu village [3].

Other areas are less accessible. Lutu Roşu, prone to landslides, requires 20–30 min
under favorable weather, but poor conditions can significantly delay response. Livadea,
between Aluniş and Vărbilău, lies within the 30–40 min range. The least served areas from
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Câmpina include Slănic, Vărbilău, and Dumbrăveşti, due to their distance from the western
entry point. Bertea is particularly disadvantaged, requiring 30–40 min of travel inside the
catchment in addition to the 40–50 min needed to reach the entrance. Accessibility here is
further reduced by a sparse, lower-quality road network and terrain constraints.

Despite its robust equipment and operational capabilities, the Câmpina center’s major
limitation is its location outside the catchment and the time-consuming route required to
access it. As outlined in the Section 2.2, the Slănic and Câmpina centers were not assigned
multipliers in the emergency accessibility maps, reflecting their secondary role compared
to the more influential Ploieşti and Vălenii de Munte facilities.

3.3. Accessibility from the Vălenii de Munte ISU Center

The Vălenii de Munte ISU center, located at the southeastern entrance of the catchment,
provides relatively rapid intervention to the nearby localities. The best-served area is
Coţofeneşti village (southern Vărbilău), located only about 5 km from the entrance. The
southeastern locality of Poiana Vărbilău can also be reached in under 10 min, making it
the most accessible settlement from this unit. The southern section of Vărbilău village lies
within the 10–20 min zone, while central Vărbilău falls into the 20–30 min range. Northern
Vărbilău and Dumbrăveşti, despite their denser road networks, require 30–40 min. Overall,
a significant portion of the central and northern catchment remains underserved by Vălenii
de Munte due to distance and network limitations. Travel times exceed 40 min for more
distant areas such as Slănic, Bertea, and Ştefeşti—exceeding 50 min when accounting for
the 10 min approach from Vălenii to the catchment entrance.

The elongated north–south alignment of the southern catchment, combined with a
single access road and hilly terrain, further constrains emergency coverage. Nevertheless,
Vălenii de Munte remains closer than Câmpina, providing a partial advantage despite
these challenges.

Figure 7 presents the time travel maps from Vălenii de Munte and Ploieşti.

Figure 7. Time travel maps: (a) accessibility from Vălenii de Munte; (b) accessibility from Ploieşti.
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3.4. Accessibility from the Ploies, ti ISU Center

The Ploieşti ISU facility, located just south of Dumbrăveşti, serves the southern part of
the catchment efficiently. Benefiting from a dense, modern road network and flat terrain,
it ensures travel times of less than 10 min to Dumbrăveşti and Sfârleanca. Settlements
immediately north of Dumbrăveşti fall within the 10–20 min zone, while Poiana Vărbilău
lies within 20–30 min. However, travel times to central and northern settlements, including
Vărbilău village and Slănic, exceed 40 min, owing to longer distances and topographic
barriers. The approach from Ploieşti to the catchment entrance itself takes ~25 min.

Ploieşti hosts two fully equipped ISU emergency centers, reflecting its status as a
major urban center. Given its resources and relative proximity, Ploieşti is expected to play a
primary role (together with Vălenii de Munte) in managing hazard events in the catchment.
In contrast, Slănic and Câmpina are more likely to play only secondary or localized roles.

According to the emergency accessibility methodology, Ploieşti was assigned a mul-
tiplier of 4, reflecting its dual facilities, superior equipment, and relatively short distance
to the catchment. Vălenii de Munte received a multiplier of 2, acknowledging its good
equipment and closer location, albeit with only one center.

Based on Figures 6 and 7, the southern Vărbilău village, Dumbrăveşti, Slănic, and
western Aluniş represent areas that are reachable within 10 min from the nearest interven-
tion center. Figure 8 presents the accessibility index map, created using GIS raster analysis
tools such as the Raster Calculator and reclassification methods, which synthesize the time
travel results into a comprehensive spatial index.

 

Figure 8. Emergency accessibility map of the Vărbilău Catchment. Marks are given from 1 (lowest
accessibility) to 5 (highest accessibility).

The highest accessibility zones (assigned scores of 4 and 5) are concentrated in the
southern part of the Vărbilău catchment, particularly around Dumbrăveşti. This area
benefits from a dense and high-quality road network, short travel distances, and proximity
to well-equipped ISU centers in Ploieşti and Vălenii de Munte, which hold greater opera-
tional significance compared to the smaller facilities at Slănic and Câmpina. Moderately
accessible areas (scoring 3) are distributed across the northeastern, central, and parts of
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the western regions of the catchment. These intermediate scores are influenced by longer
travel distances from Câmpina, the lower strategic importance of the Slănic team, and
reduced road density in key localities such as Vărbilău and Aluniş. The least served areas
(score 2) include Ştefeşti, Bertea, and parts of the Vărbilău commune, where hilly terrain,
lower road density and quality, and greater distance from emergency facilities pose signifi-
cant challenges for timely intervention. Finally, the least accessible or inaccessible zones
(scoring 1) are found primarily in the northern part of the catchment, where mountainous
terrain dominates, as well as in the eastern and western outskirts of the Vărbilău commune,
which are also located in rugged, hilly landscapes. These areas present the highest risk for
delayed or obstructed emergency response.

The accessibility in the Vărbilău Catchment is summarized in Table 3.

Table 3. Accessibility in the Vărbilău Catchment from different points.

Village/Area
Accessibility

Score
Travel Time

(min)
Nearest/Primary ISU

Center
Notes

Dumbrăves, ti 5 <10 Ploies, ti
High-quality roads, flat terrain,
dense network

Sfârleanca 5 <10 Ploies, ti High accessibility

Southern Vărbilău 5 <10 Ploies, ti
Vălenii de Munte Well-served, dense road network

Western Alunis, 5 <10 Câmpina Best served from western entry
Cot,ofănes, ti 4–5 <10 Vălenii de Munte Close to SE catchment entrance

Poiana Vărbilău 4–5 <10 Vălenii de Munte High accessibility in SE
catchment

Central Vărbilău 3 20–30 Vălenii de Munte Moderate accessibility, low road
density

Eastern Alunis,
Strâmba, Ostrovu 3–4 10–20 Câmpina Flood-prone areas, moderate

roads

Bertea 2 20–40 Slănic
Vălenii de Munte Hilly terrain, low road density

S, tefes, ti 2 20–40 Slănic
Vălenii de Munte

Located over hill, limited road
access

Lutu Ros, u 2 20–30
(good weather) Câmpina Landslide-prone, access sensitive

to weather

Slănic town 3 10–20 Slănic Proximity compensates or lower
equipment capacity

Northern Vărbilău
outskirts 1 40+ Vălenii de Munte Mountainous, highest risk for

delayed response
Eastern/western
outskirts of Vărbilău 1 40+ Slănic

Vălenii de Munte Rugged, hilly landscape

Livadea 3 30–40 Câmpina Between Alunis, and Vărbilău

Alunis, (eastern) 3–4 10–20 Câmpina Moderate accessibility, western
part better served

3.5. Accessibility in Scenario 1

In Scenario 1, where the ISU Ploies, ti center is unavailable, the best-served areas (scor-
ing 4 and 5) are concentrated in the central–southern part of the catchment, especially
within Vărbilău commune (including villages such as Coţofeneşti and Poiana Vărbilău).
Their good accessibility is largely due to their proximity to the Vălenii de Munte center,
which proves more strategically important than the Slănic and Câmpina facilities. Never-
theless, these high-accessibility areas remain limited in extent, constrained by sparse road
networks, inconsistent road quality, and restricted access from the remaining operational
ISU centers.
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By contrast, the least served zones are located mainly in the northern and central
sectors, such as Bertea, Ştefeşti, and Lutu Roşu. These areas are defined by poor road in-
frastructure and geographical isolation in hilly or forested terrain, resulting in intervention
times exceeding 40 min and accessibility scores of only 1 or 2. In such cases, emergency
response would most likely depend on the Slănic and Câmpina intervention teams. The
Slănic area itself scores moderately (3) but, due to its relative proximity to several vulnera-
ble locations, remains the most probable intervention point in this scenario. This outcome
underscores that local proximity can offset lower institutional capacity, emphasizing the
importance of accessibility in effective emergency planning.

Overall, Scenario 1 results in a reduced yet still functional emergency service coverage
compared to the baseline scenario that includes Ploies, ti. In this context, the Vălenii de
Munte ISU team is the most likely to be mobilized, owing to its proximity to the Vărbilău
basin and its stronger equipment and operational capacity relative to the Slănic center.

Accessibility scores have been reclassified on a 1–5 scale, and the accessibility map
corresponding to Scenario is presented in Figure 9a.

Figure 9. (a) Accessibility when ISU Ploieşti unit is unavailable; (b) accessibility when both ISU units
from Ploieşti and Văleni are unavailable. Marks are given from 1 (lowest accessibility) to 5 (highest
accessibility).

3.6. Accessibility in Scenario 2

Scenario 2 is illustrated in Figure 9b, which shows the reclassified accessibility map
when only the Slănic and Câmpina ISU centers are operational. The best-served areas
(scores 4 and 5) include Aluniş, Ostrovu, and Slănic, benefiting from their proximity to
the Slănic center and the Câmpina entrance point. However, this does not imply superior
service compared to Scenario 1, when the Ploieşti and Vălenii de Munte centers were
still active. In this scenario, the southern part of the catchment becomes the least served
(scores 1 and 2), since two critical centers—Ploieşti and Vălenii de Munte, both essential
due to their equipment and closeness to densely populated zones—are excluded. For
instance, Dumbrăveşti and Vărbilău village, with higher population densities, experience
a substantial decline in accessibility. Vărbilău, in particular, scores only 1–2, correspond-
ing to intervention times exceeding 40 min from Slănic [33]. By contrast, Aluniş can be
reached within 10–20 min from the Câmpina entrance, while Slănic and its surroundings
are accessible in under 10 min. Within this limited context, the Slănic ISU emerges as
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the most likely facility to be mobilized, mainly due to geographic proximity, despite its
restricted resources.

This scenario highlights the importance of maintaining multiple, well-equipped emer-
gency facilities. Reclassifying travel times into accessibility scores (1–5) proves crucial for
visualizing relative service levels, enabling planners to quickly identify underserved areas.
It also reinforces the critical role of facility location, road network quality, and response
time in emergency planning. In general, a greater number of operational centers translates
into faster response times and improved redundancy.

4. Discussion

Following the above analyses, flood extent and impact are examined for selected areas
of the Vărbilău Catchment to demonstrate the importance of maintaining good accessibility
and understanding the time required for emergency interventions.

4.1. Critical Accessibility Cases—Lutu Ros, u and Sfârleanca

Two examples further illustrate the compounding effects of hydrologic hazards on
accessibility within the Vărbilău catchment: Lutu Ros, u and Sfârleanca. In Lutu Ros, u, a
landslide destroyed the only access road (DJ 101T), completely isolating the village. As
shown in Figure 10a, no alternative route connects its approximately 200 households with
the neighbor village, Bertea, making emergency access impossible for ISU vehicles during
such events.

 

Figure 10. Discontinuities in the ISU accessibility caused by (a) landslide at Lutu Roşu and (b) flood
at Dumbrăveşti.

Field observations confirmed that during heavy rainfall, even when the access road
to Lutu Ros, u remains technically passable, it often becomes muddy and unsafe, forcing
authorities to close it temporarily. Although a modernized road now connects the village
externally, the internal road network remains gravel-paved, offering poor accessibility
under adverse weather conditions. This chronic isolation, compounded by weak infrastruc-
ture and limited economic opportunities, has contributed to gradual depopulation, with
many residents relocating to urban areas.

100



Water 2025, 17, 2803

In Sfârleanca, a different hazard—flooding—periodically cuts off road access between
Dumbrăveşti and the village, particularly near a railway embankment (Figure 10b). Under
normal conditions, ISU crews from Ploieşti can reach Dumbrăveşti in less than 10 min
and Sfârleanca within 10–20 min. However, when floodwater submerges the road, crews
are forced to reroute northward, extending travel times to approximately 40 min. Flood
modeling [25] confirms that water accumulation near the railway embankment expands
the floodplain, severely disrupting accessibility.

4.2. Flooding in Vărbilău

Another event that is briefly presented to support is the flooding that took place on
July 2018 in the Vărbilău village (served either by Slănic ISU Center of Vălenii de Munte),
when the recorded discharges were 98.6 m3/s for the Slănic River and 199 m3/s for the
Vărbilău River before their confluence. Out of 28,398 m of roads, 2029 m (7.14%) were
flooded, while 139 buildings (4.69%) out of 2963 were affected. The total flooded area was
0.75 km2, with greater expansion downstream of the confluence. Simulations of this event
and two other scenarios are presented in detail in [34], indicating the following:

• For a reduced flow (50 m3/s for the Slănic River and 100 m3/s for the Vărbilău River),
the flood extent decreased slightly, affecting 5.61% of roads and 3.75% of buildings,
with a total area of 0.62 km2.

• For an increased flow (150 m3/s for the Slănic River and 300 m3/s for the Vărbilău
River): Flooding impacted 2274 m of roads and 151 buildings, covering 0.81 km2.

4.3. Flooding in Aluniş (June 2021)

In June 2018 and June 2021, flash-flood events happened at the confluence between
the Strâmba and Alunis, Rivers, affecting the Alunis, village. Simulation conducted for
the last event, conducted for steady flow conditions, with the measured discharges of
50 m3/s for Strâmba, 100 m3/s for Aluniş before the confluence, and 150 m3/s after the
confluence, indicated that flooding affected a significant number of buildings due to the
villages’ location along narrow valleys. The confluence area, relatively flat and exposed
to flows from both north and west, shows the largest flood extent. In Strâmba, flooding
exhibited flash-flood characteristics due to the steep slopes, isolating several houses as road
sections became submerged. The Civic Center was the most affected, e.g., [3]:

• The school (830 m2), town hall (248 m2), and cultural hall (526 m2) completely flooded.
• The church partially flooded, with ~220 m3 of water entering the building.
• A total of 285 houses and annexes were inundated, with a combined flooded perimeter

of nearly 20,000 m.
• Flooded road length reached 3.5 km, leaving many houses completely isolated.

4.4. Comparison of Scenarios 1 and 2 and Linkage to Resilience Literature

The outcomes of Scenarios 1 and 2 (synthesized in Table 4) can be seen within broader
resilience theory, particularly through the framework of the 4Rs—robustness, redundancy,
resourcefulness, and rapidity—proposed by Bruneau et al. [35].

Robustness refers to the inherent strength of a system to withstand disruption without
significant loss of function. In Scenario 1, the continued operation of the Vălenii de Munte
center demonstrates robustness, as its higher equipment levels and strategic positioning
buffer against the loss of Ploies, ti. Conversely, Scenario 2 reveals a fragile system, where re-
liance on only Slănic and Câmpina leads to substantial accessibility gaps in high-population
areas such as Vărbilău and Dumbrăveşti.
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Table 4. Comparison of Scenarios 1 and 2.

Aspect Scenario 1 Scenario 2

Main
intervention hub

Vălenii de Munte—most likely
mobilized, better equipment &
capacity. Typical times: 10–20 min for
nearby Vărbilău basin; <10 min for the
closest villages.

Slănic becomes primary by proximity.
Typical times: <10 min in Slănic town;
20–30 min for peripheral
Slănic-area sites.

Best-served
areas

Vărbilău commune (Coţofeneşti,
Poiana Vărbilău)—concentrated
central-south. Typical times:
<10–20 min.

Aluniş, Ostrovu, Slănic—close to
Slănic and Câmpina. Typical times:
<10 min—Slănic, 10–20 min—Aluniş.

Least-served
areas

Bertea, Ştefeşti, Lutu
Roşu—northern/central sectors; poor
roads, hilly/forested. Typical times:
>40 min or 30–40 min.

Southern catchment (Dumbrăveşti,
Vărbilău village). Typical times:
>40 min (Vărbilău often >40).

Slănic area
performance

Moderate. Being relatively near several
vulnerable spots, it remains a likely
intervention point for some incidents.
Typical times: 20–30 min for many
surrounding locations.

Strong locally (score 4–5 in town) but
cannot fully compensate for lost
centers. Typical times: <10–20 min
depending on exact spot.

Accessibility for high-population
zones

Relatively preserved in the Vărbilău
basin (thanks to Vălenii de Munte),
<10–20 min for many populated
villages.

Declines sharply. Example: Vărbilău
scores 1–2 → >40 min from Slănic;
Dumbrăveşti similarly affected.

Overall service level/coverage

Reduced but functional. Pockets of
high accessibility remain
(central-south). Many peripheral/hilly
areas still exceed 40 min.

Much weaker than Scenario 1. Major
underserved zones in the south; higher
population areas suffer long delays
(>40 min).

Key limiting
factors

Sparse road network, inconsistent road
quality, limited access from remaining
centers → drives some locations into
30–40 min ranges.

Loss of two strategic centers increases
travel distances and forces reliance on
Slănic/Câmpina → many places move
into the >40 min band.

Redundancy—the presence of substitutable components that provide backup during
failure—is central to both scenarios. Scenario 1 illustrates how redundancy through Vălenii
de Munte compensates for the absence of Ploies, ti, ensuring that emergency response
remains viable across much of the catchment. In Scenario 2, the erosion of redundancy (loss
of both Ploies, ti and Vălenii de Munte) leaves the system highly vulnerable, with response
times exceeding 40 min in several zones.

Resourcefulness denotes the capacity to mobilize assets and reconfigure operations
under constrained conditions.

In both scenarios, the relative importance of smaller units (Slănic, Câmpina) increases,
showing how geographic proximity can partly offset lower institutional strength. This
adaptive use of available centers exemplifies resourcefulness but also underscores its
limitations when facilities lack sufficient capacity.

Rapidity concerns the speed with which service is restored, or response is delivered.
The accessibility scoring demonstrates that rapidity is spatially uneven: while Slănic
ensures responses under 10 min locally, other areas such as Bertea or Dumbrăveşti fall well
outside acceptable thresholds (>40 min), highlighting inequities in resilience across the
network. These findings align with the broader literature on resilience, which stresses that
both network redundancy and robustness are critical in mitigating hazard impacts [36,37].
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Redundancy ensures flexibility and fallback options when nodes fail, while robustness
determines whether remaining components can sustain acceptable performance levels. The
case study illustrates how strategic facility location, road connectivity, and institutional
capacity interact to determine resilience outcomes. As Holling [38] emphasized, resilient
systems are those that can absorb shocks and reorganize without collapsing; in this case,
Scenario 1 approximates such resilience, while Scenario 2 exposes systemic fragility.

4.5. Sensitivity Analysis

The comparison regarding road accessibility for intervention teams was also conducted
to evaluate how travel speed influences accessibility. In GIS, speeds of 50–60 km/h were
initially assigned to modernized roads (Figure 11a). These values were then reduced to
30 km/h on the same roads to observe changes in served areas and to assess the overall
impact of reduced travel speed on accessibility. For non-modernized and forest roads,
travel speeds remained unchanged.

Figure 11. Accessibility comparison in the case of 50–60 km on modernized roads (a) and modified
speeds (30 km/h) on modernized roads (b).

The speed of 50 km/h is the legal limit inside localities, but Romanian legislation
permits an increase of up to 10 km/h in emergency situations. The limit of 30 km/h was
selected based on the travel speeds experienced during flooding periods in the region.

After recalculating accessibility using the same raster-based method applied in the
initial analysis, the new spatial distribution revealed notable differences. Specifically, well-
served areas decreased in size (Figure 11b), while less-served areas expanded. From this
point, the discussion will focus on the results obtained with the reduced travel speed
(30 km/h), since the baseline situation was already presented.

At a travel speed of 30 km/h, the area with accessibility index 5 (very good accessi-
bility) is reduced to approximately half of the original extent (Figure 11b). Under these
conditions, only the villages of Dumbrăves, ti and Sfârleanca remain very well served by
ISU teams. This is due to the high density of modernized roads and the proximity of three
ISU centers (Vălenii de Munte, Ploieşti 1, and Ploieşti 2). The area with accessibility index 4
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(well-served) also decreases compared to the initial situation. It now largely overlaps with
the northern half of the previous best-served area, covering the north of Dumbrăves, ti and
the south of Vărbilău commune.

A small well-served area is also visible near the access road from Vălenii de Munte.
Under these conditions, interventions in index 4 areas would most likely be carried out
from Vălenii de Munte.

The area with accessibility index 3 (moderate accessibility) is significantly smaller than
in the initial analysis. Notably, the center of Vărbilău commune has declined from index 3
to index 1 (very poorly served). Remaining index 3 areas are found only in Slănic, Aluniş,
and the southern part of Vărbilău, where interventions would likely be covered by the ISU
centers in Vălenii de Munte, Slănic, and Câmpina. This reduction is mainly explained by
greater distances from intervention points, the limited number of ISU centers in the north
and center, and the poorer quality of the road network.

Areas with index 2 surround those with index 3, particularly around Aluniş and Slănic,
as well as a smaller section of Vărbilău commune. However, their extent is also smaller
compared to the initial situation, when index 2 covered the largest area.

In contrast, the area with accessibility index 1 (very poorly served) increases substan-
tially in the 30 km/h scenario. These poorly served zones now dominate much of the north
and center, including Ştefeşti, Vărbilău, Ostrovu, and Bertea. This is explained by the low
travel speed, poor road quality, low road density, and the long distances from ISU centers.

As seen above, an important consideration in an analysis such as ours concerns the
choice of weights assigned to road types, travel speeds, and facility importance. While the
weighting scheme was informed by field observations, it inevitably involves a degree of
subjectivity. Different weighting assumptions can shift the spatial pattern of accessibility
scores, with direct implications for where ISU teams are expected to intervene first during
emergencies. For instance, assigning greater weight to main roads emphasizes connectiv-
ity along the southern corridor, while increasing the influence of secondary and tertiary
routes may highlight vulnerabilities in northern communes. This sensitivity suggests that
emergency planning must recognize weighting as not only a technical decision but also
a strategic one, since it determines priority zones for infrastructure investment, resource
allocation, and mobilization protocols. To address this limitation, future research could
conduct sensitivity analyses or apply multi-criteria decision-making (MCDM) approaches
to test how different weighting schemes alter accessibility outcomes. Such efforts would en-
hance the robustness of planning tools and provide ISU teams with more flexible guidance
under varying hazard conditions.

5. Conclusions

This study assessed road accessibility for ISU intervention teams in the Vărbilău
Catchment, Romania, using GIS-based modeling and field observations. The results
provide actionable insights for emergency preparedness in flood- and landslide-prone
regions. The core findings are as follows:

• Intervention speed is determined primarily by the proximity of ISU centers, but the
road quality and matter as much as the number of ISU centers.

• Southern communes such as Dumbrăves, ti achieved the highest accessibility due to
flat terrain and strong links to Ploies, ti and Vălenii de Munte.

• Northern and central communes remained poorly served because of steep terrain and
sparse road infrastructure.

• Scenario testing showed that maintaining multiple operational ISU units—especially
Ploies, ti and Vălenii de Munte—is critical for system resilience.

Pros and cons of the approach are the following:
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• Strengths: Integrates GIS modeling with field validation, produces practical accessibil-
ity maps, and enables scenario-based evaluation.

• Limitations: Relies on static travel-time assumptions, does not capture real-time
hazard dynamics (e.g., floods, blockages), and simplifies operational factors such as
team capacity.

The following policy recommendations are issued from the analysis:

• Safeguard redundancy by ensuring continuous operation of major ISU centers and
setting up new centers in the worst served areas.

• Upgrade road infrastructure in underserved northern and central communes to reduce
systemic vulnerabilities.

• Regularly update accessibility maps to reflect evolving hazard and infrastructure
conditions.

Future research directions will include the following:

• Incorporate real-time traffic and hazard data into dynamic modeling.
• Simulate cascading infrastructure failures to test network robustness under com-

pound hazards.
• Apply the methodology to other watersheds with different characteristics (e.g., moun-

tainous basins, floodplains) to evaluate its transferability and refine its applicability.
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Abstract: Drought–flood abrupt alternations (DFAAs) have a greater impact on ecosystems
and socioeconomic environments than lone droughts or floods. Despite the significant
impact of DFAAs, research has paid little attention to their evolutionary characteristics,
particularly in relation to vegetation growth in the Heilongjiang River Basin. Therefore,
this study focuses on the Heilongjiang River Basin and employs the DFAA Index to identify
and analyze abrupt alternation events from 1970 to 2019. It also examines the annual
and interannual distributions of vegetation growth changes from 2000 to 2019, based
on the Normalized Difference Vegetation Index. Lastly, it utilizes correlation analysis
to investigate the responsive relationship between vegetation growth and DFAA events.
The results indicate the following: (1) Within the Heilongjiang River Basin, the number
of drought-to-flood events increased over time, whereas the number of flood-to-drought
events decreased over time. The frequency of mutation was relatively high in the northern
region, low in the eastern region, elevated in spring and summer, and reduced in winter.
(2) The Normalized Difference Vegetation Index was lowest in January, highest in July,
and approximately 0 during the winter. The vegetation coverage reached its peak during
the summer. (3) Vegetation changes in response to DFAAs exhibited a significant time
lag. Vegetation changes in spring–summer lagged behind DFAA events by 3–4 months,
while in summer–autumn, the lag was approximately 3 months. These results are of great
significance for the early warning and prevention of DFAAs in the Heilongjiang River Basin.

Keywords: drought–flood abrupt alteration; NDVI; CWatM; Heilongjiang River Basin

1. Introduction

Drought–flood abrupt alternation (DFAA) events are defined as “the phenomenon
wherein drought and flood occur alternately over time or coexist within a spatial context”,
and the alterations in frequency and intensity present a significant threat to ecosystems,
social economy, and regional sustainable development [1,2]. Recently, the spatiotemporal
patterns of DFAAs have become increasingly complex. This is, in part, due to the intensifi-
cation of global climate change. Global warming alters the atmospheric circulation pattern,
markedly influences the spatiotemporal distribution of precipitation and the frequency
of extreme climate events, and complicates regional water resource regulation [3–5]. Hu-
man activities, including but not limited to land use change, urbanization, and vegetation
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degradation, further exacerbate DFAA risk, rendering their evolutionary characteristics
more prominent, both locally and regionally [6]. Vegetation growth is an important factor
in ecosystem stability and the hydrological cycle. Its spatiotemporal variation serves as a
direct manifestation of climate change and human activities and exerts a feedback effect
on DFAAs [7]. Nevertheless, the responses of various vegetation to drought–flood abrupt
alternation events differ significantly. Certain vegetation types maintain their stability
under DFAA conditions via long-term adaptation. However, other types (such as rice
and cotton) suffer severe degradation during extreme climate events [8,9]. Therefore, it is
crucial to investigate the response of vegetation growth to DFAA events.

In recent decades, this issue has attracted significant attention from experts and
scholars. Research on crops like corn and rice has revealed that DFAA events augment
the loss of nitrogen and phosphorus in the soil, curtail the absorption of these elements by
crops, and consequently diminish crop yields [10–12]. Several studies have demonstrated
that DFAA events can significantly affect vegetation growth by altering the availability
of sunlight and soil nutrients, thereby disrupting photosynthesis processes and leading
to a reduction in vegetation coverage and species diversity. These effects are particularly
pronounced in areas with frequent flooding, where the synergistic and antagonistic impacts
of drought and flood alternation exacerbate the stress on vegetation [13,14]. Although
previous research has highlighted the widespread impact of DFAA events, their temporal
distribution and spatial extent remain inadequately understood, particularly in terms of the
abrupt transitions between drought and flood conditions and their lag effects on vegetation.
Further research is needed to clarify the specific characteristics of DFAA events and their
influence on vegetation dynamics, especially regarding their long-term effects on ecosystem
recovery and biodiversity.

Recently, drought–flood abrupt alternation has emerged as a prominent topic within
the broader field of global climate change research. The current research regarding DFAAs
primarily relies on observational data and numerical simulation [15,16]. Index construction
is the chief methodology in DFAA research, and indices such as DFAAI, LDFAAI, and SD-
FAAI have been widely employed in quantitative analysis [14,17,18]. The spatiotemporal
evolution analysis predicated by these indices, in conjunction with climate models, can
facilitate deeper exploration into the mechanisms that underlie DFAAs. Multi-scale data
fusion techniques, combined with both satellite remote sensing and ground observation,
have also been extensively utilized in regional research [19,20]. Recently, more attention
has been devoted to the spatiotemporal distribution of DFAAs across diverse regions.
Studies have revealed that global warming has augmented the frequency and magnitude
of drought and flood events, with the Asian monsoon region and the Midwest region of
North America labeled as high-risk regions. Studies have uncovered significant correlations
between DFAAs and climate factors, including the El Nino–Southern Oscillation (ENSO),
the Arctic Oscillation (AO), and the Indian Ocean dipole (IOD). These factors are closely
related to the seasonal regulation of precipitation and evaporation [21,22]. By improving
hydrological and climate models, the simulation accuracy and predictive capabilities for
DFAAs have been enhanced. However, terrain, soil moisture, and environmental alter-
ations cause substantial discrepancies in the local DFAA prediction capabilities of different
models [23,24]. Although a plethora of methods have been employed to conduct quantita-
tive analyses on DFAA events, there remains a scarcity of studies on DFAA spatiotemporal
evolution in specific regions. Investigating the region-specific spatiotemporal distributions
and changing trends of DFAAs helps bridge gaps in regional research and deepen the
scientific understanding of their spatiotemporal characteristics.

The Heilongjiang River Basin is situated in the northeastern region of China and
the Russian far East. It represents a crucial ecological and agricultural area, wherein its
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hydrological processes and ecosystems exhibit an acute sensitivity to global climate change.
Recently, the frequency and intensity of DFAA events in the Heilongjiang River Basin
have undergone significant changes due to climate warming and human activities [25].
Despite the importance of these events, there remains a critical gap in research on their
spatiotemporal distribution and their impact on vegetation growth in the basin. This
study aims to address this gap by analyzing the spatiotemporal patterns of DFAA events,
integrating these patterns with vegetation growth characteristics, and examining the cou-
pling mechanisms between DFAA events and vegetation responses. Thus, this study will
contribute to a deeper understanding of the effects of climate change and human activities
on the ecosystem and provide valuable insights for ecological protection and sustainable
development in the Heilongjiang River Basin.

2. Research Area and Data

2.1. Location of the Study Area

The Heilongjiang River Basin, located at coordinates (41◦42′–55◦56′ N, 107◦31′–141◦14′ E),
lies in eastern Eurasia and is one of the ten largest rivers in the world. It encompasses an
area of approximately 184.3 × 104 km2 and represents the largest transboundary basin in
northeast Asia. Most of its eastern and western portions are situated in Russia, while a
small western section lies in Mongolia, and the remainder is located in the Heilongjiang
Province, Inner Mongolia, and the Jilin Province in China. In spring, it is often windy;
in summer, it is humid; in autumn, the weather is erratic; and in winter, it is cold and
dry. The average annual temperature ranges from −14.37 ◦C to 6.75 ◦C, demonstrating
significant seasonal and regional variations. Much of the precipitation occurs between
June and September, with the precipitation in July accounting for nearly 70% of the annual
precipitation. The average annual precipitation varies significantly throughout the year
and across different regions of the basin. For example, the annual precipitation in the
western region ranges from 200 to 400 mm, while that in the eastern coastal region ranges
from 500 to 800 mm. Moreover, the precipitation exhibits substantial interannual variability.
For instance, in 2016, the precipitation amounted to 632.30 mm. In contrast, it was only
270.15 mm in 1999, representing a difference of approximately 2.3 times. The Heilongjiang
River Basin is partitioned into eight zones, based on characteristics of the basin’s water
system. These areas include the Heilongjiang River’s main stream area, the Jieya River
Basin, Brea River Basin, the Amgon River Basin, the Shilka River Basin, the Erguna River
Basin, the Songhua River Basin, and the Ussuri River Basin. Figure 1 provides a general
overview of the research area.

2.2. Data Sources
2.2.1. Runoff Data

The runoff data used in this study were obtained from the daily runoff simulation
run by the Community Water Model (CWatM), which is a large-scale hydrological and
water resources model with a spatial resolution of 0.5◦. The model can simulate global and
regional hydrological processes within a daily timestep range of 30 arcmin to 30 arcsec.
CWatM encompasses general surface water and groundwater hydrological processes,
while also accounting for human activities—such as water use and reservoir regulation—by
calculating water demand, water use, and backflow [26]. Reservoirs and lakes are also
incorporated into the model framework. In this study, the runoff data spanning from 1970
to 2019 were selected for analysis.

In this study, runoff and evapotranspiration data from 2007 to 2012 were used for
calibration, and data from 2012 to 2017 were used for validation. The model’s perfor-
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mance was evaluated using the Kling–Gupta Efficiency (KGE) metric, which provided a
comprehensive assessment of the simulation accuracy [27,28].

Figure 1. Overview of study area.

2.2.2. Normalized Difference Vegetation Index (NDVI)

The Normalized Difference Vegetation Index (NDVI), initially proposed by Rouse,
can accurately reflect the physical mechanisms of vegetation growth, which lie in the
disparity between chlorophyll absorption in the red wavelength and the green scattering
in the near-infrared wavelength. GIMMS NDVI 3g, SPOT NDVI, and MODIS NDVI
(MOD13 and MYD13) represent the most prevalently utilized vegetation index datasets.
The MODIS Normalized Difference Vegetation Index, provided by the National Aeronautics
and Space Administration (NASA) (https://lpdaac.usgs.gov/products/mod13a3v061/,
accessed on 13 October 2024), complements the NDVI product of NOAA’s Advanced Very
High Resolution Radiometer (AVHRR) and ensures the continuity of historical timeseries
applications. The MOD13A3v061 dataset from 2000 to 2019, with a spatial resolution of
1 km, was used in this study. Firstly, the vegetation coverage was estimated using the
pixel binary model. Then, a series of extractions, mosaicking, projections, cropping, null
value removals, and resampling processes were conducted. The monthly NDVI data were
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subsequently converted into the TIFF format. Lastly, the monthly NDVI raster data from
2000 to 2019 were extracted based on the Heilongjiang River Basin’s vector boundary.

2.2.3. Unified Data Resolution and Analysis Scale Selection

In this study, the original spatial resolution of the runoff data was 0.5◦, which served
as the main basis for analysis. The NDVI data, with an original resolution of 1 km, was
primarily used to characterize vegetation conditions within the study area, rather than for
a pixel-by-pixel correlation analysis. Therefore, all correlation analyses were conducted at
the 0.5◦ resolution of the runoff data.

Regarding the resolution difference, although the NDVI data offer higher spatial
precision, this study focused on hydrological–ecological processes at the basin scale (i.e., the
0.5◦ grid scale), making it both reasonable and necessary to adopt the runoff data’s 0.5◦

resolution as the unified analytical scale. Moreover, aggregating the high-resolution NDVI
data to the 0.5◦ scale helped retain more of the original spatial heterogeneity of vegetation.
Compared to directly using lower-resolution vegetation data, this approach improved the
representativeness and spatial accuracy of vegetation indicators after aggregation.

3. Method

3.1. Community Water Model (CWatM)

Within a grid cell, “runoff concentration” refers to the process through which the
runoff generated within the cell converges towards the river path. The runoff originating
from each unit is directed to the corners of the corresponding unit. The concentration time
(peak time) is determined using the land cover grade, slope, and runoff group (including
surface runoff, confluence runoff, or base flow). Subsequently, the triangular weighting
function is employed to compute the total runoff of the grid cells [26]. The function is
as follows:

Q(t) = ∑
landcover

∑
runo f f

max

∑
i

c(i)Qruno f f (t − i + 1) (1)

where Q(t) is the total runoff of the grid cell with a timestep; runoff is the runoff component
(surface, interflow, base flow); Qrunoff is the land cover runoff of runoff component; t is the
time (1 d); and c(i) is a triangular function, which can be expressed as follows:

c(i) =
i∫

i−1

2
max

−
∣∣∣u − max

2

∣∣∣ · 4
max2 du (2)

The hydrographic station was located at the outlet of the Heilongjiang River Basin. The
calibration period encompassed 37 years of observational data, with the results provided in
Figure 2. With the revised Kling–Gupta efficiency (KGE) serving as the objective function,
a KGE value closer to 1 indicates a better fit [29]. The formula is as follows:

KGE′ = 1 −
√
(r − 1)2 + (β − 1)2 + (γ − 1)2 (3)

where r is the correlation coefficient between simulated and observed values; β is the bias
ratio; and γ is the variability ratio.

3.2. Drought–Flood Abrupt Alteration Index (DFAAI)

In this study, the drought–flood abrupt alteration index (DFAAI) was used to quanti-
tatively describe DFAA events. The DFAAI is defined as follows:

DFAAI = (NQi − NQi−1) · (|NQi|+ |NQi−1|) · α−|NQi+NQi−1| (i = 2, 4, 3, . . . , n) (4)
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NQi =
Qi − Q

σ
(5)

where NQi and NQi−1 represent the normalized monthly runoff for month i and month i−1;
Qi is the average monthly runoff; Q and σ are the mean and standard error of Qi; α is the
monthly weight coefficient (a value of 3.2 is more appropriate); i is the month number;
and n is the total number of months in the study period [18,30]. The item (NQi − NQi−1)
represents the intensity of the DFAAs; the item (|NQi| + |NQi−1|) denotes the magnitude of
the droughts and floods; and α−|NQi + NQi−1| is the weight coefficient (which may decrease
the weight of droughts or floods in two consecutive months and increase the weight of the
DFAAs). DFAAI values greater than 1 (>1) or less than −1 (<−1) are defined as DTF or
FTD, respectively. The greater the absolute value of the DFAAI, the stronger the DFAA.

(a)

Figure 2. Cont.
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(b) 

Figure 2. CWatM model verification results for (a) evapotranspiration and (b) discharge.

3.3. Wavelet Analysis

For time series x(t), the Continuous Wavelet Transform (CWT) is defined as follows:

Wx(s, τ) =
∫ ∞

−∞
x(t)ψ∗( t − τ

s
)dt (6)

where Wx(s,τ) is the CWT coefficient on the time scale (τ,s); s is a scale parameter (inversely
proportional to frequency); τ is the time translation parameter; ψ(t) is the parent wavelet
function; and ψ∗(t) is the complex conjugate.

For time series x(t) and y(t), the Cross Wavelet Transform (XWT) is defined as follows:

Wxy(s, τ) = Wx(s, τ) · W∗
y (s, τ) (7)

where Wx(s,τ) and Wy(s,τ) are the wavelet transforms of x(t) and y(t); Wy∗(s,τ) is the com-
plex conjugate of the y(t) wavelet transform; and Wxy(s,τ) is the cross wavelet coefficient
of x(t) and y(t) on the time scale (τ,s). Cross Wavelet Transform (XWT) is concerned with
the joint energy distribution of two sequences in time and scale, but it cannot provide a
normalized correlation measure [31,32].

Wavelet Coherence (WTC) is a standardized measure of correlation that provides
the local linear correlation between two sequences in time and scale, compensating for
XWT’s inability to distinguish between strong energies and correlations. It is an effective
method for studying the scale correlation between two geophysical variables and is used to
analyze the coherence of two time series in the time-frequency domain, thereby examining
their covariance. The wavelet coherence coefficient is equivalent to the local correlation
coefficient in the time-frequency domain and is defined as follows:

R2
xy(s, τ) =

∣∣S(s−1Wxy(s, τ))
∣∣2

S(s−1|Wx(s, τ)|2) · S(s−1
∣∣Wy(s, τ)

∣∣2) (8)

where s is the scale; τ is the time; Wx(s,τ) and Wy(s,τ) are the wavelet transform of time
series x and y; Wxy(s,τ) is the Cross Wavelet Transform; s is the smoothing operator used to
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smooth the local wavelet coefficients in time and scale; and |Wx(s, τ)|2 and
∣∣Wy(s, τ)

∣∣2 is
the local wavelet energy of two time series [33,34].

3.4. Pearson’s Correlation Analysis

For the variables X = {x1, x2, . . ., xn} and Y = {y1, y2, . . ., yn}, Pearson’s correlation
coefficient r is calculated as follows:

r = ∑n
i=1 (xi − x)(yi − y)√

∑n
i=1(xi − x)2∑n

i=1(yi − y)2
(9)

where xi and yi are the ith observed values of the two variables; x = 1
n ∑n

i=1 xi is the
mean of x; y = 1

n ∑n
i=1 yi is the mean of y; numerator ∑n

i=1 (xi − x)(yi − y) is covariance of

two variables; denominator
√

∑n
i=1(xi − x)2∑n

i=1(yi − y)2 is the product of the standard
deviations of two variables; Pearson’s correlation coefficient r ranges from [−1,1]; r = 1
indicates a perfect positive correlation (the two variables have a perfect linear positive
relationship); r = −1 indicates a perfect negative correlation (a perfectly linear inverse
relationship between the two variables); and r = 0 means no linear correlation (there
is no linear relationship between the two variables, but other nonlinear relationships
may exist) [5].

4. Results

4.1. Spatiotemporal Analysis of DFAAs
4.1.1. Spatial Distribution of DFAAs

To quantify the spatial distribution of DFAA events in the Heilongjiang River Basin,
we tallied the amounts of drought-to-flood (DTF) and flood-to-drought (FTD) events
in each sub-basin from 1970 to 2019. The proportion of these events was computed to
illustrate the distribution frequency of DFAAs in the region. In Figure 3, HeilongjiangR
illustrates the overall pattern of the region to highlight the general trend; arrows pointing
to the individual sub-basins were not included in the figure to avoid confusion with the
detailed analysis of the sub-basins. Figure 3 demonstrates that over the past 50 years, the
occurrences of DFAA events in the Heilongjiang River main stream area (HLJRMS), Jieya
River Basin (JieyaR), Brea River Basin (BreaR), Amgon River Basin (AmgonR), Shilka River
Basin (ShilkaR), Erguna River Basin (ErgunaR), Songhua River Basin (SHR), and Ussuri
River Basin (UssuriR) measured 14.15%, 10.72%, 7.02%, 5.79%, 14.31%, 14.74%, 18.92%, and
14.36%, respectively. Of these, the greatest frequency of DTF events was observed in the
Songhua River Basin (SHR), while the lowest was in the AmgonR. The SHR also had the
most FTD events, while the Brea River Basin (BreaR) had the least.

Differences were observed in the frequencies of the DTF and FTD events in the dif-
ferent sub-basins. Generally, the DTF events exhibited an upward trend, increasing at a
rate of 3.51% per decade. In the AmgonR, however, the frequency of DTF events decreased
by 1.17% per decade, making it the only sub-basin with a declining trend. The remaining
seven sub-basins demonstrated an upward trend, with HLJRMS, JieyaR, BreaR, ShilkaR, Er-
gunaR, SHR, and UssuriR increasing at rates of 7.33%/decade, 2.14%/decade, 1%/decade,
2.67%/decade, 1.8%/decade, 8.48%/decade, and 1.29%/decade, respectively. FTD events
demonstrated a downward trend, with a decreasing rate of 4.52% per decade. The frequency
of FTD events in ShilkaR (1.9%/decade) and UssuriR (0.91%/decade) increased slightly.
However, the other six sub-basins exhibited a downward tendency. The decreasing rates of
HLJRMS, JieyaR, BreaR, AmgonR, ErgunaR, and SHR were 8.46%/decade, 9.4%/decade,
13.33%/decade, 13.33%/decade, 1.9%/decade, and 2.78%/decade, respectively.
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Figure 3. Distribution of DFAAs in study area’s sub-basins.

The DTF events exhibited an overall upward trend from 1970 to 2019, whereas the FTD
events demonstrated a downward trend. This reflects the spatiotemporal heterogeneity of
DFAAs. Spatially, differences existed in both the frequency and trend of DFAA events. The
frequency of alternations was relatively higher in the northern regions (i.e., the ErgunaR
and the ShilkaR) and relatively lower in the eastern regions (i.e., JieyaR and the BreaR).
This discrepancy is likely related to the climatic conditions, topographic features, and
hydrological environments of each sub-basin.

4.1.2. Time Distribution of DFAA

To understand the trends of DFAAEs’ overextended time scales and identify the
diverse characteristics of seasonal droughts and floods, we analyzed the occurrences of
DFAA events in the Heilongjiang River Basin over the course of 5 decades (1970–1979,
1980–1989, 1990–1999, 2000–2009, and 2010–2019) and across four different seasons (spring,
summer, autumn, and winter).

According to the seasonal distribution shown in Figure 4, clear seasonal differences
were observed in the spatial distribution characteristics of DFAAs and their associated
events (FTD and DTF) in the Heilongjiang River Basin. Spring and summer were the peak
periods for DFAA events, which were characterized by broad spatial distributions and
extensive influence ranges. In contrast, the frequencies of such events were relatively low in
autumn and winter and were accompanied by a reduction in spatial coverage. The spatial
coverage of FTD events in spring, summer, autumn, and winter were 52.88%, 48.77%,
40.94%, and 0.05%, respectively. The spatial coverage of DTF events were 39.29%, 26.28%,
20.58%, and 0.16%. In spring, the regions with high DFAAI values were concentrated in
the middle and southern parts of the basin, particularly in the SHR and the HLJRMS. This
indicates that DFAAs occurred more frequently there. FTD events were predominantly
distributed in the southern region of the SHR and the northern region of the ErgunaR,
whereas DTF events were more concentrated in the central region of the SHR and the
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ShilkaR. During summer, northern ErgunaR and JieyaR had high DFAAI values. FTD
events occurred more frequently in the northern and eastern basins covering the ErgunaR
and UssuriR. Meanwhile, the DTF events were concentrated in the southern part of the
SHR and the UssuriR. In autumn, the high-value area of DFAAI was primarily located in
the southern SHR and the UssuriR. However, the high-frequency area of the FTD events
shrank to the middle region of the river basin. The DTF events remained concentrated in
certain sections of the SHR and the UssuriR, yet their frequencies decreased significantly,
compared to those in spring and summer. In winter, the spatial distribution range of DFAAI
was the narrowest, and the high-value area was confined to the southern part of the SHR.
The FTD events were scattered across a few areas within the basin, whereas the DTF events
rarely occurred.

Figure 4. Seasonal spatial distribution of DFAA events.

Generally, the spatial coverage of DFAA events was broadest in spring and summer.
In autumn, the events were mainly concentrated in the southern region. In winter, their
frequency reached the lowest point accompanied by a significant reduction in spatial
range. Moreover, FTD events were more prevalent in the northern and central basins,
whereas DTF events were usually observed in the southern and eastern basins. These
seasonal distribution differences might be caused by the seasonal variations in precipitation,
snowmelt, the topographic features of the watershed, and human activities.

As depicted in Figure 5, during the period from 1970 to 1979, DFAAs were predomi-
nantly concentrated in the northern and central regions of the Heilongjiang River Basin,
particularly in the ErgunaR, ShilkaR, and SHR. In these regions, the DFAA frequency was
relatively high. As time progressed, these events gradually expanded towards the eastern
part of the basin, with regions like the UssuriR and AmgonR also exhibiting a relatively
higher mutation frequency. The general trend indicated that the spatial distribution range
of DFAA events gradually expanded, while the mutation frequency in the southern region
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significantly increased. The temporal evolution of the high-value area showed that, in
the 1970s, the high-frequency area was concentrated in the northern region and gradually
expanded to cover the entire basin.

Figure 5. Spatial distribution of DFAA events per decade.

The spatial coverage of FTD events increased from 90.67% (1970–1979) to 93.69%
(2010–2019). The highest frequencies in the periods of 1970–1979, 1980–1989, 1990–1999,
2000–2009, and 2010–2019 were 20, 17, 22, 20, and 23, respectively. During the period from
1970 to 1979, the FTD events were predominantly concentrated in the central and northern
regions of the SHR and the ErgunaR, forming a relatively concentrated high-frequency area.
From 1980 to 1999, the spatial range of the FTD events expanded significantly, with the
high-frequency area gradually encompassing the ShilkaR and a part of the HLJRMS. From
2000 to 2019, the FTD events exhibited an overall downward trend, with high-frequency
areas diminishing but remaining concentrated in the northern and central basins.

The spatial coverage of DTF events declined from 55.7% (1970–1979) to 40.62%
(2010–2019). The highest frequencies registered during 1970–1979, 1980–1989, 1990–1999,
2000–2009, and 2010–2019 were 27, 29, 27, 27, and 33, respectively. During the period from
1970 to 1979, DTF events occurred on a relatively limited scale and were concentrated in the
southern and central regions of the basin. Over time, the area with high values gradually
expanded and extended towards the north, encompassing regions like the ErgunaR and
the JieyaR. From 2000 to 2019, the spatial distribution of the DTF events became more
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expansive, and the high-frequency areas increased substantially (specifically within the
SHR and the UssuriR).

The spatial distribution of DFAAs expanded gradually. Once concentrated in the
northern region, they eventually covered the entire basin. The DTF events showed a
more pronounced increase in the southern and eastern regions, whereas the FTD events
experienced a gradual decline in the high-frequency northern areas. The DFAA events
within the Heilongjiang River Basin exhibited significant temporal variations, with these
changes likely due to climate warming in the basin, alterations in the spatiotemporal
distribution of precipitation, and human activities.

4.2. Analysis of NDVI Evolution Law
4.2.1. Annual Variation

A significant positive correlation existed between the NDVI, ecosystem parameters,
biomass, and vegetation growth within the Heilongjiang River Basin. Specifically, a high
NDVI value corresponded to greater vegetation coverage and better growth conditions.
The multi-year average NDVI data from January to December (2000 to 2019) revealed both
the annual NDVI variations and the temporal dynamic characteristics of vegetation growth
in the basin. As shown in Figure 6, the vegetation coverage within the basin exhibited an
initial increase and then a decrease over the course of a year. The coverage was greatest
in July and lowest in January. This pattern was primarily influenced by climate shifts and
moderate precipitation. During winter, the NDVI values were relatively low, approaching
0 in most areas. This was especially true in the northern regions. These results reflected
sparse vegetation and/or low activity levels, which align with the characteristics of cold
weather, snow cover, and vegetation dormancy. In spring, the NDVI values gradually
rose, and vegetation recovered in the southern and central regions. In summer, the NDVI
values reached their annual peak (close to 1 in most areas). Extensive vegetation covered
the SHR, the UssuriR, and the southern plain areas. Meanwhile, NDVI increased in the
ErgunaR and the HLJRMS in the north. In autumn, the NDVI values gradually declined,
vegetation activity waned, and some areas entered a state of dormancy or decay. NDVI’s
spatial distribution exhibited significant differences between the northern and southern
regions. Generally, the NDVI values in the southern areas (the SHR and the UssuriR) were
higher throughout the year, likely due to the warm, humid climate conditions. In contrast,
in the northern regions (the ErgunaR), the vegetation growth and the growing season were
constrained by the high altitudes and cold climate. Along the Heilongjiang River’s main
stream area and its main tributaries, the NDVI values were relatively higher in spring
and summer, and the vegetation thrived under the water supply. In summer, the areas
with high NDVI values were concentrated in the southern and plain regions. These areas
generally shifted to low values in winter, indicating that seasonal variations significantly
influenced vegetation activity. Overall, the distribution of NDVI within the Heilongjiang
River Basin exhibited significant seasonal and spatial differences. Vegetation growth was
active, with extensive coverage in spring and summer. Moreover, the NDVI values in the
southern regions were significantly higher than those in the northern regions, and in winter,
vegetation growth was largely stagnated. This was likely due to the climatic, topographic,
and hydrological conditions of the basin.

4.2.2. Interannual Variation

This study used monthly NDVI data to calculate a multi-year average NDVI dataset to
examine the spatial patterns of vegetation growth within the Heilongjiang River Basin. As
indicated by the legend, a darker color represents a higher NDVI value, signifying greater
vegetation coverage and better growth conditions. Conversely, lighter colors signify lower
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vegetation vitality, which could correspond to bare land, construction land, or lakes. As
illustrated in Figure 7, the multi-year average of NDVI from 2000 to 2019 reveals generally
high NDVI values across the entire Heilongjiang River Basin, particularly in the central
and southern parts of the basin. In these areas, the NDVI values are close to 1, suggesting
high vegetation cover density and lush growth. In contrast, the NDVI values in certain
cold, high-altitude areas in the northern and western parts of the basin were relatively low.
In some regions, they were close to 0, indicating sparse vegetation coverage, possibly due
to the environmentally restrictive terrain, lakes, and vegetation.

Figure 6. Annual distribution of NDVI.

Figure 7. Interannual distribution of NDVI.

During the period from 2000 to 2009, the overall NDVI values within the basin were
lower compared to those of the subsequent decade. Specifically, the area with low NDVI
values in the northern region was relatively larger, suggesting that vegetation growth
was somewhat restricted. This situation might be associated with the climatic conditions,
regional economic development activities, or land use changes that occurred in the late
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20th and early 21st centuries. During the period from 2010 to 2019, the NDVI values
increased significantly. The high-value areas in the middle of the basin and in the plain
areas expanded further, specifically into the Songnen Plain and Sanjiang Plain regions.
Meanwhile, the area with low NDVI values decreased, indicating that vegetation growth
was enhanced. This improvement could stem from the ecological restoration policies
implemented by the state (i.e., returning farmland to forest, wetland protection, and the
amelioration of climate conditions). Comparing the NDVI distribution from 2000 to 2009
with that from 2010 to 2019, the average NDVI increase in the basin during the 2010–2019
period was 0.54%. Moreover, the area of vegetation growth improvement accounted for
17.29% of the total basin area, whereas the area of degradation accounted for only 3.05%.
The area of regions with NDVI values > 0.8 increased, while the area of low-value regions
with NDVI values < 0.3 decreased significantly.

In summary, the vegetation growth within the Heilongjiang River Basin exhibited an
overall upward trend over the past 20 years. During the period from 2010 to 2019, the
NDVI values experienced a significant increase, accompanied by an overall shrinkage in
low-value areas. This alteration reflects both the amelioration of climate conditions (i.e., the
extension of the vegetation growing season brought about by climate warming) and the
positive impacts of national ecological protection measures (i.e., policies like the conversion
of farmland back to forest and wetland protection) on vegetation restoration. Nevertheless,
the high altitude, cold climate, and complex terrain in the northern region resulted in
relatively slight improvements in vegetation growth.

4.3. Response of NDVI to DFAAE

To explore the specific DFAAI characteristics influencing the NDVI, we analyzed the
time-frequency relationship between the DFAAI and NDVI using Cross Wavelet Transform
and Wavelet Coherence analysis. The univariate wavelet spectra demonstrate the periodic
characteristics of the DFAAI and NDVI. The Wavelet Coherence analysis revealed the
correlation between the two time series within the frequency domain. Cross wavelet
analysis isolated the common wave pattern shared by the two.

As seen in Figure 8, the DFAAI and NDVI in the Heilongjiang River Basin exhibited a
significant correlation in spring and summer, particularly within the 8–16-year cycle. In
the DFAAI figure, the regions with high energy values were concentrated in the 8–16-year
range, specifically at the positions ranging from 40 to 80 on the time axis. This demonstrates
strong cyclical fluctuations and contrasts with the NDVI figure, where the high energy
values were concentrated within the 8–12-year cycle range. This suggests that the vege-
tation cover index experiences significant volatility during this cycle. Wavelet Coherence
analysis revealed that the time-frequency coherence between the DFAAI and NDVI was
primarily concentrated within the mesoscale period range of 8–12 years, specifically at
the positions ranging from 40 to 80. Moreover, the coherence and common fluctuations
of the two were the most pronounced during this range. During this period, the arrows
predominantly pointed toward the lower right, indicating that the DFAAI slightly pre-
ceded NDVI, implying that DFAAs might have a lag effect on vegetation growth. The
significant coherent regions in summer and autumn remained concentrated within the
mesoscale period range of 8–12 years, further validating the delayed response relationship
between drought–flood events and vegetation growth. Nevertheless, in local areas, the
arrows pointed towards the upper right, which could indicate the recovery characteristics
of vegetation in response to drought–flood events. The coherence at different periodic
scales exhibited a certain phase difference, suggesting that the interaction between the two
is complex and nonlinear. Additionally, the DFAAI also exhibited a significant correlation
with the NDVI within the 30–40 period. This could be due to extreme climate events like
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summer and autumn floods. Overall, this correlation implies that drought and flood events
induced by climate change will likely significantly impact vegetation growth within the
Heilongjiang River Basin, particularly in the medium- and long-term cycles. Consequently,
the sensitivity and response mechanism of vegetation to climate change warrant further
attention and research.

Figure 8. WTC and XWT of DFAAI and NDVI in (a) spring–summer seasons; (b) summer–autumn seasons.

In the spring–summer seasons (Figure 9), the red and blue regions in the figure were
intertwined. They displayed different color intensities, and the overall color tone was
relatively light, suggesting that the correlation in most regions had not fully manifested.
After a 1–2-month lag, the dark colored area gradually expanded, the distribution of red and
blue became more distinct, and the area of significant correlation broadened considerably.
The dark blue area expanded and gradually became dominant. After a 2-month lag, the
spatial proportion of the blue area was 6.49% greater than that of the red area, signifying that
the adverse impacts of drought or flood had accumulated to a peak, potentially leading to
a large-scale decline and the destruction of vegetation. Particularly, in flood-prone regions,
the lag effect was more pronounced, indicating that the flood damage to vegetation had
further accumulated. Meanwhile, the red area gradually expanded, and the dark red area
became more concentrated, showing that the promoting effect of appropriate precipitation
on vegetation was emerging. After a 3-month lag, the expansion and intensification of the
deep red area indicated a maximum positive effect, implying that the recovery response of
vegetation to water conditions in some areas required time to activate. The dark blue area
remained significant, and the negative effects of droughts and floods persisted in some
areas. After a 4-month lag, the correlation between the drought–flood mutation index and
the vegetation cover index weakened to the point of being invalid. This could indicate that
the lag effect had already passed, or that the vegetation change during this period was
primarily driven by other factors, such as temperature and light. Overall, the significant
correlation with a 3–4-month lag during the spring–summer period was the strongest and
most extensive, suggesting that the lag effect of drought–flood fluctuations on vegetation
had reached its peak.
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Figure 9. Correlation analysis between DFAAI and NDVI in spring–summer.

In the summer–autumn season (Figure 10), the correlation during the period was
rather weak, and the colors of most regions were relatively light, suggesting that the overall
correlation distribution was not pronounced. After a 1–2-month lag, the red area gradually
expanded, signifying that the lagged effect of summer precipitation exerted a clear, positive
effect on vegetation growth. This could be due to the precipitation accumulation improving
the soil moisture or the positive response of vegetation to precipitation as it enters the
vigorous growth stage. The blue areas on the diagram became darker, particularly in areas
affected by extreme precipitation (i.e., flooding). This indicates more substantial damage
to vegetation or cumulative damage over an extended period by extreme drought and
flood conditions. At this juncture, the overall correlation distribution was significantly
strengthened, and the lag effect reached its peak. Following a lag of 3 months, the blue
region further expanded, occupying 1.21% more area than the red region. The negative
correlation became dominant, while the positive correlation weakened, suggesting that the
cumulative effect of droughts and flooding on vegetation destruction was approaching
its peak, particularly in ecologically sensitive areas. Nevertheless, the persistent effects
of precipitation continued to have a positive influence on vegetation in certain regions.
After a 4-month lag, the overall color gradually lightened, and the distribution of red
and blue became more uniform. Theoretically, the restoration mechanism of vegetation
could gradually take effect, diminishing the negative impacts of droughts and floods while
reducing the positive effects of precipitation. Consequently, the lag effect may dissipate,
and the correlation could return to a lower level.

Figure 10. Correlation analysis between DFAAI and NDVI in summer–autumn.
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Within a lag of 4 months, the correlation increased gradually, and the dark-colored area
expanded continuously, indicating a significant lag effect from droughts and floods on veg-
etation. In the spring–summer period, both the positive and negative correlations reached
their peaks during a lag of 3–4 months, suggesting that this specific time window was when
droughts and floods significantly disrupted vegetation. In contrast, in the summer–autumn
period, the correlation reached its peak during the 3-month lag. Moreover, the lag effect was
more pronounced in the summer–autumn period than in the spring–summer period, and
the spatial range, as well as the intensity of both the positive and negative correlations, were
more conspicuous. The distinct color distribution reflects the differences in the response
mechanisms to droughts and floods in different regions within the basin. For instance,
dark red areas might correspond to wet environments like forests, whereas dark blue areas
could correspond to more vulnerable grasslands or cultivated lands. The delayed response
of DFAAs to vegetation presents obvious temporal and spatial heterogeneity. This suggests
that ecological management should focus on the cumulative effects over time and develop
tailored recovery strategies based on regional characteristics.

5. Discussion

5.1. Direct Effects of DFAAE on Vegetation Growth

Moderate flood events can briefly augment the regional soil water and nutrient sup-
ply, particularly in wetland ecosystems or for plants tolerant to waterlogging. When
floodwaters recede, floods can introduce a substantial amount of sediment and nutrients
into the soil, thereby facilitating the rapid recovery and expansion of vegetation [1,35].
Nevertheless, persistent flooding can result in a reduction in soil oxygen, root decay, and
the significant degradation of water-intolerant vegetation [36]. Drought events decrease
vegetation cover by reducing soil moisture and restricting plant transpiration and photosyn-
thesis. Prolonged drought can completely kill vegetation and even alter affected vegetation
types [37]. Our study demonstrates that there might be a positive or negative correlation
between DFAA events and vegetation growth. This implies that the interaction between
the two could have synergistic or antagonistic effects. Other studies have corroborated this
finding, positing that in certain ecosystems, moderate droughts and floods might promote
vegetation diversity and maintain ecosystem balance. For example, during dry periods,
the number of non-drought-tolerant plants decreases, thereby providing more space for
drought-tolerant plants to thrive. Meanwhile, during flood periods, water is supplied for
other types of vegetation [1,38–42]. Thus, certain vegetation types can demonstrate their
adaptability in long-term DFAAs, allowing vegetation growth to fluctuate periodically yet
remain generally stable [43]. However, the combination of droughts and floods can also
pose challenges for vegetation in terms of adaptation. Certain types of vegetation might
not have time to recover after a drought, and subsequent flooding could further damage
the soil and roots. There could also be significant competition among different types of
vegetation in response to DFAAs. For example, drought-tolerant plants can be damaged
during flood events, while water-tolerant plants may be degraded during drought events.
Such competition can result in fluctuations in vegetation growth and serious regional
degradation [44].

The impacts of DFAAs on vegetation growth varied significantly across different
regions and ecosystems. The positive effect was more pronounced in humid regions, while
the negative effect prevailed in more arid regions [45]. Meanwhile, climate warming likely
increased the frequency and intensity of DFAAs, thereby introducing greater uncertainty
into the dynamic changes of vegetation growth. Increasing research on the ability of vege-
tation to adapt to DFAAs is crucial, particularly in areas that are prone to frequent extreme
events. In areas that experience severe vegetation degradation, adaptive management
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measures should be adopted in accordance with the characteristics of DFAAs. For instance,
drought-tolerant or water-tolerant plants should be planted to enhance the resilience of
the ecosystems.

5.2. Feedback Mechanism of Vegetation Growth Change to DFAAs

Based on the WTC and XWT figures presented in Section 4.3 of this study, most of
the arrows within the significant region of the 8–16-year period were positioned either in
the upper right or lower right. This suggests that the change in DFAA plays a significant
role in influencing vegetation growth over a specific period of time. Nevertheless, in
the lower period of 4–8 years, the arrows were positioned in the upper left or lower left,
indicating that vegetation growth might exert a certain feedback effect on DFAAs. During
droughts, reduced NDVI may result in soil drying and a decrease in evaporation, which,
in turn, indirectly impacts the performance of DFAAs. Changes in vegetation growth
can impact regional hydrological conditions by affecting soil moisture and local climate
regulation, which in turn can provide feedback to DFAA. Similar situations have also been
observed in previous studies. Specifically, an increase in vegetation cover can enhance
the efficiency of the local water cycle via evapotranspiration and precipitation recycling.
The leaf interception and root water absorption functions of vegetation help stabilize
soil moisture and reduce the intensity of droughts and floods [46,47]. Furthermore, the
hydrological regulatory effects of vegetation (i.e., rainwater retention, soil stabilization,
and enhanced surface infiltration) are capable of significantly reducing surface runoff
and soil erosion. This decreases the intensity of flooding [48]. A reduction in vegetation
cover weakens evapotranspiration and diminishes the efficiency of local precipitation
recycling, elevating the risk of drought. The reduction in surface vegetation can result in
the deterioration of soil structure and a decrease in permeability, facilitating the formation
of surface runoff and flooding. During the dry season, the water-holding capacity of the
soil also weakens, further aggravating the risk of flooding [49].

Vegetation restoration measures, including the reversion of farmland back to forest
and wetland restoration, can significantly improve water retention and regional climate
regulation at the ecosystem level and reduce the frequency and intensity of DFAAs. For
example, China’s Three-North Shelterbelt Project, by means of large-scale vegetation
restoration, strengthened the stability of the regional water cycle and mitigated the am-
plifying effect of climate change on DFAAs [50]. An increase in vegetation diversity can
also enhance ecosystems’ abilities to endure extreme climate events. Under DFFAs, highly
diverse ecosystems are capable of achieving functional maintenance through the species
complementarity effect [51].

Although the conversion of forests into farmland might boost food production in the
short term, it will undermine regional hydrological regulation. For instance, farmland is
less capable of withstanding flooding and less resilient in the face of drought compared to
natural vegetation [52]. Furthermore, feedback conflicts might arise among different types
of vegetation, due to water competition. As an example, deep-rooted trees could impact
the recovery of herbaceous vegetation by over-consuming groundwater resources. In the
context of farmland conversion projects in northern India, certain revegetation projects
have decreased the risk of flooding while augmenting the risk of regional drought [53].

Through climate warming, the feedback mechanism through which vegetation growth
changes impact DFAAs has intensified. High temperatures accelerate transpiration and
exacerbate drought effects, while extreme precipitation events heighten soil erosion and
flood risks. Meanwhile, accounting for changes in atmospheric circulation and surface
albedo, the feedback of vegetation growth on droughts and floods could extend from the
local level to regional or even global scales, amplifying its overall impact.
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5.3. Uncertainty of CWatM Simulation

The uncertainty in CWatM simulations is a significant issue in the research and appli-
cation of hydrological modeling. It primarily stems from the complexity and ambiguity
associated with numerous factors. Firstly, the input of vague or faulty data directly influ-
ences the model’s results [54]. For instance, discrepancies in spatial resolution and accuracy
among different data sources, including observation, reanalysis, and remote sensing data,
could give rise to significantly different simulation results. Errors in the input data (i.e., pre-
cipitation and temperature) will directly impact the simulation of evapotranspiration,
runoff, and water resource supply and demand. Moreover, data projections related to land
use change, population growth, and economic activity frequently contain errors that can re-
sult in inaccurate estimates of irrigation demand and water use [55]. Secondly, uncertainty
surrounding the model’s structure can also influence the simulation accuracy. During the
simulation, CWatM simplifies several complex hydrological and management processes,
such as the interactions between groundwater and surface water and the rapid response to
extreme events. Such simplification could lead to certain regions or specific events being
inaccurately represented [56]. Simultaneously, the parameters within the model, namely
soil moisture and evapotranspiration coefficient, rely on empirical formulas or regional
calibration and could result in substantial simulation errors in uncalibrated regions [57].

Apart from the uncertainties associated with the data and model structure, the un-
certainty surrounding scenario assumptions also presents challenges to the reliability of
the results [58]. Predictions of future climate conditions vary considerably among climate
models like CMIP6 and emission scenarios like the RCP or SSP pathways. Socioeconomic
scenarios including population growth, policy changes, and technological advances are
equally challenging to accurately predict. This increases the uncertainty of future water
supply and demand assessments [59–61]. Meanwhile, the uncertainties related to spatial
and temporal scales also warrant special attention. Due to the complexity of topography,
land use, and water resources distribution across different regions, low-resolution sim-
ulations will likely be unable to capture local characteristics. Furthermore, simulations
conducted over long time scales, such as those involving interannual variations, may fail to
accurately depict the short-term dynamics of extreme events [62].

In light of the aforementioned insecurities, the following measures can be adopted
to mitigate the errors: (1) Integrate diverse meteorological data and land use data, utilize
remote sensing data to correct crucial input parameters like precipitation and evapotran-
spiration, and conduct a comprehensive evaluation of the impact of data errors on model
results [63]. Local parameter calibration should be conducted for different regions. For
example, the evapotranspiration and discharge data of the Heilongjiang River Basin were
utilized to calibrate the model in this study, with the aim of enhancing the accuracy of the
simulation. (2) Multi-model ensemble analysis should be carried out jointly with other
global hydrological models to diminish the uncertainty resulting from a single-model
structure. (3) Simulate multiple climate and socioeconomic scenarios and quantify the
uncertainty of projections by comparing the ranges of outcomes among different scenarios.
(4) Optimize the model grid resolution and utilize high time resolution data to conduct
finer-grained simulations of complex regions. These methods can effectively mitigate the
errors induced by inconsistencies in CWatM simulations.

Notwithstanding certain factors, the regional and global applications of CWatM
demonstrate that its integrated and versatile architecture can support multi-scenario and
multi-scale analyses. With improvements in the input data quality, the optimization of
model structure, and the advancements in uncertainty quantification methods, CWatM
holds significant potential for widespread application in water resources management and
climate change.
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6. Conclusions

In this study, the spatiotemporal distribution of drought–flood abrupt alternation
events within the Heilongjiang River Basin was analyzed. The dynamic characteristics of
vegetation growth were investigated through the utilization of NDVI, and the response
mechanism of vegetation growth to drought–flood abrupt alternation events was identified.
The following conclusions were drawn:

(1) From 1970 to 2019, the DTF events were most frequent in the SHR and least frequent
in the AmgonR, with an upward trend (3.51%/decade). The FTD events decreased
(4.52%/decade) over time, were more frequent in northern regions like the ErgunaR
and the ShilkaR, and less frequent in eastern areas like the JieyaR and the BreaR.
Temporally, events peaked in spring and summer, were concentrated in the south
in autumn, and were least frequent in winter. High-frequency areas expanded from
the north in the 1970s–1980s into the entire basin. From 2010 to 2019, the DTF events
were concentrated in the south and east, while the FTD events showed a decline in
the northern high-frequency areas.

(2) Annual NDVI values were lowest in January, highest in July, and close to 0 in winter.
Vegetation coverage was greatest in summer. Southern areas like SHR and the UssuriR
had relatively higher NDVI values all year. Northern regions, like ErgunaR, were
more climate restricted. From 2000 to 2019, vegetation growth markedly increased.
The NDVI values were lower from 2000 to 2009, especially in the northern and central
high altitudes, but rose significantly from 2010 to 2019, with a reduction in low-value
areas and an expansion of high-value areas.

(3) Wavelet Coherence analysis revealed that drought and flood events have a 1–4-month
lag effect on vegetation. The positive and negative correlations were most significant
in the spring–summer period with a 3–4-month lag. In the summer–autumn period,
the peak lagged by 3 months.

In conclusion, significant spatiotemporal heterogeneity exists in both drought–flood
abrupt alternation events and vegetation growth within the Heilongjiang River Basin. The
delayed response of vegetation to DFAAs implies the necessity of strengthening ecological
restoration strategies to address the impact of climate change on ecosystems.
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Abstract: The study aims to assess future streamflow forecasts in the Godavari basin of
India under climate change scenarios. The primary objective of the Coupled Model Inter-
comparison Project Phase 6 (CMIP6) was to evaluate future streamflow forecasts across
different catchments in the Godavari basin, India, with an emphasis on understanding the
impacts of climate change. This study employed both conceptual and machine learning
models to assess how changing precipitation patterns and temperature variations influence
streamflow dynamics. Seven satellite precipitation products CMORPH, Princeton Global
Forcing (PGF), Tropical Rainfall Measuring Mission (TRMM), Climate Prediction Centre
(CPC), Infrared Precipitation with Stations (CHIRPS), and Precipitation Estimation from
Remotely Sensed Information Using Artificial Neural Networks (PERSIANN-CDR) were
evaluated in a gridded precipitation evaluation over the Godavari River basin. Results of
Multi-Source Weighted-Ensemble Precipitation (MSWEP) had a Nash–Sutcliffe efficiency
(NSE), coefficient of determination (R2), and root mean square error (RMSE) of 0.806,
0.831, and 56.734 mm/mon, whereas the Tropical Rainfall Measuring Mission had 0.768,
0.846, and 57.413 mm, respectively. MSWEP had the highest accuracy, the lowest false
alarm ratio, and the highest Peirce’s skill score (0.844, 0.571, and 0.462). Correlation and
pairwise correlation attribution approaches were used to assess the input parameters,
which included a two-day lag of streamflow, maximum and minimum temperatures, and
several precipitation datasets (IMD, EC-Earth3, EC-Earth3-Veg, MIROC6, MRI-ESM2-0, and
GFDL-ESM4). CMIP6 datasets that had been adjusted for bias were used in the modeling
process. R, NSE, RMSE, and R2 assessed the model’s effectiveness. RF and M5P performed
well when using CMIP6 datasets as input. RF demonstrated adequate performance in
testing (0.4 < NSE < 0.50 and 0.5 < R2 < 0.6) and extremely good performance in training
(0.75 < NSE < 1 and 0.7 < R < 1). Likewise, M5P demonstrated good performance in
both training and testing (0.4 < NSE < 0.50 and 0.5 < R2 < 0.6). While RF was the best
performer for both datasets, Indian Meteorological Department outperformed all CMIP6
datasets in streamflow modeling. Using the Indian Meteorological Department gridded
precipitation, RF’s NSE, R, R2, and RMSE values during training were 0.95, 0.979, 0.937,
and 30.805 m3/s. The test results were 0.681, 0.91, 0.828, and 41.237 m3/s. Additionally, the
Multi-Layer Perceptron (MLP) model demonstrated consistent performance across both the
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training and assessment phases, reinforcing the reliability of machine learning approaches
in climate-informed hydrological forecasting. This study underscores the significance of
incorporating climate change projections into hydrological modeling to enhance water
resource management and adaptation strategies in the Godavari basin and similar regions
facing climate-induced hydrological shifts.

Keywords: artificial neural networks; climate change; Indian rivers; Godavari basin;
machine learning; streamflow; tropical rainfall measuring mission; multi-source weighted-
ensemble precipitation

1. Introduction

Hydrological models, integral to understanding and simulating natural hydrological
processes, serve as decision-making tools, particularly in data-scarce contexts with numer-
ous options [1]. They maximize available data but do not replace field observations. These
models require inputs like climatic variables (e.g., precipitation, temperature), watershed
characteristics (e.g., drainage network, topography), and more, with complexity depending
on the model’s design [1,2]. Historically, hydrological modeling has evolved from Mul-
vany’s 1850 Rational Method to contemporary grid-based physically distributed models [3].
Sherman’s (1932) Unit Hydrograph (UH) model marked a turning point, predicting flood
hydrographs by assuming uniform rainfall at fixed intervals [4]. Later, models like Instan-
taneous Unit Hydrographs (IUH) and Finite Period Unit Hydrographs (TUH) emerged [5].
Some IUH models were physically based, while others, like the Clark Unit Hydrograph,
relied on historical data [6]. The study of the hydrological cycle and its transformations, as
well as the prospective consequences for water resources, holds great importance in the
areas of sustainable development and the management of water resources [7].

It is crucial to comprehend river hydrology and how it may evolve under future
climatic conditions. Nevertheless, it is imperative to recognize that although several stud-
ies conducted on a global scale offer valuable insights, they frequently employ spatial
resolutions that are insufficient to capture localized climate events [8]. In recent years,
the field of streamflow forecasting has witnessed a surge in the popularity of data-driven
models, owing to their swift development, minimal data prerequisites, and ease of real-time
application [9]. These models encompass diverse approaches, including Linear Time Series
Models such as autoregressive moving average (ARMA), autoregressive integrated moving
average (ARIMA), and seasonal autoregressive integrated moving average (SARIMA),
which presume a probabilistic distribution for streamflow [10]. Nonlinear Time Series Mod-
els, particularly chaos-based models, have been employed to capture the intricate nonlinear
dynamics inherent in streamflow data [11]. ANNs have demonstrated effectiveness in
handling large, dynamic, and nonlinear time series data, especially when the underlying
physical processes are not fully understood.

Furthermore, the adoption of machine learning models, particularly using CMIP6
data, represents an innovative approach poised to enhance predictive capabilities in hy-
drology. In summary, this study’s holistic approach aims to advance our understanding of
hydrological processes and their responses to climate change, acknowledging the regional
variations and specific relevance to the Godavari River basin. Against the backdrop of the
21st century’s environmental challenges, understanding the impacts of climate change on
hydrological extremes is paramount [12]. The accelerated emission of greenhouse gases
has significantly influenced the hydrological cycle, notably altering extreme precipitation
patterns and temperature regimes [13]. These climatic shifts have profound repercussions
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on hydrological extremes, with manifestations varying spatially and temporally across
different regions [14]. Environmental alteration is a global phenomenon characterized
by a multitude of interconnected factors, including land degradation, loss of biodiversity,
shifts in climate patterns, and alterations in hydrology [15]. The consequences of these
changes are far-reaching and extend to various aspects of our natural environment, includ-
ing the hydrological cycle. Studies indicate that while climate change has been linked to
phenomena such as reduced water-resource quantity and intensified tropical cyclones, the
manifestation of these hydrological extremes is influenced by complex atmospheric, land,
and water interactions [16]. The impact of environmental change on hydrology is a critical
concern in today’s world. Anthropogenic activities have replaced approximately 41% of
global natural vegetation with land cover such as croplands and pastures [17]. This trans-
formation, coupled with the escalating emissions of greenhouse gases, has led to alarming
levels of global warming, resulting in a steady increase in global temperatures [18].

Physical, conceptual, and data-driven models are the three primary categories of
streamflow models that are frequently employed. Physical models, sometimes referred to
as process-driven models, include lumped, semi-distributed, and distributed hydrological
models. Given the profound socio-economic and environmental implications of these
extremes, there is an urgent need for nuanced, region-specific research to devise adaptive
and informed strategies for the future [18]. Climate models project changes in precipitation
patterns, with some regions expected to receive more precipitation while others receive less.
These changes in precipitation are likely to be mirrored in future variations in runoff. The
escalating trend in temperature has the potential to lead to increased flooding in various
regions worldwide, including South Asia, which is particularly vulnerable to the adverse
impacts of climate change.

Streamflow forecasting models are essential in hydrology for predicting the behavior
of hydrologic systems. These models are broadly categorized into three types: physical-
based models, conceptual models, and black-box models [19]. Physical-Based Models:
These models, also known as white-box or process-based models, provide detailed descrip-
tions of hydrological characteristics by solving differential equations based on physical
laws. They account for the physical processes governing mass, energy, and momentum
conservation [20]. However, they require extensive physical data and complex mathemati-
cal representations. Streamflow Modelling and Prediction: The hydrological cycle and the
management of water resources depend heavily on streamflow. We can learn more about
flood risk and water availability by modelling and forecasting streamflow, which will help
with sustainable water resource management. Creative Uses of Machine Learning: The use
of machine learning models to estimate streamflow, particularly with CMIP6 data as input,
offers a novel strategy that could greatly improve the precision of hydrological forecasts.
Studies in India and other countries have used these machine learning models in hydro-
logical research worldwide. They have shown promise in enhancing runoff forecasting,
sediment estimation, infiltration modeling, and streamflow predictions [21,22]. Overall,
the use of machine learning methods in hydrological modeling offers useful information
and resources for the efficient management of water resources and disaster prevention.
Examples of literature from various parts of the world that have used AI models in hydro-
logical investigations include the following. Examples of literature from various parts of the
world that have applied these machine learning approaches for many uses in hydrological
modeling, such as managing water resources, forecasting floods and droughts, and creating
water management strategies, demonstrate that precise streamflow prediction is essential.
Researchers and decision-makers can evaluate how human activity, climate change, and
land use changes affect water availability using streamflow models [22]. These models,
which mimic hydrological processes within a catchment region, include IHACRE, HBV,
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NRECA, and MIKE-SHE. They frequently call for a large amount of input data [23,24].
These models can be difficult to calibrate and validate, and their simplistic architecture and
inaccurate data may add uncertainty. However, data-driven models have become more
widely used in streamflow forecasting because of their quick iteration cycles, lower data
needs, and ability to be implemented in real time [25–27]. Without specifically outlining
the underlying hydrological processes, these models can make accurate predictions about
streamflow [28,29]. Hydrological modeling has made use of several machine learning
approaches, including ANNs, SVMs, Random Forest (RF), Multilayer Perceptron (MLP),
and M5P. ANNs, sometimes known as “black-box models”, have demonstrated promise in
identifying intricate and nonlinear correlations in streamflow data. They need very few
input parameters [30–33].

1.1. Research Gap of the Study Area

The focus on the Godavari River basin, where little research has been carried out on the
effects of climate change, highlights how special this place is in dealing with its complexities.
Additionally, the use of machine learning models specifically with CMIP6 data represents a
novel strategy positioned to improve hydrology’s forecasting capacities. There is not much
research on how climate change affects streamflow; therefore, the study’s primary focus on
streamflow modeling offers insights into managing and controlling water resources [34].
The paper also addresses the urgent problem of excessive runoff rates, which exacerbate
erosion and flooding, and highlights the usefulness of precise runoff forecasting in disaster
mitigation. In conclusion, the holistic approach of this study recognizes regional variability
and the particular importance of the Godavari River basin while working to improve our
understanding of hydrological processes and their responses to climate change [35,36].

1.2. Objectives of the Research Work

Apply conceptual rainfall-runoff models to several sub-basins of the Godavari River
basin using the meteorological and bias-corrected CMIP6 datasets. Examine gridded
precipitation products in the Godavari River basin of India in comparison to meteorological
data. Using CMIP6 data for scenarios SSP126, SSP245, SSP370, and SSP585, examine
Extreme Precipitation indices across India using spatial and temporal analysis, using
Ranking and Trend assessments [37–39]. Forecast streamflow in the Godavari River basin’s
numerous sub-basins by using machine learning models using Indian Meteorological
Development and bias-corrected CMIP6 datasets. Using CMIP6 data, combine conceptual
models and machine learning techniques to forecast future streamflow across various
sub-basins in the Godavari basin [40].

2. Materials and Methods

In this section, the selection of data sources, the application of specialized tools
such as Climate Data Operators 26.4 (CDO) (https://www.unidata.ucar.edu/software/
netcdf/workshops/2012/third_party/CDO.html, accessed on 7 April 2025), Geographic
Information System (GIS 10.4) software (https://www.esri.com/, accessed on 7 April 2025),
and Python 3.9 programming (https://docs.python.org/release/3.9.22/whatsnew/3.9.
html, accessed on 7 April 2025), and the logical flow of activities tailored to the unique
objectives of this study. Using CMIP6 data, the combination of conceptual models and
machine learning approaches improves the precision of future streamflow forecasts across
several sub-basins within the Godavari River basin. The Godavari River basin’s gridded
precipitation data demonstrate greater accuracy and dependability in comparison to Indian
Meteorological Department (IMD) data [41,42].
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2.1. Location

Smaller parts of Karnataka, Madhya Pradesh, Odisha, Telangana, Chhattisgarh, and
Andhra Pradesh are included in the Godavari River basin, which spans 312,812 km2 [43].
It makes up around 9.5% of the country’s total land area and is located between latitudes
16◦19′ N and 22◦34′ N and longitudes 73◦24′ E to 83◦4′ E. The Godavari River runs 1465 km
from its source to its drainage into the Bay of Bengal [44]. The basin is bounded to the
east and west by the Eastern and Western Ghats, to the north by the Satmala hills, and
to the south by the Mahadeo hills and Ajanta range [45]. The monsoon season (June to
September) provides almost 85% of the basin’s annual rainfall, contributing to its tropical
climate. In the Godavari, rainfall in the research area, divided into 12 sub-basins, rises
from Trimbakeshwar in the Nashik area of Maharashtra [46]. Rainfall in the basin varies
significantly by place and time each year, ranging from 600 to 3000 mm (Figure 1)

Figure 1. Godavari River basin’s geographic location of the study area.

2.2. Data Collection and Sources

The data collection process forms the foundation of the study. Essential climate data
were gathered from multiple sources to comprehensively assess climate change impacts in
the Godavari River basin. Primary data sources include the CMIP6 climate model data,
which simulates Earth’s climate under various greenhouse gas concentration scenarios [47].
These scenarios, specifically SSP126, SSP245, SSP370, and SSP585, allow investigation
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of climate change effects. Additionally, historical precipitation records from the Indian
Meteorological Department and gridded satellite precipitation datasets were acquired for
validation and complementary analysis, as streamflow datasets [48].

2.2.1. CMIP6 Model Data

The eight extreme precipitation indices created by the ETCCDI for the historical period
of 1950–2024 were evaluated using the 17 CMIP6 models used in this study. Due to CMIP6
Model Data, only 17 of the available models were processed for study. The 17 CMIP6
models were employed in this study to assess the eight extreme precipitation indices
developed by the ETCCDI for the historical period of 1950–2024. Due to insufficient data,
only 17 of the available models were processed for analysis over the selected research
region for any of the baseline scenarios. Out of 17 models only five were selected for
the subsequent stage, and the SSP126, SSP245, SSP370, and SSP585 models for the near
(2015–2040), medium (2041–2070), and far future (2071–2100) were evaluated for future
extreme precipitation indices for all baseline scenarios [49]. The archives kept by the ESGF
contain these CMIP6 models for inspection. Bilinear interpolation was used to spatially
remap all general circulation models and data to a latitude and longitude grid that was like
0.25◦*0.25◦ (Table 1) [50,51].

Table 1. An overview of the 17 CMIP6 models used in the research.

Model
Atmospheric
Resolution

Institution

ACCESS-ESM1-5 1.9◦ × 1.2◦ The Commonwealth Scientific and Industrial Research Organization
(CSIRO) and the Australian Bureau of Meteorology

ACCESS-CM2 1.87◦ × 1.25◦ The Commonwealth Scientific and Industrial Research Organization
(CSIRO) and the Australian Bureau of Meteorology (BOM)

CanESM5 2.81◦ × 2.79◦ Canada’s Centre for Climate Modelling and Analysis, The Centre for
Climate Change in Europe and the Mediterranean

EC-Earth3 1.3◦ × 0.9◦ Consortium EC-EARTH

EC-Earth3-Veg 0.7◦ × 0.7◦ Consortium EC-EARTH

EC-Earth3-Veg-LR 0.7◦ × 0.7◦ Consortium EC-EARTH

GFDL-ESM4 1.1◦ × 1.1◦ Geophysical Fluid Dynamics Laboratory

INM-CM5-0 1.3◦ × 1◦ The Institute of Numerical Mathematics

IPSL-CM6A-LR 2◦ × 1.5◦ Institute of Pierre-Simon Laplace

MIROC6 1.41◦ × 1.41◦ R-CCS, AORI, NIES, and JAMSTEC

MPI-ESM1-2-HR 0.93◦ × 0.93◦ The Max Planck Institute of Meteorology (MPI-M)

MPI-ESM1-2-LR 0.93◦ × 0.93◦ The Max Planck Institute of Meteorology (MPI-M)

MRI-ESM2-0 0.9◦ × 1.3◦ Meteorological Research Institute

NorESM2-LM 0.9◦ × 1.3◦ Meteorological Research Institute

NorESM2-MM 1.3◦ × 1◦ The Taiwan Earth System Model, Version 1

2.2.2. Conceptual Models
Sacramento

Using daily rainfall and PET data, the Sacramento model is a hydrological model
that calculates streamflow daily. The model replicates the catchment region’s hydrological
balance by incorporating soil moisture [52]. The Sacramento model differs from the AWBM
model in that it is more complicated, with a total of five stores and twenty-two distinct
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attributes [53,54]. The Sacramento model uses the genetic algorithm (GA) to optimize
its maximum, minimum, and default parameters. The Sacramento soil’s hydrologically
active zone is made up of two distinct layers: Figure 2 shows the Sacramento model’s
schematic form. Surface tension in tension water reservoirs helps to retain water within the
soil profile. The only mechanism responsible for the outflow of water from this stratum
is evapotranspiration [55]. Water can flow both horizontally and vertically within a free
water store before being released as interflow (upper zone) or base flow (lower zone).
The Sacramento model separates the catchment into impermeable and pervious groups
according to its permeability [56]. Lakes, rivers, and other bodies of water, as well as
non-porous surfaces like pavement that are directly connected to the river system, make up
the impermeable area. Making use of the Rainfall-Runoff Library’s features to model runoff
in a particular catchment region by using evapotranspiration and daily rainfall, Manual’s
Sacramento model is guided by Podger’s (2003) extensive instructions (Table 2) [29].

Figure 2. The Sacramento model’s schematic representation.

Table 2. The Sacramento model parameters by default.

Parameter Description Default Min Max

LZPK The proportion of water in LZFPM that drains daily as base flow. Zone Free Water

LZSK The proportion of water in LZFSM that drains daily as base flow. 60 40 600

UZK The percentage of water in UZFWM that drains as
daily interflow. 0.06 0 0.5
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Table 2. Cont.

Parameter Description Default Min Max

UZTWM Maximum Water Tension in the Upper Zone. 1 0 3

UZFWM
The storage that serves as the source of water for interflow and
the impetus for moving water to greater depths is known as the
Upper Zone Free Water Maximum.

40 0 80

LZTWM Water Maximum for Lower Zone Tension. 0 0 0.8

LZFSM Maximum Free Water Supplement in the Lower Zone. 0.01 0.001 0.015

LZFPM Primary Maximum for Lower Zone Free Water. 0.05 0.03 0.2

PFREE
Recharging the lower zone’s free water reservoirs requires a
minimum percentage of percolation from the upper zone to the
lower zone.

0.3 0.2 0.5

REXP An exponent that calculates how quickly the percolation rate
changes as the lower zone water storage changes 50 25 125

ZPERC The maximal percolation rate is determined by the proportionate
increase in Pbase 40 10 75

SIDE The non-channel base flow ratio. 130 75 300

The Australian Water Balance Model

In hydrological management, the Australian Water Balance Model (AWBM) is a the-
oretical framework used to evaluate rainfall losses and ascertain the interdependencies
among daily rainfall, evapotranspiration, and runoff at the watershed scale. Five separate
stores make up the model: a base flow store, a surface runoff routing shop, and three sur-
face stores that mimic partial runoff regions [14]. It has been observed that the Pranhita
sub-basin simulates daily streamflow by utilizing the characteristics of the Rainfall-Runoff
Library to model runoff in a specific catchment area, utilizing daily rainfall and evapo-
transpiration. Each storage unit is given a unique storage capacity, and the water balance
of each partial surface area of the AWBM is calculated independently, as shown in the
schematic model in Figure 3 and Table 3 [21].

Table 3. The Australian Water Balance Model’s parameter values by default.

Parameter Description Default Min Max

KSurf Recession constant of surface flow 150 0 500

KBase Recession constant for base flow 70 0 200

C3 Surface store capacity 3 (in mm) 7 0 50

C2 Surface store capacity 2 (in mm) 0.35 0 1

C1 Surface store capacity 1 (in mm) 0.95 0 1

BFI Index of base flow 0.134 0 1

A2 Surface storage 2’s partial area 0.35 0 1

A1 Surface store 1’s partial area 0.35 0 1

KSurf Recession constant of surface flow 0.433 0 1
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Figure 3. Schematic representation of the Australian Water Balance Model (AWBM).

TANK

This model is easy to use and effective. As seen in Figure 4, the highest tank is where
rainwater is collected. The water level gradually decreases due to evaporation; water is
taken from the tank beneath it to compensate until all the tanks are empty [12]. The side
outlets then release the calculated runoff, with the top tank output representing surface
runoff, the second tank output representing intermediate runoff, the third tank output
representing sub-base runoff, and the fourth tank output representing base flow [13]. Even
though the TANK model is simple, its behavior is intricate, and the contents of each tank
have a big influence on how well the model works. Notably, depending on the tanks’
storage capacities, the same rainstorm might produce very varied amounts of runoff [15].
The tank model is a widely used method for simulating diurnal streamflow patterns. It is
based on daily inputs of evapotranspiration and rainfall and does not require accounting for
the initial rainfall loss as the model’s nonlinear structure already accounts for its impact [16].
The TANK model’s parameters are listed in Table 4 and Figure 4, along with their lowest,
maximum, and default values.

Table 4. Parameter values by default for the TANK model.

Parameter Minimum Default Value Maximum

First outlet height of the first tank (H11) (in mm) 0 0 500

Second outlet height of first tank (H12) (in mm) 0 0 300

First outlet height of the second, third, and fourth
tanks (H21, H31, and H41) (in mm) 0 0 100

Coefficient of runoff from various tank outlets
(a11, a12, a21, a31, and a41) 0 0.2 1

Coefficient of Evaporation (α) 0 0.1 1

139



Water 2025, 17, 1171

Table 4. Cont.

Parameter Minimum Default Value Maximum

Coefficient of infiltration in tanks 1, 2, and 3 (b1, b2, and b3) 0 0.2 1

Tank’s water level (C1, C2, C3, and C4) (in mm) 0 20 100

 

Figure 4. Schematic representation of the TANK model.

SIMHYD

The SIMHYD model predicts the daily discharge at a selected gauging station using
daily rainfall and PET data [31]. A more straightforward version of the HYDROLOG model,
created in 1972, is SIMHYD. A conceptual model that mimics the physics of rainwater runoff
is called HYDROLOG. Furthermore, another model known as MODHYDROLOG [24] exists.
HYDROLOG and MODHYDROLOG have seventeen and nineteen parameters, respectively,
while SIMHYD only has seven (Table 5 and Figure 5). A system that uses the daily rainfall
to replenish the interception storage, which is released daily, is part of the SIMHYD concept.
The extra rainfall is subsequently subjected to an infiltration capacity assessment function.
Infiltration excess runoff is the term used to describe any additional rainfall that is beyond
the infiltration capacity.
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Table 5. SIMHYD’s default model parameter values.

Parameter Minimum Default Value Maximum

Baseflow coefficient 0.0 0.9 1.0

Unaffected Threshold 0.0 1.5 5.0

Infiltration Coefficient 0.0 0.2 1.0

Infiltration Form 1 320 500

Interflow Coefficient 0.0 0.3 1.0

Prior Fraction 0 1 5

Capacity of the Rainfall Interception Store 0 200 400

Recharge Coefficient 0 3 10

Soil Moisture Store Capacity 0.0 0.1 1.0

Figure 5. Schematic representation of the SIMHYD model.

3. Results and Discussion

3.1. Findings and Talks

In addition to categorical measures like accuracy, POD, FAR, POFD, and PSS, which are
calculated daily using the rainfall threshold of 2.5 mm/day that the Indian Meteorological
Department uses to identify a wet day, continuous metrics include NSE, R2, MBE, MAE,
and RMSE. These metrics were computed using monthly rainfall accumulation for each
dataset from 1998 to 2020. The entire basin was compared using 427 Indian Meteorological
Department gridded points with a spatial precision of 0.25◦*0.25◦. The average yearly
rainfall for several datasets is shown in Figure 6 [25]. The yearly average precipitation
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varied less in other models; however, TRMM, PERSIANN CDR, and MSWEP nearly
matched data from the Indian Meteorological Department [26]. In terms of spatial extent,
MSWEP and CHIRPS nearly matched the Indian Meteorological Department, whereas
Figure 6 shows the average yearly precipitation over all eight datasets. Except for PGF, CPC,
and CMORPH, all products faithfully captured the well-known precipitation features, such
as high precipitation areas on the north and east boundaries of the study area. According to
the Indian Meteorological Department, the east side of the basin receives the most rainfall
on average each year (1887.04 mm), while the western side receives the lowest amount
(553.46 mm). From west to east, the average annual rainfall tends to rise [28].

 

Figure 6. CHIRPS, PGF, TRMM, CPC, CMORPH, PERSIANN_CDR, MSWEP, and the Indian Meteo-
rological Department’s monthly average precipitation.

The average monthly precipitation for the entire basin from 1998 to 2024 is shown in
Table 6 and Figure 6. The monsoon months of June, July, August, and September bring
the majority of the basin’s rainfall (around 85%). Monsoon precipitation over the basin
was estimated with 83% to 86% accuracy by almost all precipitation products [4]. The
findings indicate that TRMM and PERSIANN_CDR were overstated for every month
throughout the monsoon season [15]. The data from the Indian Meteorological Department
and PERSIANN_CDR differed significantly. PERSIANN_CDR and CHIRPS overestimated
precipitation by up to about 350 mm [18]. Moderate precipitation (200–300 mm), CMORPH
and CPC were subtitled [32].

The Indian Meteorological Department’s seven-satellite precipitation estimates served
as the basis for the CDFs. The Indian Meteorological Department gridded dataset was
used as a reference for the CDF comparison [24]. MSWEP and the Indian Meteorolog-
ical Department matched pretty well when compared to the other datasets. However,
Figure 7a–d exhibits a slight overestimation of positive bias, particularly for low (between
10 and 65 mm) and moderate (between 110 and 180 mm) precipitation amounts. TRMM
displayed a favorable bias for most of the events between 100 and 420 mm; it also matched
Indian Meteorological Department data for the remaining section [32].
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Table 6. Various gridded precipitation datasets used in this study area.

DATA Temporal Resolution Availability Link

IMD 0.25◦ and D 1951–2024 The website https://www.imdpune.gov.in/,
accessed on 7 April 2025

CHIRPS 0.05◦ and D and M 1981–present
CHIRPS 2.0:
https://data.chc.ucsb.edu/products/, accessed on
7 April 2025

PGF 0.25◦ and D 1948–2020 https://hydrology.soton.ac.uk/, accessed on
7 April 2025

TRMM 0.25◦ and 3H, D and
M 1998–2023

The summary can be seen at https://disc.gsfc.
nasa.gov/datasets/TRMM_3B42_Daily_7,
accessed on 7 April 2025

CPC 0.5◦ and D 1979–present
Balprecip.html https:
//psl.noaa.gov/data/gridded/data.cpc.glo,
accessed on 7 April 2025

CMORPH 0.25◦ and 30 min, 1H
and D 1998–2024 https://www.ncei.noaa.gov/products/climate-

data-records, accessed on 7 April 2025

PERSIA NN_CDR 0.25◦ and D and M 1983–Present https://chrsdata.eng.uci.edu/, accessed on
7 April 2025

MSWEP 0.1◦ and 3H, D and M 1979–2024 Gloh2o.org/mswep/’s website

 

Figure 7. A comparison of the non-exceedance probability of the Indian Meteorological Department
with seven-satellite precipitation estimates. (a) The precipitation estimates from the IMD and CHIRPS
data, (b) Matched with IMD data for the remaining portion of TRMM, (c) PERSIANN_CDR had a
high discrepancy compared to IMD data, (d) MSWEP was closely matched with IMD as compared to
the remaining datasets.
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The gridded dataset from the Indian Meteorological Department served as a source
for the CDF comparison. When juxtaposed with the other datasets, Figure 7a–d displays
the CDFs based on seven satellite precipitation estimates from the Indian Meteorological
Department’s gridded precipitation. MSWEP and the Indian Meteorological Department
matched quite well. Even so, Figure 7d shows a small positive bias (overestimates), espe-
cially for moderate precipitation (110 to 180 mm) and light precipitation (10 to 65 mm) [19].
TRMM had a favorable bias for most of the events that occurred between 100 and 420 mm;
for the remaining, it also coincided with Indian Meteorological Department data. PER-
SIANN CDR data showed a significant disparity from Indian Meteorological Department
data. Up to roughly 350 mm of precipitation, PERSIANN CDR and CHIRPS were over-
estimated. For moderate precipitation (200–300 mm), CMORPH and CPC were under-
stated [22].

3.1.1. Ongoing Metrics Assessment

The monthly precipitation for each grid cell of the seven datasets was computed and
compared to the monthly precipitation data from the Indian Meteorological Department,
and statistical characteristics such as NSE, R2, MBE, MAE, and RMSE were evaluated.
Continuous measurements for the study area between 1998 and 2024 were used [15].
The NSE coefficients between each precipitation product and the Indian Meteorological
Department reference dataset suggest that there might be a conflict of interest between the
precipitation products and the Indian Meteorological Department product. MSWEP has
higher NSE values over the study area, especially in the western section (Upper Godavari,
Pravara, and some portions of Purna), while the other products have low or negative NSE
values [23]. The eastern component of the study area includes extremely elevated locations
and a few areas of Pranhita, on the northern side. Higher accuracy is indicated by an NSE
value greater than 0.7, which was present in 389 out of 427 stations. Comparable to the
second-most accurate precipitation dataset after MSWEP, TRMM has 367 stations with
an NSE value greater than 0.7 [24]. The lack of rainfall and the large spatial variance at
all-time scales are the primary reasons for this notable performance drop. The regional
variability of the R2 along the basin is depicted in Table 7, where all precipitation datasets
apart from PGF show robust connections. In particular, MSWEP and TRMM showed the
highest correlation among the 427 stations, with R2 values over 0.8 for 336 and 357 stations,
respectively [26].

Table 7. Monthly precipitation was calculated for each of the seven dataset’s grid cells.

DATA NSE R2 MBE MAE RMSE

CHIRPS 0.768 0.812 7.505 34.324 61.519

PGF 0.72 0.768 −2.433 35.502 66.775

TRMM 0.768 0.846 9.126 31.528 57.413

CPC 0.772 0.801 −0.774 33.247 61.58

CMORPH 0.767 0.815 0.157 32.663 60.16

PERSIANN_CDR 0.667 0.815 9.332 35.934 65.177

MSWEP 0.806 0.831 5.531 31.794 56.734

The mountainous landscapes of the eastern, western, and northern regions did not
correlate well. Figure 8 displays the spatial variance of MBE for the study region. All
datasets in the eastern portion had negative MBE, suggesting a comparable underestimation
of precipitation, especially in extremely and moderately dense woodlands [32]. There was
little to no positive bias in the central and northern regions, suggesting that the judgment
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was accurate. Due to the infrequent rainfall, TRMM and PERSIANN_CDR provide accurate
results up to 76◦ E from the east; nevertheless, the remaining region displays subpar data
with negative NSE. The Upper Godavari region receives 800 mm of rainfall annually, which
may have been influenced by the leeward side of the Western Ghats [33].

(A) (B) 

(C) (D) 

Figure 8. The coefficient of determination of datasets from 1998 to 2024: (A) POD of the seven-satellite
precipitation estimation, (B) NSE of the seven datasets estimation, (C) FAR of the seven-satellite
precipitation estimation, (D) the seven datasets estimation of precipitation.
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For the TANK, SIMHYD, AWBM, and Sacramento hydrological models, the standard
deviation values of the predicted values are 324.74, 288.44, 296.36, and 332.98, respectively,
as shown in Figure 8b. Confidence intervals (CC) for the observed and expected values are
0.87, 0.84, 0.86, and 0.86, respectively [13]. The Taylor diagram also shows the RMSE values,
which are 202.61, 226.35, 216.85, and 211.99 m3/s. Since the Sacramento model is the closest
to the observed value, it seems to perform the best based on the standard deviation values.
Additionally, the Sacramento model is demonstrated to be the most effective of the daily
streamflow simulation models according to the RMSE and CC values during the validation
period [15].

However, when compared to the other models, the AWBM and TANK models display
smaller standard deviation values, which may indicate that they have a propensity to
underestimate the variability of the actual data. Nonetheless, the Sacramento model’s
standard deviation values of 308.59 were quite similar [19]. In terms of absolute errors,
the Sacramento model corresponds with the real data the best, as evidenced by it display-
ing the lowest RMSE score. The RMSE values for each model fall between 168.04 and
181.44 m3/s. Figure 8a–d compares observed data for daily streamflow modeling with
several hydrological models (TANK, SIMHYD, AWBM, and Sacramento) throughout both
the calibration process and validation using Taylor’s diagram [22]. A graphical tool called
Taylor’s diagram is used to compare models to the observed data in Table 8 and Figure 8. It
offers a rapid visual evaluation of a model’s ability to represent the volatility of and pattern
in the data. As seen in Figure 8a, the calibration CC for each model ranged from 0.83 to
0.86, indicating that the model outputs and the observed data have a respectable level of
agreement [24].

Table 8. All conceptual models’ parameters were calibrated.

Sacramento AWBM TANK SIMHYD

ADIM 0.031 A1 0.014 H11 119.60 base flow Coefficient 0.373

LZFP 49.608 A2 0.433 a11 0.169 Impervious Threshold 4.431

LZFS M 49.608 BFI 0.298 a12 0.204 Infiltration Coefficient 371.76

LZPK 0.118 C1 1.569 a21 0.812 Infiltration Shape 0.196

LZSK 0.729 C2 130.1 96 a31 0.847 Interflow Coefficient 0.000

LZTW M 117.647 C3 252.9 41 a41 0.478 previous Fraction 1.000

PCTI M 0.000 KBase 0.561 alpha 1.000 rainfall Interception Capacity 4.569

PFREE 0.184 KSurf 0.627 b1 0.031 Recharge Coefficient 0.741

REXP 1.529 b2 0.337 Soil Moisture Store Capacity 169.29 0

RSERV 0.300 b3 0.027

SARVA 0.010 C1 51.765

SIDE 0.000 C2 18.824

SSOUT 0.001 C3 52.549

UZFWM 79.373 C4 26.667

3.1.2. Evaluation of Categorical Metrics

To assess each precipitation product’s capacity to predict a rainy day, five category
metrics were calculated. As per the rules set by the Indian Meteorological Department, a
day is deemed rainy if it records 2.5 mm or more of precipitation. Evaluations of five cat-
egorical criteria for seven products of precipitation between 1998 and 2016 were carried
out [12]. With values of 0.844, 0.571, and 0.462, MSWEP had the lowest FAR, the highest

146



Water 2025, 17, 1171

accuracy, and the lowest PSS. With accuracy, POD, and PSS of 0.821, 0.705, and 0.549,
respectively, PERSIANN_CDR was the second-most dependable precipitation product to
identify wet days. With a maximum MBE of 9.332 mm/month, PERSIANN_CDR was
likely overestimating the entire research region, which is how rainy days were found [14].

In the eastern Godavari basin (Sabari, parts of lower Godavari), the accuracy of all
precipitation products is poorer. When it comes to counting hits within the research
region, MSWEP was operating effectively, ignoring false alarms, which ranged from 0.59 to
0.89 [24]. In terms of hit detection, PERSIANN_CDR also outperformed other datasets. In
areas with higher yearly precipitation, both of these datasets made accurate predictions
in some areas of Sabari and the lower Godavari. Moreover, CHIRPS demonstrated strong
performance in identifying rainy days, with 0.823 accuracy, 0.613 POD, and 0.497 PSS.
When it comes to predicting wet days, MSWEP performs somewhat better than the other
precipitation programs [26].

The average for July will increase significantly in the near future, from 277.41 m3/s
to 481.75 m3/s. Furthermore, it will increase to 619.29 m3/s in the medium future and
847.14 m3/s in the distant future. While the intermediate and far future averages will be
724.62 m3/s and 965.38 m3/s, respectively, this will soon increase to 757.67 m3/s. The
historical average for August is 374.57 m3/s. It will shortly rise to 402.71 m3/s, with the
historical average for September at 252.30 m3/s [11]. The averages are 528.45 m3/s in the
intermediate future and 433.63 m3/s in the remote future. Last but not least, the October
average is 60.68 m3/s historically, rising to 85.57 m3/s in the middle and 118.46 m3/s in
the long term. However, in the near future, it drops somewhat to 58.89 m3/s [14].

This study rigorously assessed seven satellite precipitation products against Indian
Meteorological Department gridded data in the Godavari River basin from 1998 to 2024. The
findings revealed that spatial correlations were generally strong, but performance varied
with climate regimes. Notably, MSWEP and TRMM stood out, delivering exceptional
accuracy, high NSE and R2 values, and low MAE and RMSE in monthly evaluations. These
datasets performed remarkably well during the monsoon and post-monsoon seasons,
making them valuable for precipitation detection. However, the spatial assessment showed
limitations in elevated, forested, and low-rainfall regions. Overall, MSWEP and TRMM
emerged as top performers, especially in data-scarce areas, offering significant potential
for hydrological studies and climate scenario downscaling in the future. Further research
should consider bias correction and finer-resolution datasets for enhanced accuracy in
various water resource applications.

To estimate the monthly and daily precipitation over the Godavari River basin using
the Indian Meteorological Department gridded data with 427 grid stations, this paper
provides a comprehensive assessment of seven satellite precipitation products from 1998
to 2016: CHIRPS, PGF, TRMM, CPC, CMORPH, PERSIANN_CDR, and MSWEP. The
evaluation period was established at 27 years due to the availability and quality. All
seven products were interpolated (distance-weighted average remapping) using a com-
parable geographic resolution of 0.25◦ and contrasted with gridded data from the Indian
Meteorological Department.

Several parameters, including calibrated connections between sensor reflectivity and
projected rain rate and sampling error derived from satellite overpass time, were used to
evaluate rainfall product category metrics. The algorithms and procedures used in the
product created their relationship, and they were connected in some manner. The monthly
average streamflow forecasts for the SSP585 scenario were calculated. It will shortly rise
to 5.23 m3/s, which is higher than the historical average for January at 3.94 m3/s. In the
intermediate and distant futures, it will rise to 1.32 m3/s and 30.34 m3/s, respectively. The
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historical average for June will soon rise from 22.67 m3/s to 39.00 m3/s. In the intermediate
and distant future, it will continue to rise to 98.20 m3/s and 15.08 m3/s.

The models were created using data for the years between 1987 and 2024, with 30%
going towards validation and 70% going towards calibration. The evaluation metrics used
showed that all four conceptual models performed satisfactorily in modeling streamflow.
In contrast to the other models, the Sacramento model produced noticeably superior results.
The most notable variations in rainfall patterns across various periods are displayed in the
SSP585 scenario. The region with the largest relative change in rainfall in the far future is
SSP585 (55.02%), followed by SSP370 (46.09%) [18], SSP245 (25.78%), and SSP126 (22.64%).
The SSP585 scenario predicts the far future to have the biggest absolute change in annual
mean temperature, 3.29 ◦C. Bias-corrected EC-Earth3 datasets have been used to forecast
future streamflow using the Sacramento model. Depending on the situation and time
frame, the monthly streamflow changed. Q95 is predicted to rise by 40.09% to 127.06% in
the mid-future and 73.90% to 215.13% in the distant future during the wettest July [14].

In terms of evaluation measures, RF and M5P performed well when using CMIP6
datasets as input. RF demonstrated adequate performance in testing (0.4 < NSE < 0.50
and 0.5 < R2 < 0.6) and extremely good performance in training (0.75 < NSE < 1 and
0.7 < R < 1). Likewise, M5P demonstrated good performance in both training and testing
(0.4 < NSE < 0.50 and 0.5 < R2 < 0.6). The input precipitation dataset for CMIP6 was
determined to be MIROC6 for the RF model and MRI-ESM2-0 for the M5P model. Daily
estimates: The streamflow estimates for the Kanhargaon, Nowrangpur, and Wairagarh
regions show a trend of rising water flow across several SSP scenarios, suggesting both
potential flooding difficulties and opportunities in terms of water supply [16]. An average
streamflow of 74.16 m3/s is anticipated at Kanhargaon under the more severe SSP585
scenario, with peaks possibly reaching 10,915.63 m3/s. Extreme water flows, indicated
by this high value, could result in flooding and pose serious problems for flood control.
Nowrangpur, which has historically seen larger flows, is also about to undergo significant
changes. SSP585 predicts extremely high levels of 11,548.50 m3/s, which would pose a
serious risk of flooding during peak hours. Wairagarh is susceptible to significant changes,
even though it began with very small flows in the SSP126 scenario at 48.92 m3/s. Highs
of 6691.33 m3/s are predicted by the SSP585 scenario, indicating that even regions with
normally moderate flows may experience significant flooding difficulties.

4. Conclusions

The seven satellite precipitation products CHIRPS, PGF, TRMM, CPC, CMORPH,
PERSIANN_CDR, and MSWEP are thoroughly evaluated in this study. The monthly and
daily precipitation over the Godavari River basin is estimated using data from 427 grid
stations collected by the Indian Meteorological Department between 1998 and 2024. The
availability and quality of the data led to the establishment of the evaluation period at
27 years. Using a similar geographic resolution of 0.25◦, all seven products were inter-
polated (distance-weighted average remapping) and compared to gridded data from the
Indian Meteorological Department. The assessment was conducted using both contin-
uous and categorical variables at multiple temporal (daily, monthly, and seasonal) and
geographical (basin and grid) resolutions. The following are the key findings:

• Geographic Correlation: The satellite precipitation products showed excellent geo-
graphic correlation, although the degree of accuracy varied depending on the climate
regime and evolving weather patterns influenced by climate change.

• Monsoon Dominance: The monsoon season (June to September) remains the domi-
nant precipitation period, accounting for approximately 85% of the basin’s total rainfall.

148



Water 2025, 17, 1171

This trend aligns with projections of intensified monsoon activities due to climate
change, potentially increasing flood risks and altering water resource availability.

• Seasonal Performance Variations: Except for MSWEP and TRMM, none of the
datasets accurately captured precipitation during the pre-monsoon (March–May)
and winter (January–February) seasons. This gap is critical under climate change
scenarios, where shifts in seasonal precipitation patterns are expected to intensify.

• Performance Under Monsoon and Post-Monsoon Conditions: MSWEP and TRMM
outperformed the other datasets during the monsoon and post-monsoon seasons,
exhibiting lower Mean Bias Error (MBE), Mean Absolute Error (MAE), and Root Mean
Square Error (RMSE), along with higher Nash–Sutcliffe Efficiency (NSE) and coefficient
of determination (R2). The MSWEP dataset, in particular, achieved an NSE of 0.806, R2

of 0.831, an MAE of 31.79 mm/month, and an RMSE of 56.73 mm/month, indicating
robust performance in tracking precipitation trends amidst climate variability.

• Accuracy in Precipitation Event Detection: MSWEP demonstrated the highest accu-
racy, with a Peirce’s Skill Score (PSS) of 0.571, a False Alarm Ratio (FAR) of 0.462, and
an overall accuracy of 0.844. Additionally, CHIRPS and PERSIANN_CDR successfully
detected rainfall occurrences, proving their utility as reliable backup data sources for
identifying extreme precipitation events under changing climate conditions.

These findings highlight the importance of selecting the most reliable precipitation
datasets to enhance hydrological modeling and climate adaptation strategies in the Go-
davari basin. As climate change continues to alter precipitation patterns, such evaluations
are crucial for improving flood forecasting, water resource management, and resilience
planning in vulnerable regions.
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2. Akar, Ö.; Saralioğlu, E.; Güngör, O.; Bayata, H.F. Semantic segmentation of very-high spatial resolution satellite images: A
comparative analysis of 3D-CNN and traditional machine learning algorithms for automatic vineyard detection. Int. J. Eng.
Geosci. 2024, 9, 12–24. [CrossRef]

3. Al-Shannag, M.; Al-Qodah, Z.; Bani-Melhem, K.; Qtaishat, M.R.; Alkasrawi, M. Heavy metal ions removal from metal plating
wastewater using electrocoagulation: Kinetic study and process performance. Chem. Eng. J. 2015, 260, 749–756. [CrossRef]

4. Anselmo, L. The long-term evolution of the Italian satellites in the GEO region and their possible interaction with the orbital
debris environment. In Proceedings of the 54th International Astronautical Congress of the International Astronautical Federation,
the International Academy of Astronautics, and the International Institute of Space Law, Bremen, Germany, 29 September–3
October 2003; IAC-03-IAA.5.2.05. [CrossRef]

5. Aydın, V.A. Comparison of CNN-based methods for yoga pose classification. Turk. J. Eng. 2024, 8, 65–75. [CrossRef]

149



Water 2025, 17, 1171
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Abstract: Evapotranspiration (ET) has a significant role in various natural and human
systems, such as water cycle balance, climate regulation, ecosystem health, agriculture,
hydrological cycle, water resource management, and climate studies. Among various
approaches that are employed for estimating ET, the Penman–Monteith equation is known
as the widely accepted reference approach. However, the extensive data requirement of this
method is a crucial challenge that limits its usage, particularly in data-scarce regions. There-
fore, as an alternative approach, artificial intelligence (AI) models have gained prominence
for estimating evapotranspiration because of their capacity to handle complicated relation-
ships between meteorological variables and water loss processes. These models leverage
large datasets and advanced algorithms to provide accurate and timely ET predictions. The
current research aims to review previous studies addressing the application of the AI model
in ET modeling under four main categories: neuron-based, tree-based, kernel-based, and
hybrid models. The results of this study indicated that traditional models like the Penman–
Monteith (PM) require extensive input data, while AI-based approaches offer promising
alternatives due to their ability to model complex nonlinear relationships. Despite their
potential, AI models face challenges such as overfitting, interpretability, inconsistent input
variable selection, and lack of integration with physical ET processes, highlighting the need
for standardized input configurations, better pre-processing techniques, and incorporation
of hydrological and remote sensing data.

Keywords: evapotranspiration; hybrid models; kernel-based models; neuron-based models;
tree-based models

1. Introduction

Evapotranspiration (ET), a dual process encompassing evaporation (a physical phase)
and transpiration (a biological phase), refers to the phenomenon of water evaporating
from the Earth’s surface into the atmosphere [1]. It is critically important to estimate
evapotranspiration accurately so that water resources can be managed efficiently, irrigation
schedules can be devised, and crops can be grown sustainably [2].

A widely used categorization method for determining ET involves two main ap-
proaches: direct and indirect. Lysimeter, eddy covariance (EC), sap flow (SF), scintillometer,
and Bowen ratio (BR) are techniques that directly measure ET, whereas indirect approaches
utilize specific equations to calculate the latent heat flux [3]. Employing direct methods on
a large scale for ET mapping faces challenges such as expensive installation and upkeep,
disturbances in flow surrounding sensors, and localized measurements [4–6]. In contrast,
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indirect methods, which utilize theoretical principles to estimate ET, have the capability to
reasonably accurately estimate ET over extensive regions. However, some indirect methods
have conceptual and mathematical complexities that limit their widespread applications.
Among the indirect models, Penman–Monteith (PM), which estimates the reference ET
(ET0) from a reference crop under standard climatic conditions, is considered the most
effective approach in both humid and arid climates. This method considers both thermody-
namic and aerodynamic factors [1]. By incorporating the crop coefficients suggested by the
Food and Agricultural Organization (FAO), the variations between the reference surface
and the specific crop’s physiology, physics, and morphology are accounted for through the
FAO-56 PM model [7–9]. The FAO-56 model has been extensively used to estimate crop ET;
however, the blind use of crop coefficients suggested by FAO-56 may cause errors in ET0

estimates. In addition, applying PM-based models to various locations worldwide, despite
their straightforward nature and solid theoretical foundation, poses challenges due to the
extensive input data required that are not easily obtained [8,9].

Noteworthy progress in computer technology has resulted in the development of
different machine learning (ML) methods, referred to as computational artificial intelligence
(AI) models, which employ a dynamic approach to mapping input features to output
features. These models consist of mathematical representations derived from training data
to predict target variables through the analysis of data characteristics. They possess the
ability to approximate intricate nonlinear relationships, including those that are nonlinear,
nonmonotonic, and multimodal, without relying heavily on assumptions regarding the
distribution of data or predefined conceptual connections between input and output data.
ML methods have proven to be effective alternatives for estimating ET0 using a restricted
quantity of meteorological variables, as demonstrated in various studies [10–14]. The
early achievement in ET estimation by employing ML algorithms was demonstrated in a
previous study [15], in which an artificial neural network (ANN) was employed to estimate
ET in California. Their study established the reliability of ML algorithms by comparing
their results with lysimetric records and PM-based estimations. Subsequent studies have
evaluated the efficiency of ML algorithms in the estimation of ET. During the previous
two decades, various ML algorithms, such as extreme learning machine (ELM), support
vector machine (SVM), deep learning algorithms, adaptive neuro-fuzzy inference system
(ANFIS), and random forest (RF), have been utilized for ET estimation, which has provided
the superior capability of AI models in forecasting ET0, particularly in managing complex
relationships and offering flexibility in selecting input data. For example, Ferreira et al. [10]
found that both SVM and ANN models were superior compared to the existing equations
in the estimation of daily ET0 across Brazil, even after calibration. Moreover, ELM, as a
relatively novel approach, has been confirmed in numerous studies to effectively handle
nonlinear problems. For instance, Dou et al. [16] employed the ELM method to simulate ET
in various ecosystems and highlighted its fast learning capability, recommending it as an
important complement to conventional AI methods because of its flexibility and robustness.

Given that AI methods have demonstrated reliable ET estimations in various ar-
eas [17,18], the objective of this study is to review advanced evapotranspiration estimation
models derived from AI theories. The assessment was performed in four main categories,
namely neuron-based models, kernel-based models, tree-based models, and hybrid models.
The studies conducted using these approaches were thoroughly examined. Finally, the
limitations and future prospects are deliberated upon.

2. Penman–Monteith (PM) Method

The Penman equation, formulated by Penman [19], is a semi-empirical expression that
approximates evaporation occurring from open water bodies. It relies on the principles
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of mass transfer and energy balance, utilizing monthly meteorological information, such
as wind velocity, solar radiation, air temperature, and humidity levels. The fundamental
Penman equation [7] is expressed as follows:

E =
Δ × LEn + γ × LEa

Δ + γ
(1)

where E denotes the evaporation rate, Δ is the gradient of the saturation vapor pressure
curve at air temperature T, LEn indicates the evaporation rate due to net radiation, γ

shows the psychrometric constant, and LEa denotes the evaporation rate resulting from
mass transfer.

By incorporating physical principles through introducing canopy and aerodynamic
resistances, Monteith [20] modified the Penman model, resulting in the development of
the well-known PM equation. The PM model is built upon the integration of aerodynamic-
based ET, which accounts for mass transfer and surface energy balance (SEB)-based sensible
heat flux within a single layer. The PM is represented by the following mathematical
formula [7]:

ET0 =
Rn − G

1 + γ
Δ

[
1 − (es−ea)

(eo−ea)

]
(ra+rs)

ra

(2)

where ET0 denotes the reference evapotranspiration, Rn shows the net radiation flux, G is
the soil heat flux, rs represents the surface resistance, ra is the aerodynamic resistance to
heat and/or vapor transport, ea is the actual vapor pressure of air, eo is the vapor pressure
within the leaf, and es is the saturation vapor pressure at the air temperature T.

The model is based on the big canopy assumption, treating it like a single “big leaf” to
simplify the parameterization of transpiration via canopy stomatal conductance [19–22].
This assumption, however, becomes problematic when considering changes in canopy
structure resulting from differences in the size of the leaf and its density, leaf angle, and
the height of the plant. Such changes can lead to unrealistic representations of the canopy
configuration [21].

It has been demonstrated that the model adequately simulates ET for densely veg-
etated canopies [23]. However, the PM model struggles to accurately account for soil
evaporation in sparse canopies owing to its big-leaf concept [20]. To address this limita-
tion, Shuttleworth et al. [24] introduced models consisting of two layers. These models
incorporate the relationship between vegetation and soil to calculate evaporation from the
uncovered soil and transpiration from moist surfaces and plants. While more intricate,
these two-layer models provide a better representation of real-world processes. To further
enhance accuracy, more complex multi-layer models involving multiple canopy layers have
been developed. These models independently compute resistance networks for distinct
layers within the canopy, making them highly adaptable and capable of delivering precise
ET estimations under varying weather conditions and crop growth stages [22,23]. Despite
the detailed structure, the practical use of these models is limited owing to the extensive
data requirements. Therefore, FAO further refined and standardized the original PM model
for practical applications in agricultural water management. The FAO-56 version provides
specific parameter values and recommendations for various situations and crop types by
introducing crop coefficients. Although the crop coefficient-driven models decreased the
data required for the original PM model, dealing with numerous variables still presents a
considerable challenge. Furthermore, blindly adopting coefficients of the crop suggested
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by FAO-56 can result in errors [25]. The equation below [7] represents the mathematical
formula of the PM model:

ET0 =
0.408(Rn − G) + γ

[ 900
T+273

]
u2(es − ea)

Δ + γ[1 + 0.34u2]
(3)

where u2 is the speed of wind at two meters above the ground.
To overcome the data challenges of PM-based models, researchers have employed al-

ternative approaches such as empirical equations and AI techniques. A growing amount of
research has proven the enhanced effectiveness of AI models in predicting ET0, particularly
in handling complex relationships and providing adaptable choices for input selection.

3. AI-Based Models for ET Estimation

3.1. Neuron-Based Models

Neuron-based models have been provided to emulate the structure and function of
neural networks of the human brain for various purposes. Popular neuron-based models
include ANNs and deep neural networks (DNNs), which are discussed below.

3.1.1. Artificial Neural Networks (ANN)

ANNs are computational models made up of interconnected units called artificial
neurons or perceptrons. These networks consist of an input layer, a hidden layer, and an
output layer, and the connections between the neurons are associated with weights. By
modifying these weights through the training phase, ANNs can learn the patterns among
the inputs and outputs to make predictions and decisions [26].

The utilization of ANNs has proven to be effective in simulating the nonlinear patterns
of intricate processes (e.g., ET0), addressing the limitations associated with the use of
the PM equation. In this regard, numerous researchers have reported the use of ANNs
for ET0 prediction modeling and have proposed enhancements in the architecture and
learning algorithms of ANNs. For instance, Kumar et al. [15] explored the use of a multi-
layer perceptron (MLP) ANN to estimate ET0. They compared the performance of the
conventional backpropagation algorithms employing learning rates of 0.2 and 0.8, as well
as that of backpropagation with momentum, against the traditional PM equation. Daily
ET0 estimation was based on two sets of climatic data for Davis, California, including the
maximum and minimum air temperature, maximum and minimum relative humidity, solar
radiation, and wind speed. Considering the different architectures of the input, hidden,
and output layers, the ANN model consists of six input layers, seven hidden layers, and a
single output, exhibiting better efficiency in estimating ET0 compared to the PM equation
against lysimetric measurements.

Kişi [27] evaluated the feasibility of utilizing the generalized regression neural network
(GRNN) technique using four different combinations of meteorological records to model
ET0 derived from the PM equation. The findings suggested that by incorporating relative
humidity, daily air temperature, solar radiation, and wind speed from the specific station,
the GRNN model performed better in modeling ET0 against the GRNN model trained with
data from neighboring stations.

Wang et al. [28] estimated monthly pan evaporation in China using various models,
including MLP, GRNN, ANFIS with grid partition (ANFIS-GP), multivariate adaptive
regression splines (MARS), fuzzy genetic (FG), and least-squares support vector machine
(LSSVM). The effectiveness of these models was evaluated in comparison to two regression
techniques: Stephens and Stewart (SS) and multiple linear regression (MLR) models. The
meteorological inputs included monthly recorded data of the air temperature, wind speed,
sunshine duration, relative humidity, solar radiation, and pan evaporation. The findings
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indicated that the AI models exhibited higher levels of accuracy than the SS and MLR
techniques. According to the statistical criteria, the best models were MLP, GRNN, LSSVM,
FG, ANFIS-GP, MARS, and MLR, respectively. It should be noted that the inclusion of more
input parameters improved model accuracy.

Kişi [29] evaluated the efficacy of three ANN techniques, i.e., GRNN, MLP, and radial
basis function neural network (RBFNN), to simulate PM-based ET0 by using daily wind
speed, air temperature, solar radiation, and relative humidity. They compared the perfor-
mances of models with empirical models such as the California Irrigation Management
Information System (CIMIS), Hargreaves, Penman, and Ritchie. The results indicated
that MLP and RBFNN could be effectively utilized in modeling PM ET0. The Hargreaves
model performed the best in estimating ET0 using data from nearby stations. In a study
conducted by [30] in Basque Country (northern Spain), daily estimated ET0s from empirical
and semi-empirical equations, including Turc, Makkink, Priestley–Taylor, Hargreaves and
Samani, and ANN, were compared to ET0 data obtained from the FAO-56 PM equation
at four stations. The ANN models, comprising seven different scenarios using various
meteorological parameters, including air temperature (minimum, maximum, and mean),
wind speed, extra-terrestrial radiation, relative humidity, and solar radiation, outperformed
the calibrated equations.

El-Baroudy et al. [31] investigated the performance of data-driven techniques, in-
cluding ANN, evolutionary polynomial regression (EPR), and genetic programming (GP)
models, to model actual ET recorded by the eddy covariance system. They also studied the
impact of past states (time lags) of the climatic inputs in two Canadian study areas. The EPR
model exhibited performance comparable to that of the GP and ANN models. In addition,
this model is simpler. The efficiency of the EPR model was increased by including the
previous states, thereby revealing the dynamic nature of the evapotranspiration process.

Antonopoulos et al. [32] compared the performance of ANN with mass transfer models
and empirical methods such as Makkink, Priestley–Taylor, and Hargreaves for estimating
ET0 using daily meteorological data, showing the superiority of ANN trained by wind
speed and relative humidity over other models.

Kişi [33] made a comparison between the ANN and fuzzy genetic (FG) approaches as
well as empirical methods, including the CIMIS, Turc, Ritchie, and Hargreaves methods, in
daily ET0 estimation using daily weather data of relative humidity, solar radiation, wind
speed, and air temperature. They reached the conclusion that the FG model surpassed the
performance of other models.

Traore et al. [34] investigated the capability of developing an ANN model for estimat-
ing ET0 based on the PM equation to address situations where there might be insufficient
climatic data at meteorological stations within the case study. The researchers used the
Hargreaves equation, which relies solely on air temperature data, to evaluate the capability
of a feedforward backpropagation ANN (FFBPNN) model against standard PM estima-
tions. Results from statistical analysis showed that the FFBPNN model outperformed the
Hargreaves equation based on temperature data alone. The introduction of the wind speed
parameter significantly increased the R2 value, whereas the inclusion of relative humidity
and sunshine had a lesser impact on the performance of the model. The investigations
indicated that wind speed was the most influential parameter in ET0 simulation.

Nema et al. [35] evaluated ANN capabilities to enhance the accuracy of estimations for
monthly evapotranspiration in a sub-humid climatic area located in Dehradun. Different
ANN methods, including various combinations of training functions and numbers of
neurons, have been developed to model ET0. During the modeling process, data on
monthly relative humidity, temperature, wind speed, rainfall, and sunshine hours were
employed. The ANN model that utilized the Levenberg–Marquardt training algorithm
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along with a single hidden layer containing nine neurons demonstrated the best predictive
capabilities for the study station.

Sudheer et al. [36] focused on modeling daily ET0 specifically for rice cultivation
using RBFNNs, experimenting with different sets of climatic inputs including humidity,
sunshine duration, wind speed, air temperature, and actual ET measurements. The findings
unequivocally indicated the effectiveness of the ANN technique in estimating ET compared
with lysimetric ET measurements.

Bruton et al. [37] applied ANN, MLR, and Priestley–Taylor models to model daily pan
evaporation by employing daily observations of rainfall, relative humidity, temperature,
wind speed, and solar radiation. They reported that the ANN model proved to be the most
precise approach, yielding an R2 value of 0.71 and an RMSE of 1.1 mm.

Sudheer et al. [38] used MLP with a back-propagation algorithm to model daily pan
evaporation by considering sunshine hours, temperature, wind speed, and relative humid-
ity. The ANN model exhibited superior performance compared to the SS model, a widely
recognized climatic method used for estimating evaporation. Nonetheless, an examination
of the discrepancies observed in the residual data of the developed ANN model indicated
substantial inaccuracies in the predictions during the validation phase. This suggests that
the ability of ANN models to generalize effectively could be compromised unless the
training process is meticulously executed. In addition, the research highlighted that the
ANN method has the potential to reasonably predict evaporation values based solely on
temperature data.

Keskin et al. [39] compared the performance of ANN and Penman approaches in
daily pan evaporation retrieval using daily observations of relative humidity, air and
water temperature, wind speed, air pressure, solar radiation, and sunshine hours. They
indicated that it achieved significantly higher accuracy compared to the Penman equation.
An explicit neural network (ENN) was introduced by Aytek et al. [40] to estimate daily
ET0 in California, USA, using relative humidity, air temperature, wind speed, and solar
radiation. The findings suggested that while ENN provided an alternative approach for
estimating ET0, the improvement in accuracy was only marginal compared to simpler
linear techniques.

Rahimikhoob [41] explored the feasibility of utilizing ANNs to estimate ET0 in a humid
subtropical region along the southern coast of the Caspian Sea in Iran. They compared the
findings with the estimations obtained through the Hargreaves equation and the FAO-56
model. The ANNs were trained using input variables including wind speed, daylight
hours, minimum and maximum air temperature, and relative humidity. The FAO-56 PM
model was employed to evaluate the performance of both approaches. Their findings
demonstrated that ANNs successfully estimated ET0 variability utilizing air temperature
data without compromising accuracy.

Parasuraman et al. [42] compared the performance of the GP model with the PM and
ANN models for ET0 prediction as a function of the surface temperature, wind speed,
air temperature, relative humidity, and net radiation. The results demonstrated that GP
successfully simulated the dynamics of the ET0 process compared with the other models.

Two types of ANN, MLP and RBFNN, were compared by Tezel and Buyukyildiz [43],
along with support vector regression (SVR), in order to estimate monthly pan evaporation
using inputs including relative humidity, temperature, wind speed, and total rainfall. The
performance of the AI models was further compared to that of two empirical models,
the Romanenko and Meyer methods. The findings revealed that ANN outperformed
alternative empirical methods and other AI models.

Aghelpour et al. [44] estimated rice evapotranspiration in the southern areas of the
Caspian Sea using AIs, such as the group method of data handling neural network (GMDH-
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NN), GRNN, MLR, and RBFNN, driven by weather data of relative humidity, air temper-
ature, precipitation, sunshine duration, pan evaporation, and wind speed. They found
that these models provided highly accurate estimations of the evapotranspiration rates
of rice on a daily basis. The comparison of the models exhibited better performance of
GMDH-NN with both NSE and R2 greater than 0.98, as well as RMSE ranging between
0.214 and 0.234 mm/day.

Kişi [45] examined MLP and RBFNN in modeling monthly pan evaporation using
monthly climatic data in California. These models were compared with the MLR and SS
methods. It was found that both AI methods exhibited superior performance compared to
regression and SS methods.

Three different ANN algorithms, including generalized feedforward (GFF), MLP, and
probabilistic neural networks (PNN), as well as linear regression (LR), were compared by
Traore et al. [46] to predict short-term ET0 based on different data combinations, including
temperature, extraterrestrial radiation, and net solar radiation in Dallas. The MLP network
provided the best results with the scenario of full weather data as inputs. The maximum
temperature was considered an important ET0 predictor, while the estimation accuracy of
the net solar radiation determined the rate of model improvement.

Trajkovic [47] highlighted the limitations of the standard PM equation due to the
extensive range of weather data required and examined the possibility of achieving reliable
outcomes by relying solely on maximum and minimum air temperatures. Four temperature-
based methods, including the RBFNN, Hargreaves, Thornthwaite, and reduced-set PM
equations, were evaluated and compared to the standard PM equation. The RBFNN
performance closely resembled the PM ET0 at most locations, suggesting that RBFNN
can be effective for predicting ET0 using only air temperature records in locations that
suffer from a lack of other climatic inputs, including solar radiation, relative humidity, and
wind speed.

Similarly, Tabari and Hosseinzadeh Talaee [48] pointed out that the primary challenge
in applying the PM equation lies in the extensive set of meteorological data that are needed
as inputs for the ET0 calculations. Additionally, the nonlinearity of the ET phenomenon
poses a challenge in precisely forecasting the impacts of climate change on ET. They
employed various MLP networks based on six learning algorithms such as Delta-Bar-Delta,
Levenberg–Marquardt, Step, Conjugate Gradient, Momentum, and Quickprop to model
daily ET0 in Hamedan, Iran, as a semiarid region. They explored scenarios involving
complete sets of climate variables as well as scenarios where some of these parameters were
missing. Different types of learning algorithms have been utilized to optimize the functions
of MLP networks. Among the MLP models, the model trained using the conjugate gradient
algorithm and full input variables demonstrated the best performance.

Zhu et al. [49] aimed to develop two AI models, the extreme learning machine (ELM)
and GRNN, with the objective of ET0 estimation on a daily basis only based on temperature
inputs. ELM is a newly proposed ML technology that has been confirmed to be a promising
ET0 estimation tool because of its higher effectiveness and significantly faster computational
speed [49]. The models were evaluated at six meteorological stations in the Sichuan Basin,
Southwest China. The historical daily meteorological variables considered in this study
were air temperature at a height of 2 m, relative humidity, wind speed at a height of 10 m,
and sunshine duration. The effectiveness of the proposed ELM and GRNN models was
evaluated against that of FAO-56 PM ET0 as a benchmark, along with the temperature-based
Hargreaves model and calibrated Hargreaves model. Notably, the Hargreaves model was
refined using Bayesian theory to account for local conditions at 19 meteorological stations,
exhibiting superior performance than the original Hargreaves model [50]. Two scenarios
for data management were taken into account for estimating the ET0. In the first scenario,
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all models were trained and tested using local data from individual stations. In the second
scenario, each model was trained by employing aggregated data from all stations and was
subsequently tested independently at all stations. In the initial scenario, the ELM model
surpassed the GRNN, Hargreaves model, and its calibrated version, exhibiting an average
mean absolute error (MAE) of 0.267 mm/d, relative root mean square error (RRMSE) of
0.198, and Nash–Sutcliffe coefficient (NSE) of 0.891. The GRNN model yielded the most
precise results among all considered models, with an average MAE of 0.263 mm/d, RRMSE
of 0.194 mm/d, and NSE of 0.895 in the second scenario. Overall, the performance of both
the ELM and GRNN models surpassed that of the Hargreaves and calibrated Hargreaves
models in both scenarios. Therefore, these models are recommended as suitable alternatives
for estimating ET0 accurately in the Sichuan Basin of southwest China.

In a separate investigation conducted by [51], the authors examined the application of
the ELM in predicting weekly evapotranspiration and compared it with ANN, least square
support vector machine (LSSVM), and Hargreaves models in Thar Desert, India. They
observed that the ELM model exhibited more accurate performance than the ANN and
Hargreaves models and similar performance to the LSSVM model.

Heddam et al. [52] suggested two types of ELM, namely optimally pruned ELM
(OPELM) and online sequential ELM (OSELM), for predicting the ET0 on a daily basis in
the Mediterranean region of Algeria. Large datasets covering various regions in Algeria
from east to west were used to develop the models, employing commonly used climatic
variables such as daily relative humidity, minimum and maximum air temperatures, and
wind speed as input features. According to the results, the OPELM models exhibited
superior overall performance compared with the OSELM models.

Malik et al. [53] predicted daily pan evaporation in India by employing various
models, including RBFNN, MLR, Stephens–Stewart, Christiansen, Griffiths, Priestley–
Taylor, SOMNN, Jensen–Burman–Allen, and Penman. The climatic inputs employed to
train the models were the relative humidity, maximum and minimum air temperatures,
sunshine hours, wind speed, and daily pan evaporation. According to their results, the
RBFNN model achieved the highest accuracy, with an RMSE of 1.02 mm/day, CE of 0.87,
and R of 0.93.

Malik et al. [54] employed several model strategies, including MARS, multi-gene ge-
netic programming (MGGP), support vector machine (SVM), and M5 model tree (M5Tree),
to estimate monthly pan evaporation by employing monthly meteorological inputs of
sunshine hours, relative humidity, minimum and maximum temperature, pan evaporation,
and wind speed. Additionally, this study used a hybrid model known as the multiple
model ANN (MM-ANN) to model the evaporation process. It incorporates two tiers of
learning, Level 1 and Level 2, within the modeling process. The first level controls the
primary learning procedure and involves training potential AI models using input variables
(meteorological data) and corresponding output (pan evaporation data) within a single
context. Conversely, Level 2, which is based on the results obtained from Level 1, creates
a form of binary learning procedure within the ML modeling strategy. The outcomes of
the Level 1 learning phase are used as input features, whereas the original output (pan
evaporation) serves as the output for the Level 2 stage (Figure 1).

The findings demonstrated that the MGGP and MM-ANN models, with RMSE, NSE,
MAPE, WI, and LM equal to 0.536, 0.954, 9.988%, 0.988, and 0.801 for the Pantnagar station
and equal to 0.911, 0.975, 0.724, 0.364, and 12.297% for the Ranichauri station, were more
successful compared to the other models in simulating pan evaporation in India on a
monthly basis.
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Figure 1. The configuration of the MM-ANN model.

Makwana, Tiwari [55] assessed various AI-based models, including ANN, ELM,
M5Tree, and MLR, for the estimation of daily reference evapotranspiration (ET0) using
different combinations of meteorological variables. According to the findings, the best
parameters resulting in precise estimation of ET0 included maximum temperature and
wind speed as two significant predictor variables. Additionally, ANN was identified as the
best model with R2, NSE, RMSE, Pdv, and MAE values of 0.98, 98.11%, 0.27 mm day−1,
7.75, and 0.19 mm day−1 to calculate ET0 using limited meteorological data compared to
the FAO-56 Penman–Monteith equation used as a benchmark.

In order to estimate daily ET0, Güzel, Üneş [56] explored the application of AI-based
models, including ANN, ANFIS, simple membership functions, the fuzzy rules generation
technique (fuzzy-SMRGT), support vector regression (SMOReg), and multivariate regres-
sion, including multi-linear regression (MLR), interaction (I-MR), pure quadratic (P-MR),
and quadratic (Q-MR), highlighting the novelty of using the fuzzy-SMRGT model in this
context. Various soft computing techniques were compared against classical statistical
methods using input data of air temperature, wind speed, solar radiation, and relative
humidity. In comparison with Penman-based ET0, ANN achieved the best performance
based on R2, average percentage error (APE), and RMSE. ANFIS ranked second after ANN
in terms of these evaluation metrics. Based on R2, the ranking from best to worst was
Q-MR, I-MR, P-MR, fuzzy-SMRGT, MLR, and SMOReg. However, in terms of RMSE, the
order changed to I-MR, Q-MR, P-MR, fuzzy-SMRGT, MLR, and SMOReg. When assessed
based on APE, the best-performing methods were I-MR, Q-MR, MLR, P-MR, SMOReg, and
fuzzy-SMRGT, respectively.

Another study [57] focused on developing a reliable model to estimate ET0 using
climatic predictors, comparing two techniques: stepwise regression and ANNs. The results
showed that the ANN model outperformed the stepwise regression model, with an R2

of 0.99 and a MAPE of 2.7%, compared to an R2 of 0.95 and a MAPE of 8.06% for the
stepwise regression model. Significant climatic factors affecting ET0 included maximum
temperature (100%), wind speed (93%), humidity (83%), and solar radiation (80%). The
study also faced limitations, including data availability, model generalization to other
regions, and the computational complexity of artificial neural networks, which could
hinder practical application. Future research should focus on ensemble modeling, the
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potential of remotely sensed data as ancillary inputs, and exploring the impact of climate
change on ET0 estimations in arid regions.

In [58], pan evaporation changes using AI techniques driven by daily climate data
were modeled. They used all pan evaporation data across the Slovak Republic from 2010 to
2023 to offer insights into (i) which river basin in the Slovak Republic is the most and least
impacted by changes in pan evaporation during the given period; (ii) which AI techniques,
including ML and deep learning (DL) models, are best suited for modeling pan evaporation
in Slovak conditions; and (iii) the key variables that most affect the estimation accuracy.
This study utilized linear regression (LR) models, tree-based methods, SVMs, ensemble
methods (EM), NNs, and kernels. According to the results, LR models (LR and Interaction
LR) provided the best fit, achieving RMSE values between 0.805 and 0.821 and R2 values
above 0.60. The NN models (narrow, medium, wide, and bilayered) yielded similar RMSE
and MAE values, not surpassing the traditional regression methods. SVM models exhibited
consistent performance, with RMSE values ranging from 0.882 to 0.900 and R2 values
between 0.538 and 0.556. Tree-based models (fine, medium, and coarse) underperformed,
with the fine tree model showing the highest RMSE of 1.035. Gaussian process models
provided solid RMSE and MAE outcomes, with the best RMSE around 0.877. The results
also revealed that evaporation is rising in rivers such as Bodrog, Hornád, and Váh, while
rivers like Dunaj and Hron showed a decreasing trend, due to the various ecological
factors. Among all models, stepwise linear regression emerged as the most effective, with
relative humidity and minimum temperature identified as crucial factors that enhanced the
accuracy of evaporation predictions. Regarding the most effective climatic data as inputs,
relative humidity followed by minimum temperature showed the highest impact on the
target variable. Following them in rank were wind speed, maximum temperature, and
average temperature, respectively.

The study in [59] aimed to predict seasonal crop ET (ETc) and crop water use efficiency
(CWUE) by using ANN and MLR under two different scenarios: (i) considering only
climatic factors and (ii) incorporating both crop parameters and climatic data. Both models,
by using only climatic variables, showed acceptable performance; however, the accuracy of
the MLR model significantly improved when physiological parameters were incorporated.
It is worth noting that ANN maintained strong predictive capability with or without
crop parameters.

The current study [60] sought to assess the effectiveness of ANN model in fore-
casting ET0 and ETc and evaluating the surplus or deficit in cassava’s water require-
ments. ANN predictions were generated using inputs from Blaney–Morin–Nigeria (BMN)
and Hargreaves–Samani (HAG) models, referred to as BMN-ANN and HAG-ANN. The
ANN model results were then compared to those obtained through the Penman–Monteith
method. Based on results, ANN models demonstrated superior predictive accuracy com-
pared to the empirical models. The BMN-ANN model achieved the best performance, with
an R2 of 0.9890, an RMSE of 0.000056 mm/day, and a Willmott’s index of agreement (d)
of 0.9960. Table 1 summarizes the aforementioned studies on ET estimation using ANN
models.

ANNs, particularly models such as the MLP and GRNN, have demonstrated supe-
rior performance over conventional empirical methods, including Hargreaves, Penman,
and Turc, for estimating ET [28,36,55,56,58]. This superiority is attributed to several key
advantages inherent in ANN-based modeling. Notably, ANNs exhibit higher predictive
accuracy, enhanced capability in handling multiple input variables, and greater adaptabil-
ity under data-scarce conditions. Their ability to model nonlinear relationships and their
flexible architecture further reinforce their effectiveness across diverse hydrological and
climatic settings.
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Table 1. A list of studies carried out to estimate ET by ANNs.

Reference Models Input Output Performance Criteria Best Model(s)

Kumar et al. [15] MLP, PM model

Maximum and minimum
air temperature, maximum

and minimum relative
humidity, wind speed, and

solar radiation

Daily ET0
WSEE = 0.3–0.6

mm/day MLP

Kişi [27] GRNN, PM model
Air temperature, wind

speed, relative humidity,
and solar radiation

Daily ET0

MSE = 0.058 and
0.032 mm2 day−2,
MAE = 0.184 and
0.127 mm day−1,

R2 = 0.985 and 0.986

GRNN

Wang et al. [28]
MLP, GRNN,

ANFIS-GP, MARS,
FG, LSSVM, MLR, SS

Air temperature, sunshine
durations, solar radiation,
relative humidity, wind

speed, and pan evaporation

Monthly pan
evaporation

MAE = 0.2585,
RMSE = 0.4668,

R2 = 0.9914,
MSE = 0.2214

MLP

Kişi [29]
GRNN, MLP, RBfNN,
CIMIS, Hargreaves,

Penman, Ritchie

Air temperature, relative
humidity, wind speed, and

solar radiation
Daily ET0

MSE = 0.664 and
0.712 mm2 day−2,

MAE = 0.619 and 0.663,
R2 = 0.870 and 0.855

MLP, RBFNN,
Hargreaves model

Landeras
et al. [30]

ANN, Turc, Makkink,
Priestley–Taylor,
Hargreaves and

Samani, PM model

Air temperatures
(minimum, maximum, and

mean), relative humidity,
wind speed, extraterrestrial

radiation, and
solar radiation

Daily ET0

MBE = 0.063–0.048,
MAE = 0.174–0.442,
RMSE = 0.238–0.646

ANN

El-Baroudy
et al. [31] ANN, EPR, GP

Air temperature, ground
temperature, net radiation,

relative humidity,
wind speed

Actual ET RMSE = 38.1,
MARE = 0.33, R = 0.86 EPR

Antonopoulos
et al. [32]

ANN, Makkink,
Priestley–Taylor,

Hargreaves, mass
transfer models

Maximum, minimum,
average, and standard

deviation values of
temperature, relative

humidity, wind speed, solar
radiation, and ET0

Daily ET0

RMSE =
0.574–1.33 mmd−1,

R = 0.955–0.986
ANN

Kişi [33]
ANN, FG, CIMIS,

Turc,
Hargreaves, Ritchie

Air temperature, solar
radiation, relative humidity,

and wind speed
Daily ET0

RMSE = 0.138–0.167,
MAE = 0.098–0.115,

R = 0.998–0.999
FG

Traore et al. [34]
FFBPNN,

Hargreaves,
PM model

Relative humidity,
maximum and minimum

air temperature,
precipitation, wind velocity,

sunshine duration

Daily ET0

RMSE = 0.048–0.714,
MAE = 0.033–0.581,

R2 = 0.693–0.998
FFBPNN

Nema et al. [35] Different ANNs

Minimum, average, and
maximum temperature;

relative humidity
(minimum and maximum);

wind speed; sunshine
hours; and rainfall

Monthly ET0

R = 0.969–0.989,
SSE = 1.102–3.047,

RMSE = 0.101–0.168,
NSE = 0.938–0.978,
MAE = 0.843–0.885

ANN with one
single hidden

layer, nine
neurons, and
Levenberg–
Marquardt

training algorithm

Sudheer et al. [36] Different RBFNNs

Relative humidity, air
temperature, relative
humidity, sunshine

duration,
wind speed, and actual ET

measurements

Daily ET0

SEE = 0.030–1.071,
RSEE = 0.030–0.945,

Efficiency (%) =
98.20–98.40

RBFNN trained
with only

temperature data

Bruton et al. [37] ANN, MLR,
Priestley–Taylor

Temperature, relative
humidity, solar radiation,
rainfall, and wind speed

Daily pan
evaporation

RMSE = 1.11 mm,
R2 = 0.717 ANN

Sudheer et al. [38] MLP, SS

Minimum and maximum
temperature and relative

humidity, wind speed, and
sunshine hours

Daily pan
evaporation

RMSE = 1.07–2.31,
CE = 9.63–70.71,

PE = −14.74–11.49,
SD = 0.28–0.50,
R = 0.54–0.86

ANN

Keskin and
Terzi [39]

ANN and
Penman models

Air and water temperature,
solar radiation, air pressure,

sunshine hours, wind
speed, and

relative humidity

Daily pan
evaporation

MSE = 0.007–0.01,
R2 = 0.629–0.778 ANN

Aytek et al. [40] ENN, MLR
Wind speed, solar radiation,

relative humidity, and
air temperature

Daily ET0
MSE = 0.084–0.123,

R2 = 0.983–0.989 ENN
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Table 1. Cont.

Reference Models Input Output Performance Criteria Best Model(s)

Rahimikhoob [41] ANN, PM,
Hargreaves

Wind speed, maximum and
minimum air temperature,

relative humidity, and
daylight hours

Daily ET0
R2 = 0.95, R = 1,

RMSE = 0.41
ANNs utilizing air
temperature data

Parasuraman
et al. [42] GP, ANN,

Surface temperature, air
temperature, net radiation,

wind speed, and
relative humidity

Daily ET0

RMSE = 38.8–69.8,
MARE = 0.34–1.02,

R = 0.71–0.85
GP

Tezel et al. [43] ANN, MLP, RBF,
Romanenko, Meyer

Temperature, relative
humidity, wind speed, and

total rainfall

Monthly pan
evaporation

MAE = 0.516–0.671
mm/month,

RMSE = 2.419–
3.147 mm/month,
R2 = 0.893–0.914

ANN

Aghelpour
et al. [44]

GMDH-NN, GRNN,
MLR, RBFNN

Minimum, average, and
maximum air temperature

and relative humidity,
sunshine duration,

precipitation, wind speed,
and pan evaporation

Daily ET0

RMSE =
0.220–0.234 mm/day,

NSE = 0.986–0.990,
R2 = 98.76–99.04,

NRMSE = 0.017–0.030,
MAE =

0.173–0.613 mm/day

GMDH-NN

Kişi [45] MLP, RBFNN, SS
Air temperature, solar
radiation, wind speed,

pressure, and humidity

Monthly
evaporation

MSE =
0.009–2.398 mm2,

MARE = 1.778–52.552,
R2 = 0.768–0.999

MLP and RBNN

Traore [46] GFF, MLP, PNN, LR

Minimum and maximum
temperature, net solar

radiation, and
extraterrestrial radiation

Short-term ET0

MSE =
1.408–3.197 mm/day,

NMSE =
0.262–0.595 mm/day,

MAE =
0.944–1.382 mm/day,
MSESS = 0.405–0.738,

CC = 0.703–0.860

MLP

Trajkovic [47]

RBFNN,
Thornthwaite,
Hargreaves,
PM models

Temperature, wind speed,
relative humidity, actual

vapor pressure, and
sunshine hours

Daily ET0

MXE = 0.482–0.850,
MAE = 0.130–0.193,
RMSE = 0.161–0.266

RBFNN

Tabari and
Hosseinzadeh

Talaee [48]
Different MLPs

Minimum, average, and
maximum

air temperature, dew point
temperature, water vapor

pressure, relative humidity,
wind speed, precipitation,

atmospheric pressure, solar
radiation, and sunshine

hours

Daily ET0

RMSE = 0.139–0.698,
MAE = 0.117–0.597,

R = 0.891–1.065,
Ratio = 0.973–0.998

MLP model
trained with the

Levenberg–
Marquardt
algorithm

Zhu et al. [49]

ELM, GRNN, PM,
Hargreaves,
calibrated

Hargreaves model

Maximum air temperature,
minimum air temperature,
mean air temperature at a

height of 2 m, mean relative
humidity, wind speed at a

height of 10 m, and
sunshine duration

Daily ET0

RRMSE = 17.9–21.7%,
MAE =

0.445–0.496 mm/d,
NSE = 0.907–0.929

ELM trained by
local data and
GRNN trained

using pooled data

Patil et al. [51] ELM, ANN, LSSVM,
Hargreaves

Minimum, average, and
maximum

air temperature; maximum
and minimum relative

humidity; solar radiation;
wind speed; and ET0

Weekly ET0

RMSE =
0.33–0.76 mm/day,

NSE = 0.85–0.98,
TS = 20.4–94.2

ANN, ELM and
LSSVM

Heddam et al. [52] OPELM, OSELM
Wind speed, maximum and
minimum air temperatures,

and relative humidity
Daily ET0

RMSE = 1.267–0.240,
MAE = 1.053–0.184,

R = 0.668–0.990
OPELM

Malik et al. [53]

RBFNN, MLR,
Griffiths, SS,

Priestley–Taylor,
Christiansen,

Penman, SOMNN,
and Jensen–Burman–

Allen

Relative humidity,
minimum and maximum

air temperatures, wind
speed, sunshine hours, and

daily pan evaporation

Daily pan
evaporation

RMSE = 1.024 mm/day,
CE = 0.874, R = 0.934 RBNN

Malik et al. [54] MM-ANN, MARS,
SVM, MGGP, M5Tree

Sunshine hours, relative
humidity, wind speed,

maximum and minimum
temperature, and pan

evaporation

Monthly pan
evaporation

MAPE = 9.988–12.297%,
WI = 0.975–0.988,

RMSE = 0.364–
0.536 mm/month,
NSE = 0.911–0.954,
LM = 0.724–0.801

MM-ANN and
MGGP
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Table 1. Cont.

Reference Models Input Output Performance Criteria Best Model(s)

Makwana
et al. [55]

ANN, ELM, M5Tree,
and MLR

Maximum temperature,
minimum temperature,
relative humidity, wind

speed, and BSS.

Daily ET0

R2 = 0.30–0.98,
NSE = 28.22–98.11,
RMSE = 0.27–1.88,
Pdv = 4.70–50.76,
MAE = 0.19–1.52

ANN

Güzel et al. [56]

ANN, ANFIS,
fuzzy-SMRGT,
SMOReg, and
multivariate

regression models

Air temperature, wind
speed, solar radiation,
relative humidity, and

evapotranspiration

Daily ET0
R2 = 0.998,

RMSE = 0.075,
APE = 3.361%

ANN

Abdel-Fattah
et al. [57]

ANN, stepwise
regression

Minimum and maximum
temperature, humidity,
wind speed, sunshine,

radiation, ET0, rain

Monthly ET0
R2 = 0.99, MSE = 0.24,

RMSE = 0.49,
MAPE = 2.7%

ANN

Novotná et al. [58]
LR models,

tree-based methods,
SVMs, EMs, NNs,

Kernels

Pan evaporation, minimum
temperature, maximum

temperature, relative
humidity, average wind

speed

Daily pan
evaporation

MSE = 0.647–0.674,
RMSE = 0.805–0.821,
MAE = 0.611–0.625,

R2 = 0.598–0.614

LR and
Interaction LR

Faloye et al. [59] ANN, MLR

Maximum and minimum
air temperature,

precipitation, wind speed,
relative humidity, ET0, LAI,

and plant height

Seasonal ETc

RMSE = 2.297–15.333,
MAE = 0.517–3.049,

NRMSE = 0.653–4.367,
R2 = 0.875–0.998

ANN

Eludire et al. [60] ANN

Minimum air temperature,
maximum air temperature,

mean relative humidity,
solar radiation, wind speed,

and rainfall

Daily ET0 and ETc
WI = 0.996, R2 = 0.989,

RMSE =
0.000056 mm/day

BMN-ANN

Notes: Abbreviations: weighted standard error of estimate (WSEE), mean absolute errors (MAE), root mean square
errors (RMSE), determination coefficient (R2), Nash–Sutcliffe (NSE), mean square errors (MSE), mean bias error
(MBE), mean bias error (MBE), mean absolute relative error (MARE), correlation coefficient (R), sum of squared
errors (SSE), standard error of estimates (SEE), raw standard error of estimates (RSEE), percentage error (PE),
standard deviation (SD), normalized root mean square error (NRMSE), normalized mean square error (NMSE),
mean square error skill score (MSESS), coefficient of efficiency (CE), threshold statistics (TS), relative root mean
square error (RRMSE), ratio between average estimated ET0 values and observed values (Ratio), mean absolute
percentage error (MAPE), Willmott’s index of agreement (WI), Legate and McCabe’s index (LM), maximum
absolute error (MXE), bright sunshine hours (BSS), peak percentage deviation (Pdv), average percentage error
(APE), leaf area index (LAI).

A critical advantage of ANNs lies in their capacity to integrate a comprehensive
range of meteorological variables. including maximum and minimum temperature, solar
radiation, relative humidity, and wind speed, significantly enhances model performance
compared to traditional approaches that typically rely on a limited set of inputs [26,61].
Furthermore, although many studies do not explicitly address data incompleteness, ANNs
inherently manage missing data through implicit interpolation during training. This
capacity is especially valuable when using data from multiple stations, where spatial
correlations can aid in estimating ET at locations with partial records [61].

Despite these strengths, certain limitations warrant consideration. ANN models
are most effective when trained on large, high-quality datasets. Their performance can
degrade when confronted with incomplete or poorly representative input data [26,62].
Moreover, successful application requires meticulous optimization of network architecture
and hyperparameters to ensure optimal performance [63,64]. Although ANN models
outperform conventional methods, they are not exempt from challenges related to model
complexity and parameter tuning [61,65].

Another critical concern involves the extrapolation capability of ANN models. Their
performance may decline when predicting ET under extreme or previously unseen cli-
matic events, such as severe droughts, heatwaves, or anomalous precipitation patterns,
particularly if such events are underrepresented in the training dataset. As climate regimes
evolve, models trained solely on historical data risk becoming outdated, necessitating peri-
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odic retraining to preserve predictive reliability in dynamically changing environmental
conditions [66,67].

3.1.2. DNNs

While regular regression models struggle to handle non-linear patterns in time-series
data, ANNs are generally more adept in this regard. However, most ANNs fail to account
for seasonality or time dependence. For instance, simple ANN architectures, such as
multilayer perceptrons, lack memory blocks to retain previous information, which is crucial
for accurate predictions. To address this limitation, DNNs with multiple hidden layers
were developed to automatically learn complex features from input data. Convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) are popular examples of
deep learning architectures.

Convolutional layers are used by CNNs to automatically extract the input data’s
spatial feature hierarchies. Because of this, CNNs are excellent at tasks like object detection,
image creation, and image classification. In contrast, RNNs designed for sequential data
incorporate cycles within a network of nodes to capture the dynamics of sequences [68].
They have loops that allow the transfer of information from one step to the subsequent
one, enabling RNNs to understand time-based relationships in the data. A significant type
of RNN architecture is long short-term memory (LSTM) network, which addresses the
issue of vanishing gradients in RNNs and possesses the ability to store important data
across extended sequences [69]. LSTMs use memory cells to preserve data across extended
sequences, making them more capable of learning long-range dependencies in data.

Although many researchers have addressed the potential assessment of commonly
used AI techniques, such as ANN, the most recent ML approaches, for example, RNN and
CNN, are less employed for ET0 forecasting. For example, Afzaal et al. [70] examined
the efficiency of conventional LSTM and bidirectional LSTM models in predicting ET0

obtained from the FAO-56 method on Prince Edward Island, Canada. Nine variables
were chosen, including heat degree days, wind speed, air temperature, relative humidity,
atmospheric pressure, and dew point temperature as inputs. A novel dataset was generated
by computing the average values of the climatic inputs to account for variability across
various regions of the study area. Subset regression analysis revealed that maximum air
temperature and relative humidity were the most important variables among the selected
factors for estimating ET0. According to the findings, all RNNs utilized in this study, which
were trained using the Adam optimizer without applying dropout in the LSTM layers,
were able to converge successfully without experiencing overfitting or underfitting, and
they achieved comparable training and testing accuracies.

Saggi and Jain [71] conducted a comparative study in India to investigate the effec-
tiveness of generalized linear model (GLM), deep learning-multilayer perceptrons (DLMP),
gradient-boosting machine (GBM), and random forest (RF) in daily ET0 modeling using
six attributes: maximum and minimum air temperature, wind speed, relative humidity,
sunshine hours, and solar radiation. The analysis of these models was conducted within
the H2O framework, which provided a novel approach for training, validating, testing, and
enhancing the effectiveness of classification utilizing ML algorithms. The findings of the
analysis demonstrated that all the models exhibited high efficiency when predicting evap-
otranspiration on a daily basis. However, they concluded that the DLMP demonstrated
better performance than the other models.

Ferreira et al. [10] presented a novel evaluation of the application of restricted hourly
meteorological data to predict ET0 in Brazil on a daily basis. Data on the highest and lowest
recorded temperatures, highest and lowest relative humidity levels, wind speed, and solar
radiation were gathered for analysis. The evaluation was carried out at both regional and
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local scales using ML models, such as RF, XGBoost, ANN, and CNN. The results revealed
that the CNN model achieved higher accuracy compared to the other methods.

Daily ET0 estimation for a seven-day period was conducted utilizing three contempo-
rary deep learning models: LSTM, ConvLSTM, and ID-CNN trained using daily climatic
inputs such as air temperature (maximum, minimum, mean), solar radiation, relative hu-
midity, and wind speed [72]. Although, in both the calibration and validation procedures,
the ConvLSTM model showed superior performance compared to both LSTM and CNN
by exhibiting the lowest RMSE in the weekly ET0 estimations, there was not a significant
distinction in the daily ET0 estimations.

The study in [73] investigated the effectiveness of AI-based models to estimate PM-
calculated ET0 by using limited meteorological data. They used an ANN model to estimate
long-term ET0, while LSTM and CNN-LSTM were applied for short-term ET0 predictions.
Compared to traditional models, findings showed the superiority of AI models in ET0

estimation. ANN, which used temperature, solar radiation, and relative humidity as inputs,
yielded the best results with R2 between 0.992 and 0.998, MAE from 0.07 to 0.16 mm/day,
and RMSE between 0.12 and 0.25 mm/day. Conversely, for short-term ET0 forecasting,
the LSTM model using the same inputs was the most effective for predicting ET0 four
days ahead, achieving R2 ranging from 0.608 to 0.756, MAE from 1.05 to 1.28 mm/day,
and RMSE between 1.35 and 1.62 mm/day. This study demonstrated that AI algorithms
can effectively estimate and predict ET0 using limited meteorological data, though their
forecasting accuracy could be enhanced by testing over longer periods. While regional AI
models, trained with data from multiple meteorological stations, improve generalizability,
they tend to be less accurate than location-specific models due to variations in training data.
To balance generalizability and performance, grouping stations based on meteorological
characteristics rather than geography may lead to more reliable regional models [73].

The study in [74] utilized four deep learning models of CNN, DNN, bidirectional long
short-term memory (BiLSTM), and gated recurrent units (GRU) to predict daily ET0 in
Australia. The results demonstrated that deep learning models effectively estimated ET,
with GRU and DNN outperforming the other models. During the testing period, the GRU
model achieved the highest accuracy, with R2 = 0.989, RMSE = 0.1794, MSE = 0.0322, and
MAE = 0.1417, followed by DNN (R2 = 0.980, RMSE = 0.185, MSE = 0.0345, MAE = 0.1507).
The CNN model had the lowest precision (R2 = 0.958, RMSE = 0.364, MSE = 0.1330), while
BiLSTM performed better than CNN but remained behind GRU and DNN, with R2 = 0.969
and MSE = 0.0988. According to the sensitivity analysis, radiation with 42% and maximum
temperature with 32% had the greatest impact on the evapotranspiration process, while
minimum relative humidity contributed the least. Table 2 presents a compilation of research
papers that focused on estimating ET using DNN models.

Recent advancements in DL have led to the development of sophisticated models for
forecasting ET0 using a variety of meteorological inputs [10,70,71]. In particular, emerging
research has focused on the application of DL techniques for both short-term and long-term
ET0 prediction [72–74]. DL models have demonstrated notable advantages over traditional
empirical methods, attributed to their (1) enhanced predictive accuracy, (2) robustness
under varying climatic and environmental conditions, (3) ability to capture complex non-
linear interactions, (4) improved computational efficiency, and (5) adaptability to newly
available data.

Compared to empirical approaches, DL models exhibit reduced sensitivity to missing
or incomplete data [75,76]. Furthermore, DL models have demonstrated consistent perfor-
mance across a wide range of climatic zones, underscoring their applicability in diverse
geographic extents [77]. Unlike traditional empirical models that depend on fixed mathe-
matical formulations, DL architectures inherently learn relationships from data without
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requiring predefined equations or assumptions about the underlying processes [75,78].
Additionally, DL models can be trained on localized datasets and subsequently applied to
broader regions using global-scale inputs. This transferability facilitates the accurate upscal-
ing of ET0 estimates from site-specific to regional and global levels [79]. Once trained, DL
models offer computationally efficient ET estimation, in contrast to empirical approaches
that often necessitate extensive data inputs [77]. Moreover, DL frameworks support contin-
uous model refinement through retraining or fine-tuning as new data becomes available,
thereby maintaining long-term model relevance and accuracy [75,78].

Table 2. Studies related to estimating ET by using DNN models.

Reference Models Input Output Performance Criteria Best Model(s)

Afzaal et al. [70]
Different

configuration of
LSTM, PM

Hourly minimum, mean,
and maximum air

temperature, heat degree
days, relative humidity,
wind speed, dew point

temperature, and
atmospheric pressure

Daily ET0

MAE = 0.0375–0.0555,
RMSE = 0.38–0.58,

R2 = 0.86–0.92

LSTM trained by
the Adam
optimizer

Saggi and
Jain [71]

DLMP, GLM,
RF, GBM

Maximum air temperature,
minimum air temperature,

relative humidity, wind
speed, solar radiation, and

sunshine hours

Daily ET0

MSE = 0.0369–0.1215,
RMSE = 0.1921–0.2691,

NRMSE = 13.90–18.70%,
RMSLE = 0.0693–0.1023,

R = 0.96–0.98, R2 = 0.95–0.99,
LL, NSE = 0.95–0.98,

ACC = 85–95,
MCE = 0.042–0.085

DLMP

Ferreira
et al. [10]

RF, XGBoost, ANN,
and CNN

Minimum and maximum
air temperature, minimum

and maximum relative
humidity, wind speed, and

solar radiation

Daily ET0
RMSE = 0.2–1.2 mm/day,

MBE = −1.00–1.00 CNN

Farooque
et al. [72]

LSTM, ID-CNN, and
ConvLSTM

Minimum, mean, and
maximum air temperature,

solar radiation, relative
humidity, and wind speed

Daily ET0

RMSE = 0.62–0.95,
R2 = 0.61–0.74,

NSE = 0.67–0.75
ConvLSTM

Fang et al. [73] ANN, LSTM, and
CNN-LSTM

Maximum air temperature,
minimum air temperature,

Relative humidity, solar
radiation, wind speed, and
mean atmospheric pressure

Daily ET0

R = 0.992–0.998,
MAE = 0.07–0.16 mm/day,
RMSE = 0.12–0.25 mm/day

ANN for
long-term

predictions and
LSTM for
short-term
predictions

Baishnab
et al. [74]

CNN, DNN,
BiLSTM, GRU

Rainfall, maximum
temperature,

minimum temperature,
solar radiation,

maximum relative
humidity, minimum

relative humidity, and
short crop

evapotranspiration

Daily ET0
R2 = 0.989, RMSE = 0.1794,

MAE = 0.1417, MSE = 0.0322 GRU

Notes: Abbreviations: root mean square logarithmic error (RMSLE), log loss (LL), accuracy (ACC), mean per-class
error (MCE).

Several critical components, namely data selection, preprocessing, feature selection,
and the treatment of missing data, play a pivotal role in the effective application of DL
models, as evidenced by the existing literature. Commonly, DL studies utilize key meteoro-
logical variables such as air temperature, relative humidity, solar radiation, and wind speed
as model inputs. Moreover, hourly data are frequently preferred over daily records due to
their higher temporal resolution, which have led to model accuracy [75,79]. To improve
compatibility with DL algorithms and to optimize performance, climatic datasets are typi-
cally normalized [80]. Feature selection techniques are employed to eliminate redundant
or irrelevant variables, thereby reducing computational demands and improving model
accuracy [80]. Addressing missing data is also essential for maintaining dataset integrity;
this is often achieved through statistical imputation or machine learning-based methods.
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The implementation of effective feature selection has been shown to significantly enhance
the predictive performance of various models by emphasizing the most informative input
variables [80]. In summary, DL-based approaches to ET estimation benefit substantially
from the integration of advanced data preprocessing strategies, feature optimization, and
robust methods for handling incomplete data, thereby demonstrating strong potential for
improved predictive performance.

Previous studies highlight both the strengths and limitations of DL-based ET estima-
tion. DL models are particularly effective in capturing complex and nonlinear interactions
among climatic variables; however, their performance is highly dependent on appropriate
hyperparameter tuning and rigorous model validation [75]. Despite their predictive capa-
bilities, the interpretability of DL models remains a significant challenge. Nevertheless, the
integration of hybrid approaches such as combining DL with gradient boosting techniques
like XGBoost offers enhanced scalability and performance [81]. A further concern is the
potential for overfitting, particularly in regions with limited training data or low variability
in input features [79]. These considerations underscore the need for careful model design
and data management when applying DL techniques to ET estimation.

One of the significant DNNs’ advantages for ET0 prediction is in spatiotemporal
modeling. Architectures like hybrid CNN-LSTM models excel at capturing temporal de-
pendencies and spatial variability in dynamic weather conditions [82]. However, DNNs
face challenges related to high computational cost during training, requiring substantial re-
sources and time, which can limit their use in low-resource settings [83]. Additionally, while
transfer learning improves adaptability, DNNs often struggle with generalizability across
extreme or sparse climates, such as arid or polar regions. Without targeted data augmenta-
tion or domain-specific fine-tuning, DNNs may not perform well in these environments,
highlighting the need for careful model adaptation in diverse climatic contexts.

3.2. Tree-Based Models

Tree-based models, which are employed for both regression and classification pur-
poses, construct a hierarchical arrangement of decisions that resembles a tree. These models
are specifically useful for capturing complex relationships in data and are widely used in
various fields. Typical tree-based models encompass decision trees, random forests, gradi-
ent boosting machines, adaptive boosting, gradient boosted regression trees, and extremely
randomized trees, among which random forests are more popular for modeling ET0.

A random forest (RF) model is a collective learning approach that combines multiple
decision trees to improve predictive accuracy and reduce overfitting. Every tree was
trained on a randomly selected subset of data to make estimations. The final prediction
is obtained by averaging (in regression) or using majority voting (for classification) on
the predictions from individual trees. Because of its effectiveness across diverse datasets,
accurate estimation, a limited set of pre-defined parameters, the capability to predict the
relative value of the parameters, and its capacity to prevent overfitting, the RF method has
gained significant popularity in recent years [84–87]. For example, Wang et al. [86] assessed
the generalization capabilities of the RF algorithm in modeling ET0 using various input
combinations, particularly in scenarios involving missing data. The study also compared
the performance of RF with the gene expression programming (GEP) approach by data
collected from 24 stations situated in a karst region in China. The findings indicate that the
RF-based models successfully modeled ET0 using both entire and partial meteorological
variables. The performance measures, including R2, NSE, RMSE, and PBIAS, ranged from
0.64 to 0.99, 0.63 to 0.99, 0.11 to 0.56, and −2.92% to 1.57%, respectively. Similarly, the
GEP-based models showed promising results, with performance measures of R2, NSE,
RMSE, and PBIAS ranging from 0.64 to 0.94, 0.64 to 0.94, 0.22 to 0.56, and −1.98% to 0.25%,
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respectively. While models based on RFs demonstrated a slight superiority compared to
models based on GEPs, the GEP approach offered the advantage of providing explicit
relationships among dependent and independent parameters, enhancing accessibility for
irrigators with limited computer proficiency. Therefore, it was recommended to utilize the
RF-based models for water balance purposes and the GEP-based models for agricultural
irrigation practices. Furthermore, the study observed a decline in model performance over
time because of the impact of climate change on ET0. Finally, both the RF and GEP methods
demonstrated the ranking of meteorological variables based on their significance for ET0,
such as air temperature, sunshine duration, wind speed, and relative humidity.

Shi et al. [88] estimated the ET0 on a daily basis in southeastern Australia using RF-
based models and evaluated their efficiency in comparison to empirical methods including
Makkink, Abtew, Jensen–Haise, and Hargreaves. Data on daily historical climate conditions
were gathered throughout the study period, which included parameters such as relative
humidity, temperature, solar radiation, and rainfall. The RF-based models outperformed in
estimating ET for all stations with R2, RMSE, and rMBE values ranging from 0.68 to 0.92,
0.58 mm/day to 1.46 mm/day, and −16.10% to 9.73%, respectively. Subsequently, empirical
methods and RF-based models were employed to forecast future ET across eight stations
using climatic data from 34 general circulation models (GCMs), which were statistically
downscaled on a daily basis. Two distinct representative concentration pathways (RCP4.5
and RCP8.5) were used during the modeling. All models showed an increase in ET
under RCP4.5 and RCP8.5 from 33 mm/year to 129 mm/year and from 43 mm/year
to 248 mm/year, respectively. Additionally, uncertainties, which were quantified in ET
projections, revealed that RCP-related uncertainty was the predominant contributor to the
uncertainty in projected ET (approximately 40% for most stations), while uncertainties
related to GCMs and ET models contributed approximately equal amounts to the projected
ET uncertainty (10–30%).

In the study conducted by Vulova et al. [89], an approach that integrates flux footprint
modeling, ML techniques, and a Geographic Information System (GIS) was implemented
along by employing data acquired through remote sensing to estimate ET at a half-hourly tem-
poral resolution in a diverse urban area. The hypothesis consisted of incorporating GIS data
and remote sensing via footprint modeling, instead of relying merely on meteorological data.
Two algorithms, 1D CNN and RF, were compared in the analysis. While RF demonstrated a
slightly higher level of accuracy, CNNs also demonstrated promising results.

Feng et al. [90] employed RF and GRNN to predict the daily ET0 at the Chengdu
and Nanchong stations in southwest China. Two different input scenarios were used: a
complete dataset including the maximum and minimum air temperature, solar radiation,
wind speed, and relative humidity. It was observed that both RF and GRNN exhibited
strong performance; however, the RF model exhibited higher accuracy based on statistical
performance criteria.

Al-Mukhtar et al. [91] assessed various AI methods, including quick RF (QRF), RF, SVM,
and feed-forward ANN (FFANN), as well as multiple regression analysis, to predict pan
evaporation rates using monthly data of air temperatures, wind speed, and relative humidity
recorded by three meteorological stations in Iraq. Both the QRF and RF methods showed
superior performance compared to the other models during both calibration and validation
phases in terms of modeling pan evaporation on a monthly basis at all meteorological stations.
Overall, the ranking of the investigated models, from best to worst performance, in relation to
the observed data, was as follows: QRF > RF > ANN > SVM > MLR.

In the study carried out by [92], aimed to incorporate a robust modeling approach,
utilizing diverse sites along Turkey’s southern coastline, to develop a general model for
predicting monthly ET0 comprehensively. To this end, a comprehensive investigation

170



Water 2025, 17, 1384

was carried out by three distinct approaches: MLR, RF, and ELM, based on 20 different
combinations of meteorological and geographical factors, resulting in a total of 60 predic-
tive models. The input data included historical monthly meteorological records, such as
humidity, temperature, reference evapotranspiration, and wind speed. The ELM model
provided more accurate predictions compared to the MLR and RF models.

Furthermore, other tree-based models, including M5Tree and gradient boosting ma-
chines, have been employed by researchers to estimate ET0 based on different data scenarios.
For example, Fan et al. [93] proposed a novel tree-based soft computing model called the
light gradient boosting machine (LGBM) to model the daily ET0 for 49 meteorological
stations throughout China.

The LGBM constitutes a gradient-based learning approach built upon decision trees
and the boosting concept. The main advantage of the LGBM model over XGBoost lies in
its use of histogram-based algorithms to enhance the speed of the training process, curtail
memory usage, and implement a leaf-wise growth method with depth constraints. The
standard decision tree growth method, known as “level-wise”, exhibited weakness because
it treats all leaves at the same level, incurring unnecessary memory overhead. Therefore, a
more efficient alternative, termed “leaf-wise”, was developed to choose leaves that exhibit
the greatest branching advantage from the entire leaf pool, leading to superior accuracy
with the same number of segmentation attempts. However, it is noteworthy that leaf-wise
orientation can lead to deeper decision trees and the possibility of overfitting. To strike a
balance between efficiency and overfitting, the LGBM introduces a limit for the maximum
depth at the highest leaf level. A visual depiction of level-wise and leaf-wise tree growth
methods is presented in Figure 2.

 

Figure 2. Schematic structure of the growth strategies of leaf-wise and level-wise trees.

The performance of LGBM used in this study was compared with M5Tree, RF, and
four empirical models (Tabari, Hargreaves–Samani, Trabert, and Makkink). The LGBM
model was found to be the most effective in this comparison. Different combinations of
daily meteorological inputs, including minimum and maximum temperature, wind speed
at a height of 2 m, relative humidity, global solar, and extraterrestrial solar radiation, were
used for developing the models. The results demonstrated that LGBM outperformed RF
and M5Tree in both local and external applications across all combinations, with an average
RMSE ranging from 0.08 to 0.58 mm/day, 0.11 to 0.62 mm/day, and 0.13 to 0.60 mm/day,
respectively. In addition, all three models provided significantly improved estimates of
daily ET0 compared to the corresponding empirical models using the same inputs. Among
the meteorological variables, solar radiation was identified as the primary factor affecting
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the prediction of daily ET0 estimation in the study area, followed by wind speed, relative
humidity, and minimum and maximum temperature.

Huang et al. [11] examined the viability of a novel ML algorithm called CatBoost,
which utilizes gradient boosting on decision trees to accurately predict daily ET0 in humid
areas of China using limited meteorological data. Two commonly used ML algorithms, RF
and SVM, were also evaluated for comparison. This research utilized different combina-
tions of daily meteorological input data such as solar radiation, minimum and maximum
temperatures, wind speed, and relative humidity. According to the results, the SVM
model performed the best with limited access to climatic data, whereas the CatBoost model
performed the best with full access to climatic data. CatBoost, as a tree-based algorithm, sig-
nificantly improved stability, accuracy, and computational efficiency compared to RF. It was
concluded that CatBoost has great capability for modeling ET0 in other areas worldwide
with similar climates to humid regions of China.

Rahimikhoob [41] investigated the efficiency of ANN and M5Tree models to predict
ET0 using humidity, maximum and minimum air temperature, and extraterrestrial radiation
at four meteorological stations in a region with an arid climate. The results demonstrated
that the ANN-based ET0 estimates with an R2 of 0.98 and an RMSE of 5.6% outperformed
the M5Tree model; however, the results obtained from both models were close to those of
the PM method.

Ref. [94] introduced an extensive investigation to accurately predict ET0 across 14 sta-
tions situated in China using different types of techniques, namely GRNN, MLP, ANFIS,
SVM, MARS, extreme gradient boosting (XGBoost), M5Tree, and a kernel-based nonlinear
extension of the Arps decline model (KNEA). The input data included the daily relative
humidity, minimum and maximum temperatures, wind speed, solar radiation, and precipi-
tation. The study results demonstrated that ML techniques could offer reliable predictions
of ET0 using merely temperature variables. Additionally, adding precipitation data im-
proved prediction accuracy by 7.6% across China, particularly in humid regions. MARS,
KNEA, and SVM generally performed better than the other models.

Wu and Fan [95] utilized the M5Tree, ANFIS, and conjugate gradient (CG) models for
pan evaporation simulations using measured daily meteorological input data of sunshine
hours, air temperature, relative humidity, wind speed, and pan evaporation. Their results
revealed that the CG model outperformed the M5Tree and ANFIS methods.

Three distinct ET models were proposed to predict actual evapotranspiration, with
variations in the input variables used [4]. The inputs included net solar radiation, soil
moisture content, mean temperature and relative humidity, wind speed, and sensible-heat
flux. Each model consisted of four different variants, employing different ML algorithms,
namely, the SVR, bagging, RF, and M5P regression tree. According to the results, models
using a comprehensive range of climatic input variables offer greater accuracy but require
sufficient measuring stations, limiting their applicability. Furthermore, the M5P models
exhibited a noticeable rise in result variance when dealing with ET values greater than
3 mm/day. Conversely, the SVR models consistently overestimated ET when it exceeded
3 mm/d. M5P and SVR models showed the largest residuals in the 0–1 mm and 2.5–5 mm
ranges, similar to RF models. This suggests that excluding moisture content and sensible-
heat flux from the inputs adversely affects the effectiveness of the predictive model. The
highest residual values observed across the entire range of experimental measurements
were comparable in the RF models.

Wang et al. [96] predicted the pan evaporation on a daily basis in China using the
M5Tree, ANFIS-GP, and FG models trained by air pressure and temperature, solar radiation,
wind speed, and pan evaporation. Their results demonstrated the considerable capability
of the FG model for estimating pan evaporation.
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The research in [97] aimed to forecast crop water stress index (CWSI) and crop evapo-
transpiration (ETc) to design irrigation decision support systems (IDSS) by using different
AI algorithms in comparison with traditional methods such as FAO56 ETc and Jackson’s
theoretical CWSI. The data included different combinations of weather data, soil water
content, and ancillary variables. The findings indicated that CatBoost, with RMSE ranging
from 0.06 to 0.09, and stacked regression, with RMSE ranging from 0.27 to 0.72 mm d−1,
were the best models in prediction of CWSI and estimation of ETc, respectively.

The study performed in [98] evaluated the effectiveness of machine learning models,
including the gradient boosting decision tree (GBDT), partial least square regression (PLSR),
random forest regression (RFR), k-nearest neighbors (KNN), backpropagation neural net-
work (BPNN), and SVR, to estimate the spatiotemporal distribution of ET with limited
input variables in China. In tandem with machine learning-based models, a feature space
method called the long-term sequence feature space method (LTSFSM) was used to im-
prove the estimation accuracy of ET. Among the ML models, PFR demonstrated the highest
accuracy with the R, RMSE, MAE, and MBE equal to 0.79, 0.61 mm/day, 0.42 mm/day, and
−0.02 mm, respectively. Compared to machine learning models, which generally need a
large dataset for training, the feature space method can estimate ET directly without prior
data and follows a simpler computational process. As a result, the feature space method
offers greater advantages for widespread applications. It is worth mentioning that ET
estimates from both types of models showed compatible spatial distribution patterns with
MOD16 ET data, confirming the reliability of both methods.

The study performed in [99] endeavored to estimate actual evapotranspiration under
semi-arid Mediterranean conditions by combining agro-meteorological data with high-
resolution satellite imagery. For this purpose, they used three ML algorithms, including
elastic net, random forest, and support vector machine. According to the results, random
forest demonstrated the highest predictive performance, achieving an average R2 of 0.74,
an RMSE of 0.577 mm, and an MBE of 0.03 mm. A list of ET estimation studies using
tree-based algorithms is presented in Table 3.

Table 3. Studies conducted to estimate ET using tree-based algorithms.

Reference Models Input Output Performance Criteria Best Model(s)

Wang
et al. [86] RF, GEP

Minimum and maximum air
temperature, duration of

sunshine, relative humidity,
and wind speed at a height of

2 m

Daily ET0

R2 = 0.637–0.987,
NSCE = 0.626–0.986, RMSE

= 0.107–0.563 mm/day,
PBIAS = −2.916–1.571%

RF

Shi et al. [88]
RF, Jensen–Haise,
Makkink, Abtew,
and Hargreaves

Minimum and maximum air
temperature, solar radiation,
rainfall, and minimum and

maximum relative humidity

Daily ET0
R2 = 0.68–0.92,

RMSE = 0.58–1.46 mm/day,
rMBE = −16.10–9.73%

RF

Vulova
et al. [89] RF, CNN

Air pressure, air temperature,
diffuse solar radiation, dry

bulb temperature, longwave
downward radiation, ET0,

relative humidity, saturated
vapor pressure, shortwave
downward radiation, soil
temperature, solar zenith

angle, vapor pressure deficit,
wind speed, impervious
surface fraction, building
height, NDVI, vegetation

height, vegetation fraction,
water fraction

Half-hourly
urban ET

R2 = 0.840,
RMSE = 0.0239 mm/h,

MAE = 0.0154,
NRMSE = 8.30,
PBIAS = 1.80

RF
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Table 3. Cont.

Reference Models Input Output Performance Criteria Best Model(s)

Feng et al. [90] RF, GRNN

Minimum and maximum air
temperature, solar radiation,

wind speed, and
relative humidity

Daily ET0
RRMSE = 0.067–0.258, MAE
= 0.1–0.4, NSE = 0.834–0.987 RF

Al-Mukhtar
et al. [91]

quick RF (QRF), RF,
SVM, FFANN

Maximum and minimum air
temperatures, relative

humidity, and wind speed

Monthly pan
evaporation

RMSE = 14.44–23.36 mm, R2

= 0.98–0.99, NSE = 0.98–0.99 QRF

Hameed
et al. [92] MLR, RF, ELM Temperature, humidity, wind

speed, and ET0
Monthly ET0

MAE = 0.946 mm/month,
RMSE = 1.155 mm/month,

MARE = 0.146,
RMSRE = 0.18,

RRMSE = 16.544%,
MBE = 5.958,

erMAX = 1.634

ELM

Fan et al. [93]

LGBM, M5Tree, RF,
Hargreaves–Samani,

Tabari, Makkink,
and Trabert).

Minimum and maximum air
temperature, wind speed at 2
m height, relative humidity,

and global and
extraterrestrial solar radiation

Daily ET0

RMSE = 0.08–0.58,
R2 = 0.85–1,

NRMSE = 0.03–0.24
LGBM

Huang
et al. [11] CatBoost, RF, SVM

Minimum and maximum air
temperature, solar radiation,

relative humidity, and
wind speed

Daily ET0
RMSE = 13–288, R2 = 15–287,

MBE = 49–221
MAPE = 12–283

SVM with limited
access to climatic

data, CatBoost
with full access to

climatic data

Rahimikhoob
[41] ANN, M5Tree

Maximum and minimum air
temperature, extraterrestrial

radiation, and humidity
ET0

RMSE = 0.41 mm/day,
R2 = 0.95 R = 1

ANN

Wu et al. [94]
GRNN, MLP, ANFIS,

M5Tree, XGBoost,
SVM, KNEA, MARS

Minimum and maximum air
temperature, wind speed,

relative humidity,
precipitation, and

solar radiation

Daily ET0

RMSE = 0.718 mm/day,
R2 = 0.829,

MAE = 0.508 mm/day
NRMSE = 0.250

SVM

Keshtegar
et al. [95] M5Tree, CG, ANFIS

Air temperature, wind speed,
sunshine hours, relative

humidity, and
pan evaporation

Daily pan
evaporation

RMSE = 1.944–4.947,
EF = 0.840–0.872,
d = 0.928–0.964

CG

Granata [4] M5P Regression Tree,
Bagging, RF, SVR

Soil moisture content, net
solar radiation, sensible-heat
flux, mean relative humidity

and temperature, and
wind speed

Daily actual
evapotranspira-

tion

NSE 0.932–0.987,
MAE = 0.14–0.322 mm/day,

RMSE =
0.179–0.400 mm/day,

RAE = 15.4–35.4%

M5P regression
tree trained with

net solar radiation,
sensible-heat flux,

soil moisture,
wind speed,

relative humidity,
and temperature

Wang
et al. [96]

M5Tree, FG,
ANFIS-GP

Air temperature and pressure,
wind speed, solar radiation,

and pan evaporation

Daily pan
evaporation

RMSE = 0.592 mm/day,
MAE = 0.459 mm/day,

R2 = 0.932
FG

Katimbo
et al. [97]

CatBoost and Stacked
Regression

Minimum, maximum, and
mean air temperatures;
relative humidity, wind
speed, and shortwave

incoming solar radiation; soil
volumetric water content;
ET0, NDVI; and CGDDs

Daily ET0

R2 = 0.40–0.99,
RMSE = 0.15–0.25,
MAE = 0.10–0.19,

MAPE = 7.9 to 15.1%

CatBoost

Sun et al. [98] GBDT, PLSR, RFR,
KNN, BPNN, SVR

NDVI, LST, NSATave,
NSATmax, NSATmin, and ET Daily ET

R = 0.79,
RMSE = 0.61 mm/day,
MAE = 0.42 mm/day,

MBE = −0.02 mm

PFR

Garofalo
et al. [99] Elastic Net, RF, SVM

Multispectral reflectance data,
local meteorological

observations
Daily actual ET R2 = 0.74, RMSE = 0.577 mm,

MBE = 0.03 mm RF

Notes: Abbreviations: relative mean bias error (Rmbe), root mean square relative error (RMSRE), maximum
absolute relative error (erMAX), coefficient of efficiency (CE), agreement index (D), percent bias (PBIAS), relative
absolute error (RAE), cumulative growing degree days (CGDDs), normalized difference vegetation index (NDVI),
land surface temperature (LST), average near-surface air temperature (NSATave), maximum near-surface air
temperature (NSATmax), minimum near-surface air temperature (NSATmin).

Tree-based machine learning models, particularly RF, have gained substantial recog-
nition for their effectiveness in estimating ET0 across diverse geographic regions and
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environmental contexts [86,88]. Numerous studies have demonstrated the successful
integration of RF into various methodological frameworks, enhancing its predictive perfor-
mance not only for ET0 but also for actual ET estimation under different conditions and
data availability scenarios [11,89–92]. In complex and data-scarce environments, such as
arid regions, RF’s ability to capture nonlinear interactions among climatic variables offers a
significant advantage over traditional empirical models [78,100].

The strengths of RF include its superior accuracy and reliability, flexibility in handling
diverse meteorological inputs (e.g., temperature, humidity, wind speed, sunshine dura-
tion), and robustness against missing data [100,101]. Unlike empirical models that require
complete datasets and rely on static equations, RF can maintain predictive performance
even in the presence of incomplete data [87]. This resilience is partly due to its ensem-
ble architecture, which also supports the integration of uncertainty analysis and model
interpretability through feature importance evaluation [102].

In addition to RF, other tree-based methods, such as regression trees and boosting
algorithms (e.g., GBoost and XGBoost), have also been employed for ET prediction. A key
advantage of these models lies in their inherent interpretability, enabling identification of
the most influential meteorological variables in ET estimation. This feature is critical for
both advancing scientific understanding and informing practical water resource manage-
ment decisions. Furthermore, boosting algorithms offer the unique ability to adapt to new
climatic data via incremental learning, thus making them well-suited for modeling under
evolving climate regimes.

Despite these advantages, several limitations must be considered. RF and boosting
models can be computationally intensive, particularly during feature selection and train-
ing phases, and when conducting interpretability or sensitivity analyses [102]. Moreover,
like other machine learning techniques, these models are susceptible to overfitting, espe-
cially boosting methods, when applied to small or noisy ET datasets unless appropriate
regularization strategies are implemented. Additionally, their extrapolation capacity to
extreme or previously unobserved weather conditions remains limited unless the ensemble
design explicitly promotes model diversity and robustness [103]. RF’s integration with
remote sensing technologies further enhances its utility in large-scale agricultural water
management, offering spatial scalability alongside high predictive accuracy [99,101].

3.3. Kernel-Based Models

Kernel function-embedded methods (known as kernel-based models) are a class of ML
algorithms that use kernel functions, including linear and radial basis function (RBF) ker-
nels, sigmoid, and polynomial, to implicitly map data points into an expanded dimensional
space, where they might be more easily separable or transformable. The main advantage
of kernel-based models is the capability to handle complex relationships among features
and capture non-linear patterns. However, they can also be computationally expensive,
particularly when dealing with large datasets (i.e., high-dimensional spaces). Additionally,
the selection of the kernel function and its associated parameters can significantly affect the
performance of the model.

Kernel functions are commonly associated with SVM and SVR for classification and
regression purposes, respectively. The SVM aims to discover the most optimal hyperplane
for distinguishing between data points of distinct classes, with a focus on maximizing the
margin between them. SVR, on the other hand, is used to identify a hyperplane that best
fits the data points, aiming to minimize discrepancies between actual and predicted values.
Moreover, the relevance vector machine (RVM) is an ML algorithm that falls within the
category of kernel methods and is often employed for regression and classification tasks.
RVM was considered as a sparser alternative to SVM, meaning that it tends to use fewer
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support vectors for the final model, which can result in improved interpretability and
efficiency. These models have been successfully applied in modeling non-linear systems,
including evaporation, evapotranspiration, air temperature, and streamflow. For example,
Shrestha and Shukla [104] developed an SVM model to estimate crop coefficient and crop
evapotranspiration using a large dataset spanning 10 seasons obtained from lysimeters,
specifically focusing on multiple crop-season combinations in the presence of plastic mulch.
The meteorological variables included relative humidity, air temperature, wind speed,
solar radiation, and rainfall. SVM-based models successfully predicted crop coefficients
for bell pepper (R2 = 0.71) and watermelon (R2 = 0.82) crops by incorporating factors
such as time, rainfall events, and water table depth. It should be noted that the time
since transplant was used as an indicator of plant growth and transpiration, whereas
depth of water table and rainfall events captured the influence of surface soil moisture on
evaporation. Furthermore, the SVM-predicted crop coefficients were statistically similar
to the actual crop coefficient values for both the crops. On the other hand, the FAO-56
estimates significantly underestimated the coefficients for bell peppers (p = 0.016) and
watermelons (p = 0.025). This model can facilitate the development of region-specific crop
coefficients to enhance ET estimates.

Kişi [105] assessed the effectiveness of three heuristic regression approaches, namely
the MARS, M5Tree models, and LSSVM, for monthly ET0 estimation in Turkey by using
input data of solar radiation, air temperature, wind speed, and relative humidity. The
results showed that the MARS and M5Tree techniques exhibited superior performance
under local and external conditions, respectively.

Goyal et al. [106] employed least-squares support vector regression (LSSVR), FL, ANN,
and ANFIS techniques to model pan evaporation in India on a daily basis. The measured
daily meteorological variables were the minimum and maximum humidity, minimum
and maximum air temperatures, sunshine hours, and rainfall. The accuracy of the AI
techniques was compared against the SS and Hargreaves–Samani equations. This study
demonstrated that ANFIS and LSSVR could be efficiently employed to model daily pan
evaporation. Additionally, the AI models outperformed the traditional Hargreaves–Samani
and SS empirical methods.

Given the explicit and direct input–output model structure, accounting for the un-
certainty in the modeling process becomes crucial. It can become challenging to rely on
models in dealing with real-world issues and making informed decisions [107–109]. Fur-
thermore, that research primarily focused on the performance and practicality of AI models
in estimating ET0 by including user-friendly models and optimized combinations of in-
puts [10,110,111], while the analysis of uncertainty was largely overlooked. Therefore, the
objective of the study [112] was to evaluate the uncertainty associated with the modeling
process and assess the validity of all potential input combinations of weather variables
such as air temperature, solar radiation, relative humidity, wind speed, sunshine duration,
and atmospheric pressure for daily ET0 estimations. By employing ANN, SVM, and ELM
models, this study investigated the most effective pattern of input combinations for AI
models using the Monte Carlo (MC) approach. The results revealed that wind speed and
solar radiation had the greatest effect on variation in ET0. The maximum temperature
exhibited a more significant influence than the minimum temperature, and the relative
humidity appeared to have the least influence. Furthermore, ET0 showed higher sensitivity
to higher values of wind speed and solar radiation, whereas it demonstrated sensitivity
within certain ranges of minimum and maximum temperature and relative humidity. The
outcome of the uncertainty analysis indicated that all three models could be trusted for
predicting ET0 on a daily basis. However, both ELM and ANN models exhibited sensitivity
to high ET0 estimation values, whereas SVM was deemed the most robust model.
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Tabari et al. [113] investigated the prediction of monthly ET0 in Nozheh, western
Iran, using ANFIS, SVM, MLR, and multiple non-linear regression (MNLR), as well as
some empirical equations. Six different scenarios were considered, incorporating the air
temperatures, solar radiation, relative humidity, and wind speed. The findings indicated
that the ANFIS and SVM models outperformed the empirical and regression methods
for estimating monthly ET0. Furthermore, these models demonstrated superior accuracy
when utilizing mean air temperature, wind speed, relative humidity, and solar radiation
as inputs.

Wen et al. [114] utilized ANN, SVM, and three empirical equations of Priestley–Taylor,
Hargreaves, and Ritchie for estimating the daily ET0 in the Ejina Basin in northwestern
China. Four scenarios were developed with limited meteorological data, incorporating
parameters including the minimum and maximum air temperatures, solar radiation, and
wind speed. The SVM model demonstrated superiority over the empirical equations and
ANN for modeling daily ET0.

Sobh et al. [115] employed SVM, GMDH-NN, MARS, DENFIS, and RF to estimate
high-resolution daily ET0 over Egypt. The meteorological data contained daily records of
the minimum, mean, and maximum temperature, wind speed, and dew point temperature.
The results revealed that wind speed led to an increase in the estimation accuracy of the
model more than relative humidity, along with the maximum and minimum temperatures.
Among the AI models, the RF models exhibited the highest accuracy, followed closely by
SVM, as validated by Mehdizadeh et al. [116], who highlighted the robust performance
of SVM-polynomial in predicting monthly ET0 in Iran. In addition, GMDH-NN exhibited
satisfactory results, as reported by [117] in Turkey. In addition, this study identified the
DINFIS models as the least effective between the employed algorithms, aligning with the
findings of [118] in their modeling of monthly ET0 in China.

Kişi [119] used the LSSVM, M5Tree, and MARS models to estimate monthly pan
evaporation through air temperature, solar radiation, wind speed, humidity, and pan
evaporation in Turkey. Their study demonstrated that the MARS model performed better
compared to other models, showing significant superiority.

Eslamian et al. [120] employed SVM and MLP models with various input combina-
tions, including humidity, air temperature, solar radiation, wind speed, and precipitation,
to improve the accuracy of ET0 prediction. Although both models performed well in
estimating ET, the SVM showed superior performance to the ANN.

Nourani et al. [121] utilized various AI models, including SVR, ANFIS, and FFANN,
as well as empirical models such as Hargreaves–Samani, modified Hargreaves–Samani,
Makkink, Ritchie, and MLR, to predict daily ET0 across Iran, Turkey, Iraq, Cyprus, and
Libya. They observed that the most accurate predictions were provided by the AI models.
The meteorological parameters considered were the surface pressure, relative humidity,
precipitation, minimum, mean, and maximum air temperature, minimum, mean, and
maximum wind speed, solar radiation, and pan evaporation. The results indicated that the
performance of the empirical models varied depending on the stations and the climate of the
corresponding regions. However, the empirical models generally yielded acceptable results
for ET0 estimations. Although the MLR model struggled with data nonlinearity, selecting
the optimal input variables for the MLR models in the phase of input selection helped
to ensure reliable results in both the training and validation stages for ET0 estimations.
Among the AI models, ANFIS demonstrated superior performance across the majority of
stations that can be attributed to the combination of the neural network learning capabilities
and fuzzy concepts within a unified framework. In addition, the findings highlighted that
combining the outputs of multiple models, as ensemble models, achieved greater accuracy
in simulating ET0 than individual models.
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Wang et al. [122] assessed the efficiency of various models such as LSSVR, MARS,
MLR, FG, and M5Tree in estimating daily pan evaporation in China. The findings revealed
that the FG and LSSVR models exhibited the highest accuracies among the employed
models. The climatic data in this study included surface and air temperature, wind speed,
relative humidity, and sunshine hours. Surface and air temperature and sunshine hours
were known as major influencing factors through the nonlinear method of the Gamma
Test. Additionally, by considering the wind speed or relative humidity as inputs, the model
performance was significantly improved.

Current AI-based models, designed to predict evaporation rates, have not adequately
considered the effect of the time increment rate on the accuracy of predictions. Therefore, a
previous study evaluated the potential of RBFNN and SVR as AI models in the prediction
of evaporation rates [123]. The suggested models were proposed based on the historical
time-series data related to evaporation rates to forecast forthcoming evaporation rates. An
alternative scenario was examined, which included the average temperature and historical
evaporation rate as inputs for the model. Each scenario involved daily, weekly, and monthly
time-series intervals. The findings revealed that incorporating temperature data as inputs
in the modeling process significantly improved the accuracy of the predictions. The choice
of timescale also had a notable impact on model performance. Among the three timescales
considered, the utilization of daily evaporation data resulted in a more reliable predictive
model for evaporation. The study concluded that the RBFNN model surpassed SVR in
predicting evaporation data.

Deo et al. [124] developed the ELM, RVM, and MARS to model pan evaporation
in Australia using minimum and maximum temperatures, precipitation, atmospheric
vapor pressure, and solar radiation as inputs. The findings revealed that the RVM model
demonstrated superior predictive capability when compared to other techniques.

Torres et al. [125] employed RVM and MLP to forecast ET0 in Central Utah. The general
ET0 model utilized was the 1985 Hargreaves Equation that relies merely on the minimum
and maximum daily air temperatures. This makes it suitable for regions with limited
climate data. The results demonstrated that the proposed methods in this study could
effectively forecast daily ET0 up to four days ahead with a satisfactory level of accuracy,
indicated by a goodness of fit parameter (η) greater than or equal to 0.8. Additionally,
applying specified learning machines provided an estimation of the expected variability
for each forecast day, resulting in a highly accurate estimation of the forecasted ET0.
Table 4 presents a collection of research endeavors focused on estimating ET using kernel-
based models.

By utilizing key meteorological variables such as temperature, wind speed, and solar
radiation, SVMs have consistently outperformed empirical equations and other AI techniques
like ANNs in daily ET0 prediction across diverse climatic settings [104–106,113–115]. SVMs
have proven effective in capturing complex, nonlinear relationships among climatic variables,
and their flexibility and generalizability make them a promising tool for ET estimation in
varied environmental conditions. These models also show robustness in data-scarce regions,
delivering accurate predictions even when limited climatic data are available, unlike data-
intensive empirical models [78,126]. Moreover, SVMs’ adaptability to different climates,
evidenced by consistently high R2 and efficiency indices, contrasts with the fixed relationships
used by empirical models, which require recalibration for different regions or climates [17].
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Table 4. Studies implemented to model ET using kernel-embedded models.

Reference Models Input Output Performance Criteria Best Model(s)

Shresthaand
Shukla [104] SVM, PM

Air temperature, wind speed,
relative humidity, solar
radiation, and rainfall

Actual ET
R2 = 0.71–0.82,

MSE = 0.034–0.116,
MAE = 0.026–0.213

SVM

Kişi [105] LSSVM, MARS,
M5Tree

Air temperature, solar
radiation, relative humidity,

and wind speed
Monthly ET0

SI = 0.097–0.212,
MAE = 0.339–0.783,

R2 = 0.843–0.970

MARS in local
conditions and

M5Tree in external
conditions

Goyal et al.
[106]

LSSVR, FL, ANN,
ANFIS, SS,

Hargreaves–Samani

Minimum and maximum
humidity, minimum and

maximum air temperatures,
sunshine hours, and rainfall

Daily pan
evaporation

RMSE = 2.15–2.94,
CORR = 0.56–0.73

LSSVR,
ANFIS

Yu et al. [112] ANN, SVM, and
ELM

Air temperature, wind speed,
solar radiation, relative

humidity, sunshine duration,
and atmospheric pressure

Daily ET0 R, RMSE, MAE, NSE SVR

Tabari
et al. [113]

SVM, ANFIS, MLR,
MNLR,

Blaney–Criddle,
Hargreaves,

Makkink, Turc,
Jensen–Haise,

McGuinness–Bordne,
Priestley–Taylor,
Ritchie, Abtew

Minimum, maximum, and
mean air temperatures, solar
radiation, relative humidity,

and wind speed

Monthly ET0

R = 0.626–1, RMSE =
0.032–1.511 mm/day,
MAE = 0.017–1.130

SVM and ANFIS

Wen et al. [114]
ANN, SVM,

Priestley–Taylor,
Hargreaves, Ritchie

Minimum and maximum air
temperatures, solar radiation,

and wind speed
Daily ET0

R = 0.772–0.950, RMSE =
0.262–0.539 mm/day,

MAE =
0.207–0.446 mm/day

SVM

Sobh et al. [115] SVM, GMDH-NN,
MARS, DENFIS, RF

Minimum, mean, maximum,
and dewpoint temperatures

and wind speed
Daily ET0 KGE = 0.52–0.75 RF

Kişi [119] LSSVM, M5Tree,
MARS

Air temperature, wind speed,
solar radiation, humidity, and

pan evaporation

Monthly pan
evaporation

RMSE =0.632–1.359,
MAE = 0.499–1.370 MARS

Eslamian
et al. [120] SVM, MLP

Humidity, solar radiation, air
temperature, precipitation,

and wind speed
ET0

MAE = 0.55, MAXE = 1.95,
EF = 0.91, WI = 0.97,

R2 = 0.96
SVM

Nourani
et al. [121]

SVR, ANFIS, FFANN,
Hargreaves–Samani,

modified
Hargreaves–Samani,

Makkink,
Ritchie, MLR

Relative humidity, surface
pressure, precipitation,

maximum air temperature,
minimum air temperature,

mean air temperature,
minimum wind speed,

maximum wind speed, mean
wind speed, solar radiation,

and pan evaporation

Daily ET0
R2 = 0.517–0.918,

RMSE = 0.073–0.168 ANFIS

Wang et al. [122] LSSVR, MARS, MLR,
FG, and M5Tree,

Air temperature, surface
temperature, wind speed,

relative humidity, and
sunshine hours

Daily pan
evaporation

MAE = 0.54–1.55,
RMSE = 0.72–2.03,
MBE = −0.18–0.49,

R2 = 0.593–0.928

LSSVR, FG

Allawi
et al. [123] RBFNN, SVR Pan evaporation and mean air

temperature
Daily pan

evaporation

MBE = 0.399–0.557, RMSE
= 5.549

–11.409 mcm/month, MAE
= 3.522–6.598 mcm/month,

NSE = 0.447–0.898,
SI = 0.746–1.112,

WI = 0.804–0.858,
Cl = 0.359–0.770, BIAS =
0.849–1.813 mcm/month

RBFNN

Deo et al. [124] ELM, MARS, RVM

Maximum and minimum
temperatures, atmospheric

vapor pressure, precipitation,
and solar radiation

Daily pan
evaporation

R = 0.979, RMSE = 9.306,
MAE = 0.034, q = 0.034 RVM

Torres
et al. [125] RVM, MLP

Minimum and maximum air
temperatures, crop

coefficients (Kc), ET0, and
information about crop

distributions and effective
agricultural area

Daily ET0

RMSE =
0.65–0.89 mm/day,
NSE = 0.77–0.88%

RVM

Notes: Abbreviations: SI, sensitivity index (SI), relative error (RE), Kling–Gupta efficiency (KGE), relative error
(RE), performance index (q), mean bias error (MBE), Willmott index of agreement (WI), confidence index (CI).
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Key advantages of SVMs also lie in their ability to integrate optimization algorithms,
which fine-tune model parameters and enhance predictive accuracy. This approach ad-
dresses the limitations of empirical models, which often rely on iterative calibration [78,126].
In addition, the use of time-series data structures, input variable combinations, and tem-
poral resolution further improves the accuracy of AI-based ET0 and evaporation rate
estimates [123,125]. Furthermore, SVMs can accommodate missing data either through
imputation strategies or by training on incomplete datasets, which enhances their appli-
cability in various data availability scenarios [102]. Feature selection techniques can also
improve predictive accuracy by reducing the number of input variables, highlighting the
importance of data preprocessing in optimizing model performance [80].

However, despite their strengths, SVMs face several challenges. One significant
limitation is their sensitivity to kernel function selection and parameter tuning, which are
essential for achieving optimal performance. The time-consuming nature of this process,
especially when large-scale applications are involved, can limit its practical use [127].
Furthermore, SVMs generally perform less effectively than more advanced models, such as
LSTM networks, when addressing highly nonlinear relationships or working with larger
datasets [102,128]. Therefore, while SVMs provide promising results in many ET prediction
scenarios, their performance depends on careful model tuning and expert knowledge, and
in certain conditions, they may be outperformed by alternative AI techniques.

3.4. Hybrid Models

Classical neural networks (NNs) are incapable of enhancing the perception of physics
related to ET0 because of their black box nature without explicit expressions. Additionally,
it is widely recognized that classical NNs become stuck easily in a local minimum. In this
regard, hybrid methods that integrate various modeling approaches have been developed
to promote the effectiveness of independent models in estimating ET0. The subsequent
sections explore the various categories of these hybrid models.

3.4.1. Combination of AI Models and Optimization Algorithms

A well-known category of hybrid models is based on combining AI models utiliz-
ing optimization algorithms inspired by biological processes, called bio-inspired (Fig-
ure 3). AI performance has been notably enhanced in diverse scenarios through the
effective application of bio-inspired optimization algorithms [5,129–134]. Mohammadi
and Mehdizadeh [135] demonstrated that using the whale optimization algorithm, as a
bio-inspired algorithm, improved the AI’s accuracy in modeling daily ET0 values. Other
widely recognized bio-inspired algorithms, including genetic and firefly algorithms, have
also shown significant improvements in the accuracy of AIs for modeling the evapotran-
spiration [136–141]. For instance, Maroufpoor et al. [142] investigated the capacity of
the ANN-GWO, as a hybrid model, which is a combination of an ANN and grey wolf
optimization algorithm, to approximate ET0 in Iran under different climates. The ANN-
GWO model’s efficiency was evaluated in comparison to the LSSVR and standalone ANN
models. The results demonstrated a reduction in estimation errors by 42% and 30% when
compared to the LS-SVR and ANN models, respectively. Among the different scenarios
based on different input data combinations, the scenario that utilized only three inputs (i.e.,
wind speed and minimum and maximum temperature) demonstrated superiority over the
other scenarios.
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Figure 3. A flowchart of the hybrid AI model boosted with an optimization algorithm.

Wu et al. [143] assessed the performance of combining the ELM model with the
flower pollination algorithm (FPA) and whale optimization algorithm (WOA) for monthly
pan evaporation prediction. These models were further compared with ANN, improved
M5Tree, and ELM optimized by differential evolution (DE), which is known as a floating-
point evolutionary optimization algorithm. The climatic factors considered were wind
speed, sunshine hours, relative humidity, and minimum and maximum temperatures. They
noted that the hybrid ELM model demonstrated superior prediction accuracy against the
hybrid M5Tree and ANN models. Additionally, the results explicitly indicate that the
performance of the models is noticeably impacted by whether certain inputs are present
or absent in the input sets. Among the five predictor variables examined, the maximum
temperature and wind speed emerged as the two most effective predictors for accurately
estimating ET0. In the optimal ANN model, all five input variables were deemed signif-
icant in contrast to the other models. Additionally, across various performance indices,
the ANN model outperformed the ELM and M5Tree models, despite the fact that their
performances were generally comparable and closely aligned in most cases. The study
carried out by Hadadi et al. [144] aimed to investigate the functionality of the ANFIS model
along with its combinations with two optimization algorithms—specifically, the shuffled
frog-leaping algorithm (SFLA) and GWO—in predicting monthly actual ET across the
Neishaboor watershed located in Iran. The models’ input variables were categorized into
three groups: (1) meteorological parameters, namely, air temperature (average, minimum,
maximum), relative humidity, wind speed, sunshine hours, and dew point; (2) remotely
sensed parameters, namely, net radiation, land surface temperature (LST), normalized
difference vegetation index (NDVI), soil wetness deficit index (SWDI), and soil adjusted
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vegetation index (SAVI); and (3) hybrid predictors. The results indicated that the SWDI
predictor had an indispensable effect on the estimation of ET in all three models. The esti-
mation error was reduced by 12.5%, 17%, and 26.5% in the testing set and by 18.4%, 25.4%,
and 24.5% in the training set in ANFIS, ANFIS-SFLA, and ANFIS-GWO, respectively. The
findings also demonstrated the effectiveness of employing either optimization algorithm
to enhance ET estimation. The most significant reduction in error rates in the testing set
was observed for ANFIS-SFLA compared to ANFIS (12.5%), and ANFIS-GWO exhibited a
decrease of 13.7% relative to ANFIS. Tang et al. [6] employed SVM and optimized ANN by
a genetic algorithm (GA) to model actual ET in a partial plastic film mulching (MFR) and
rainfed maize field under non-mulching (CK) conditions. Meteorological inputs, including
minimum, mean, and maximum air temperature; minimum, mean, and maximum relative
humidity; wind speed; and solar radiation; as well as crop input data such as plant height
and LAI during the seasons in 2011–2012 when maize growing was employed to train
the ANN-GA and SVM models. The results revealed that the GANN1 and SVM1 models,
incorporating both meteorological and crop data as inputs, successfully predicted ET in
maize. This confirmed the effectiveness of the GANN and SVM models in estimating ET in
maize. Although the GANN2 and SVM2 models, which just used meteorological inputs,
had comparatively lower efficiencies than the GANN1 and SVM1 models, their approxi-
mated outcomes remained satisfactory even when just meteorological data were accessible.
Notably, the GANN models marginally outperformed the SVM models under both MFR
and CK conditions, possibly because of the genetic algorithm optimization capability for
ANN, which helps to avoid local minima and overfitting of the neural network.

Tikhamarine et al. [145] employed three different optimization algorithms, GA, GWO,
and particle swarm optimizer (PSO), to enhance the precision of SVR in predicting the
monthly ET0 using wind speed, relative humidity, minimum and maximum air temper-
atures, and solar radiation at three sites in Algeria. The effectiveness of the proposed
hybrid AI models was assessed in contrast to traditional ANNs and empirical models,
including Ritchie, Turc, three variations of the Valiantzas, and Thornthwaite method. The
results demonstrate that the hybrid models incorporating optimization algorithms exhib-
ited superior performance compared to the standalone SVR models. Additionally, the
SVR-GWO with five inputs, namely minimum and maximum temperature, wind speed,
solar radiation, and relative humidity, exposed a feasible model to estimate ET0. The GWO
algorithm outperformed the GA and PSO algorithms. The conventional empirical methods
employed in this study, excluding the Thornthwaite model, could demonstrate reliable
estimates for ET0. Furthermore, it is noteworthy to emphasize that the Valiantzas method
performed better than other conventional approaches at the designated study stations.

Eslamian et al. [138] assessed the performance of ANN-GA and ANN models in
modeling PM ET0 using Esfahan, Iran’s province, meteorological data. The meteorological
inputs included the average, minimum, and maximum air temperature, relative humidity,
wind speed, and sunshine during a period from 1951 to 2005. The estimated values of
the ANN-GA model outperformed the ANN model predictions when compared with a
reference such as PM ET0.

In a study conducted by Tikhamarine et al. [146], they put forward five hybrid models
by combining ANN with five dissimilar optimization algorithms, namely GWO (ANN-
GWO), PSO (ANN-PSO), multi-verse optimizer (ANN-MVO), ant lion optimizer (ANN-
ALO), and WOA (ANN-WOA), to predict monthly ET0 at two locations in Algeria and
India. The predictions generated by these hybrid machine learning models were contrasted
with those derived from the Valiantzas model. The comparative results indicated that
the ANN-GWO-1 model was the most effective at both study stations, using five input
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variables (including maximum and minimum temperature, solar radiation, wind speed,
and relative humidity).

The study carried out by Zounemat-Kermani et al. [147] aimed to evaluate the capa-
bilities of three well-known ML approaches, that is, neural network autoregressive with
exogenous input (NNARX), ANFIS, and GEP; five metaheuristic algorithms, that is, GA,
PSO, firefly algorithm (FA), artificial bee colony (ABC), and continuous ant colony opti-
mization (CACO); and two empirical relationships proposed through algebraic formulas
for predicting the pan evaporation on a monthly basis at two meteorological stations. To
achieve this goal, solar radiation, measured air temperature, wind speed, and relative
humidity data were employed as inputs for the model. A comparison of the total evapo-
ration estimates from the NNARX, GEP, and ANFIS models revealed that the ANFIS and
NNARX predictions were closer to the measured one than those of the GEP model. The
PSO algorithm performed the best among the five applied metaheuristic algorithms in
predicting pan evaporation.

Kişi [148] evaluated the application of ENN in the modeling of pan evaporation on a
monthly basis by employing inputs obtained from two stations in the Mediterranean Region
of Turkey, including air temperature, pan evaporation, solar radiation, wind speed, and
relative humidity. The ENNs used in this study were acquired using the adjustment of the
ANN model’s weights by employing DE. The performance of ENN models was evaluated
against ANFIS, FG, ANN, and SS models, revealing superior results in comparison to
the alternatives. Additionally, the results indicated that the proposed models with inputs
including full meteorological data outperformed the other models.

Ahmadi et al. [5] employed standalone GEP and SVR models as well as a proposed
hybrid model by combining the intelligent water drop (IWD) and SVR algorithms con-
sidering different scenarios based on climatic inputs and historical ET0 data to estimate
monthly ET0. The IWD algorithm acts as a meta-heuristic in order to optimize the weights
among the layers of the model and the variables of the membership functions in SVR. The
input weather data included the monthly minimum, mean, and maximum air temperature,
relative humidity, sunshine duration, and wind speed at 2 m height. The findings indicated
that in scenarios based on historical ET0 data, the GEP models exhibited a slightly better
performance against the SVR models. However, the best ET0 estimates across all study
sites were achieved using the hybrid SVR-IWD model.

Recent studies (e.g., Mehdizadeh et al. [135]) have explored the effectiveness of bio-
inspired optimization algorithms to improve the accuracy of AI models for estimating ET0

and pan evaporation. Bio-inspired algorithms like GA and firefly algorithms have also been
used to optimize AI models, resulting in better predictions (e.g., Maroufpoor et al. [142]).
In addition to these advancements, studies have combined ML models like ELM and SVM
with optimization algorithms such as FPA and WOA [143]. Additionally, several studies
have shown that incorporating a combination of meteorological and crop-related inputs,
along with optimization algorithms, leads to more reliable predictions (e.g., Tang et al. [6]
and Tikhamarine et al. [146]). These findings highlight the growing trend of using hybrid
AI models and optimization algorithms to enhance the accuracy of ET estimations across
diverse regions and climatic conditions.

3.4.2. Gene Expression Programming (GEP)

In accordance with the research conducted, employing function discovery techniques
such as symbolic regression (SR) offers several advantages over other data-driven methods.
SR, a nonlinear regression technique, aims to uncover suitable mathematical structures
and algebraic expressions capable of capturing the nonlinearity problem tailored to the
input data. Unlike traditional regression methods that require the user to predefine the
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model structure, SR automatically generates structures and formulates optimal algebraic
expressions [149,150]. Furthermore, SR produces a generalized equation set that enables
predictions across a significant spatial range, surpassing the capabilities of black-box data-
driven methods [151]. SR primarily involves gene expression programming (GEP), which
combines GA and genetic programming (GP). GEP, initially proposed by Ferreira [143],
utilizes linear and simple chromosomes with consistent length, resembling the structure of
a GA. In addition, it incorporates diverse branch structures along with varying sizes and
configurations, comparable to the parsing trees utilized in GP, to construct its structure.
Various research endeavors have investigated the predictive precision of GEP for estimating
ET0 [42,152–154]. For instance, Shiri et al. [155] employed the GEP model to predict daily
ET0 in Basque, Spain. They used daily meteorological data gathered from four weather
stations, including solar radiation, wind speed, relative humidity, and air temperature, for
the period—1999–2003—to estimate the PM ET0. The efficiency of the GEP model was
compared to that of models based on the Priestley–Taylor, ANFIS, and Hargreaves–Samani
methods. The results demonstrated that the ANFIS and GEP models performed similarly,
but the straightforward mathematical formulation in the GEP model positioned it as the
favored option for estimating ET0 in cases where the required meteorological data for the
PM equation were not accessible. [156] conducted a study in Burkina Faso, where they
employed GEP for estimating decadal ET0 at four weather stations. They created a set
of 16 distinct GEP models by employing various input parameters, including minimum,
mean, and maximum air temperatures, sunshine hours, wind speed, relative humidity, and
extra-terrestrial radiation. The findings highlight the reliability of GEP for ET0 estimation
because of its ability to present numerical models.

Wang Sheng et al. [157] employed GEP and ANN models to predict daily ET0 at four
stations in China’s southwestern Guangxi Province, known as the karst region. They devel-
oped 15 ANN and GEP models utilizing variables such as sunshine duration, maximum
and minimum air temperatures, relative humidity, extra-terrestrial radiation, and wind
speed. The study indicated that in general, ANN models displayed superior performance
compared to their corresponding GEP counterparts. Moreover, the scenarios in which
all inputs were considered in both ANN and GEP models were recognized as the most
precise in the studied areas. Mehdizadeh et al. [116] carried out research in Iran, estimating
the mean ET0 on a monthly basis at 44 stations using GEP, SVM, MARS, and empirical
equations. Sixteen different scenarios were proposed using monthly climate inputs, includ-
ing the minimum, mean, and maximum temperature, wind speed at 2 m height, relative
humidity, solar radiation, vapor pressure deficit, net, and extra-terrestrial radiation. The
results showed that the AI methods outperformed the empirical equations, with the MARS
model outperforming the GEP and SVM models.

Yassin et al. [158] employed GEP and ANN to determine daily ET0 in the arid climate
of Saudi Arabia using climatic data on minimum, mean, and maximum air temperature and
relative humidity, solar radiation, wind speed, and reference crop height. They reported that
ANN, with R2 ranging from 67.6% to 99.8% and RMSE varying from 0.20 to 2.95 mm/day,
slightly outperformed the GEP model in ET0 estimation.

Gavili et al. [159] assessed the effectiveness of three soft computing approaches (GEP,
ANFIS, and ANN) to model ET0 using daily meteorological inputs including minimum
and maximum temperature, sunshine hours, wind speed, and relative humidity. In ad-
dition to AI models, they used several empirical equations, such as Priestley–Taylor,
Hargreaves−Samani, Hargreaves, Makkink, and Makkink−Hansen, and found that the AI
models, as the leading approach in which the ANN is on top, outperformed the empiri-
cal methods.
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The research highlights the advantages of SR over traditional data-driven methods,
particularly in its ability to automatically generate optimal mathematical structures for
nonlinear problems without requiring predefined models. SR, especially through GEP,
combines genetic algorithms and programming to produce predictive models. Studies have
demonstrated GEP’s effectiveness in estimating ET0 across various regions and climates,
such as Spain, Burkina Faso, China, and Saudi Arabia, comparing it to other models like
ANFIS, ANN, and empirical equations. While GEP models often performed comparably or
better than other methods, artificial intelligence-based models like ANN were sometimes
found to outperform GEP in prediction accuracy, depending on the input variables and
scenarios. These findings emphasize the reliability and versatility of GEP for ET0 estimation,
especially when meteorological data are limited.

3.4.3. Adaptive Neuro-Fuzzy Inference Systems (ANFIS)

ANFIS represents another significant subset of hybrid models that blend ANN with
FG. These models translate the input parameters into output objectives using a combination
of membership functions and conditional rules. Despite the ability of ANFIS to forecast
changes in target variables with minimal input parameters and reasonable prediction
precision, the enduring adaptability of neural networks is curtailed due to the arbitrary
structure of the FG rules. In addition, incorporating further preprocessing entails time-
consuming calculations in both frequency domains and time. Nonetheless, ANFIS remains
a widely used choice for modeling evapotranspiration. Kişi and Öztürk [160] obtained ET0

values using the PM equation with four years of climate parameter records on a daily basis
and compared the results with empirical methods, ANN, and ANFIS, such as Hargreaves
and Ritchie. The comparative analysis demonstrated that ANFIS, with inputs of relative
humidity, radiation, temperature, and wind speed, outperformed ANN and empirical
methods in modeling daily ET0.

Dogan [161] investigated the performance of the ANFIS model in daily estimation of
ET0. Four ANFIS models were proposed by employing solar radiation, air temperature,
wind speed, and relative humidity as the inputs collected at the Morgan Hill weather
station in San Francisco, USA. The results demonstrated the successful implementation of
the ANFIS model for estimating daily ET0. In addition, the scenario incorporating all the
input parameters exhibited the best performance.

Dou and Yang [16] utilized four different ML methods, namely ANFIS, ELM, ANN,
and SVM, for estimating ET0 in four different regions. The input data included air tem-
perature, soil temperature, relative humidity, and net radiation. The results demonstrated
that all models performed well in modeling daily ET, with high values for R2 (ranged from
0.9398 to 0.9593) and NSE (ranged from 0.8877 to 0.9147) in the forest ecosystem. In the case
of ANFIS, fuzzy c-means clustering and the subtractive clustering algorithms generally
outperformed the grid-partitioning algorithm. The hybrid ELM methods, namely, complex
ELM, online sequential ELM, and self-adaptive evolutionary ELM, among the ELM models,
consistently performed better than the original ELM method across the studied sites, and
the computational time required for training these models was significantly decreased. It
shows that the advanced ANFIS and ELM models are valuable complements to the SVM
and ANN methods because of their robustness and flexibility. Additionally, notable differ-
ences in modeling performance were observed between the four major ecosystem types. In
forested areas, the models consistently demonstrated superior performance, whereas the
lowest performance was observed in cropland ecosystems.

Kişi [162] examined the capabilities of ANN, ANFIS, and the SS models in predicting
daily evaporation using different climatic inputs, including daily air temperature, pressure,
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wind speed, humidity, and solar radiation. Both approaches outperformed the conventional
SS method with higher accuracy.

Moghaddamnia et al. [163] employed ANFIS and ANN models to simulate pan
evaporation in different areas of Iran. The recorded meteorological data included daily
wind speed, air temperature, saturation vapor, pan evaporation, relative humidity, and
pressure deficit. Both ANN and ANFIS models demonstrated high capability in estimating
pan evaporation values compared to empirical formulas, including Hefner, Lincare, and
Marciano. However, ANN slightly outperformed the ANFIS.

del Cerro et al. [164] made a comparison between ANFIS and empirical equations,
which are based on radiation and temperature, to model the daily ET0 in southern India.
The results indicated that the ANFIS model trained using meteorological data of tem-
perature, solar radiation, relative humidity, and wind speed provided the most accurate
estimates, with a root mean square difference (RMSD) of 0.002 and a correlation coefficient
(R) of 0.999. Among the empirical models, the Ritchie method was identified as the most
suitable for the region, yielding an RMSD of 0.507 and an R-value of 0.851. Furthermore,
a sensitivity analysis was implemented to assess the stability of the best models when
introducing errors in the inputs, which indicated the superiority of the empirical models
over the ANFIS models.

Pour-Ali Baba et al. [165] investigated the performance of the ANFIS and ANN models
in estimating daily ET0 in Gwangju and Haenam, South Korea. Varied scenarios using
sunshine hours, air temperature, relative humidity, and wind speed were considered
for both ANN and ANFIS models. The results demonstrated that both the ANN and
ANFIS models exhibited capability in the estimation of ET0, surpassing the accuracy of the
empirical equations, including the Priestly–Taylor, Hargreaves– Samani, and PM models.

Citakoglu et al. [166] predicted the mean ET0 on a monthly basis using ANFIS and
ANN models in Turkey at 275 stations based on different scenarios utilizing input parame-
ters including relative humidity, air temperature, wind speed, and solar radiation. It was
concluded that the scenario with all inputs yielded the highest accuracy. Additionally, the
efficiency of the ANN and ANFIS models was investigated against two empirical equa-
tions of Hargreaves and Ritchie, with both models demonstrating higher accuracy than
the empirical equations. Notably, the ANFIS model demonstrated a marginally superior
performance compared to the ANN model.

Petković et al. [167] investigated the performance of the ANFIS model for estimating
ET0 on a monthly basis at twelve stations in Serbia. They defined 35 different patterns using
variables such as minimum and maximum air temperatures, relative humidity, actual vapor
pressure, sunshine hours, and wind speed. The results demonstrated that it is possible to
estimate monthly ET0 accurately using the ANFIS model by employing meteorological
inputs, with sunshine hours being the most influential factor.

Cobaner [168] compared the performance of two types of ANFIS models, that is,
ANFIS with subtractive clustering (ANFIS-SC) and grid partitioning (ANFIS-GP), in esti-
mating ET0 using daily weather data such as air temperature, solar radiation, wind speed,
and relative humidity. In addition, these FIS models were investigated against the MLP
and empirical models such as the CIMIS Penman, Ritchie, and Hargreaves methods. The
results indicated that ANFIS-SC outperformed ANFIS-GP and other models with fewer
computations.

Sanikhani et al. [169] assessed the prediction accuracy of the MLP, GRNN, RBFNN,
ANFIS-GP, GEP, ANFIS-SC, Hargreaves–Samani, and calibrated Hargreaves–Samani mod-
els by employing monthly data from two stations in Turkey (i.e., Antalya and Isparta). The
focus of this study was modeling ET0 based on the temperature. The climate variables used
to predict ET included solar radiation, minimum and maximum air temperatures, relative
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humidity, and wind speed monthly data over a 25-year period. The ranking of the AI
models based on their prediction performance, measured by the RMSE and MAE, was as
follows: RBFNN, ANFIS-SC, ANFIS-GP, MLP, GEP, GRNN, calibrated Hargreaves–Samani,
and Hargreaves–Samani.

Zakhrouf et al. [170] evaluated the capability of ANFIS-SC, MLR, and ANFIS based
on the fuzzy C-means clustering (ANFIS-F) in estimating daily ET0 by climate data inputs
of relative humidity, wind speed, insolation duration, and air temperature on a daily scale.
The results revealed that the ANFIS-SC model considerably outperformed the MLR and
ANFIS-F models.

The dynamic evolving neural fuzzy inference system (DENFIS) is also a hybrid com-
putational model that employs the elements of NN and FG to create a system that can
adapt and evolve over time to handle changing data patterns. The DENFIS is designed to
provide accurate predictions in dynamic and non-linear environments. Ref. [171] employed
two advanced ML algorithms, namely MARS and DENFIS, for estimating ET0 on a daily
scale by employing daily minimum and maximum temperatures. The hyperparameters
of the models were optimized by applying two advanced metaheuristic optimization
algorithms, bat Algorithm (BA) and WOA, resulting in four models: MARS-BA, MARS-
WOA, DENFIS-BA, and DENFIS-WOA. These optimization algorithms have shown high
efficiency in fine-tuning ML-based prediction models for problems in hydrological engi-
neering [18,135,172–175]. By comparing the performances of the two AI-based optimization
algorithms employed in this study, it was found that the WOA outperformed the BA. Supe-
rior performance of the WOA to evade entrapment in local optima may have participated
in the enhanced effectiveness of the DENFIS model since its internal parameters were
optimized by employing the WOA. In addition, DENFIS has the capacity to enhance its
learning by dynamically developing the neuro-fuzzy functions of inputs and outputs and
continuously updating the process of learning. This characteristic likely enables DENFIS to
more reliably simulate ET in an environment with complex settings.

Malik et al. [176] assessed the suitability of the co-active neuro-fuzzy inference system
(CANFIS) for predicting monthly ET0 at two locations in India using meteorological data
on a monthly basis, including wind speed, minimum and maximum air temperatures, solar
radiation, and relative humidity. The effectiveness of the CANFIS models was investigated
against that of the MLP, MLR, and RBFNN self-organizing map neural network (SOMNN)
models. They concluded that CANFIS provided superior results compared with the other
AI techniques used in this study.

Malik et al. [177] applied ANN MLR and CANFIS models to predict daily pan evap-
oration by employing different combinations of meteorological inputs such as relative
humidity, minimum and maximum air temperature, sunshine hours, and wind speed in
India at different stations. The findings revealed that the ANN models achieved higher
success rates than other models.

In another study, Aytek [178] used CANFIS for daily ET0 prediction using atmospheric
parameters, including solar radiation, relative humidity, air temperature, and wind speed
in California. The results indicated that the proposed model provided higher accuracy than
the conventional Hargreaves and Turc equations.

This study [179] focused on the capability of three AI models, i.e., ANN, ANFIS,
and ANN-gray wolf optimization (ANN-GWO), in estimating ET0 in arid climates. These
models were assessed with various input combinations, including minimum and maximum
temperatures, ET0, and wind speed. In data-scarce conditions, AI modes outperformed the
Hargreaves equation, with ANFIS representing the most superior performance.

A substantial body of research has demonstrated the effectiveness of ANFIS and
other ML models, as discussed above, in estimating ET0 using meteorological inputs.
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Numerous studies have consistently shown that ANFIS models outperform traditional
empirical methods, particularly when key climatic variables such as air temperature, wind
speed, relative humidity, and solar radiation are incorporated [160,163,167]. In efforts to
further enhance prediction accuracy, several studies have integrated ANFIS with clustering
techniques and optimization algorithms (e.g., Ye et al. [171]). Advanced configurations,
such as ANFIS-SC, have also shown improved performance compared to empirical models
like the Hargreaves–Samani method, particularly across varying climatic regions [169,176].
These findings highlight some advantages of ANFIS over traditional empirical approaches
in ET estimation.

ANFIS is particularly adept at modeling the intricate and nonlinear interactions among
meteorological variables influencing ET, which are often oversimplified in empirical methods.
Its data-driven architecture allows it to adaptively learn from patterns in the input data,
enabling better handling of uncertainties and environmental variability [180,181]. Moreover,
ANFIS supports hybridization with various metaheuristic optimization algorithms (e.g.,
Snake Optimizer), which further enhances its predictive capacity. This level of adaptability
is lacking in empirical models, which are not designed for dynamic optimization based on
dataset characteristics [180]. The application of ANFIS across a range of climatic conditions
and datasets has also demonstrated its reliability and consistency, in contrast to empirical
approaches that often require regional recalibration due to limited flexibility in response to
changing climatic inputs [170,181].

A review of the literature allows for a comprehensive understanding of key method-
ological aspects such as data selection, preprocessing, feature selection, and the treatment
of missing data in the context of ET0 estimation using ANFIS models. ANFIS has demon-
strated the capacity to accurately estimate ET0 even with a limited set of climatic inputs,
emphasizing its adaptability in utilizing alternative variables when conventional meteo-
rological data are incomplete or unavailable [182]. Although the evaluation of acceptable
error thresholds often relies on subjective criteria, hybrid adaptive neuro-fuzzy inference
systems integrated with heuristic optimization algorithms have shown promise in address-
ing missing data challenges [183,184]. These hybrid approaches illustrate the potential of
soft computing methods to deliver reliable ET0 estimates across diverse environmental
conditions and data availability constraints.

ANFIS represents a robust and effective approach for estimating ET, particularly
in contexts characterized by incomplete meteorological data or the need to utilize non-
traditional input variables. Its strength lies in its adaptability and flexibility; however, the
model’s performance is highly contingent upon the quality, relevance, and adequacy of
the input data. Despite its potential, the successful application of ANFIS often necessitates
considerable domain expertise and computational resources to ensure optimal model
configuration and performance.

3.4.4. Combination of Different Models

Another type of hybridization is based on combining different algorithms with AI
models, such as wavelet coupled with ANN [185,186], wavelet enhanced extreme learning
machine [187], and wavelet transform regression model [188], to increase the estimation
precision of evapotranspiration. Falamarzi et al. [185] employed wavelet-ANN (WNN)
and ANN for predicting evapotranspiration on a daily scale from wind speed and tem-
perature data. The results revealed that both models provided precise predictions for
evapotranspiration.

Partal et al. [187] explored the feasibility of the wavelet extreme learning machine
(WELM) model that combines discrete wavelet transform with ELM methods, in order to
estimate ET0 on a daily basis in Ankara and Kirikkale, Turkey. Different combinations of
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climatic inputs such as temperature, wind speed, solar radiation, and relative humidity
were employed to train the models. The performance of the WELM model was investigated
against the WANN, single ANN, ELM, and OS ELM models. The findings indicated that
models incorporating all four inputs had higher precision than models with fewer input
variables. Solar radiation was identified as the most influential input for the ET0 estimation.
Among the models tested, the WELM model emerged as the most accurate for estimating
the ET0. In addition, wavelet-based ensemble models, such as WELM and WANN, exhibit
superior accuracy compared with single models.

Mehdizadeh et al. [189] employed GEP and MARS for estimating ET0 on a daily
basis in Iran. This study focused on six different climate stations in Iran, namely Urmia,
Isfahan, Tabriz, Shiraz, Zahedan, and Yazd, representing semi-arid, arid, and hyper-arid
climates, respectively. Daily weather data, including solar radiation, mean air temperature,
wind speed at a height of 2 m, relative humidity, and ET0 data, were utilized from 2000
to 2014 for this analysis. Two types of scenarios were considered as input: one dependent
on weather data and the other on lagged ET0 data. The findings of the local analysis
revealed that both the GEP and MARS approaches were capable of estimating daily ET0

using meteorological inputs and lagged ET0 data. However, MARS exhibited the best
performance under weather-data-based scenarios. Moreover, there were no significant
differences in the models’ accuracy by employing data-based scenarios and lagged ET0.
In this study, novel hybrid models in lagged ET0 data-based scenarios were proposed by
combining GEP and MARS models with an autoregressive conditional heteroscedasticity
(ARCH) time series model. The findings indicated that these hybrid models, namely
GEP-ARCH and MARS-ARCH, promoted the effectiveness of modeling the ET0 compared
with using single GEP or MARS models at all studied stations. Furthermore, an external
evaluation of the models’ performance at stations exhibiting comparable climatic conditions
indicated that data from nearby stations could be applied in order to predict ET0 on a daily
basis at the target station. This finding suggests the potential applicability of neighboring
station data for ET0 estimation in similar climatic regions. According to the sensitivity
analysis results, mean air temperature was found to be the best predictor for the accurate
estimation of daily ET0, while wind speed was identified to be the least influential predictor.

In order to optimize irrigation demands and improve crop resilience against water
stress, Rahman, Hasan [190] combined AI models, including FFANN, CNN, GRU, and
LSTM, with climatic data to predict ET, potential ET (PET), and CWSI in Bangladesh. To
depict a wide range of possible future climate scenarios, the study used high-resolution
climate data retrieved from ACCESS-ESM. Their findings indicated that the FFNN model,
enhanced with a deep learning algorithm (FFNN-DLA), provided the most accurate predic-
tions for representing spatio-temporal distributions of variables in different seasons.

Various statistical and ML models have been developed for ET0 prediction; however,
no single algorithm has proven universally optimal across all conditions. To address this,
the current study [191] introduced a novel hybrid modeling approach, a combination
of linear mixed effects (LME) model, nonlinear autoregressive neural network (NANN),
and support vector machine (SVM) models to predict ET0. NANN and SVM models are
appropriate for capturing nonlinear residuals, while LME is capable of detecting linear
patterns. Although both hybrid approaches performed well, the LME-SVM hybrid model
demonstrated a slight advantage over the LME-NANN model. A summary of the studies
conducted for estimating ET by employing hybrid models is presented in Table 5.
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Table 5. Studies conducted to model ET using hybrid techniques.

Reference Models
Hybrid Model

Type
Input Output Performance

Criteria
Best Model(s)

Maroufpoor
et al. [142]

ANN-GWO, LSSVR,
ANN

Combination of AI
models with
optimization
algorithms

Maximum and minimum
temperatures, relative
humidity, wind speed,
sunshine hours, and

precipitation

Monthly ET0

ScI = 0.077–0.187,
R2 = 0.890–0.981,

MAE = 0.279–
0.717 mm/day

ANN-GWO

Wu et al. [143]
ELM-FPA,

ELM-WOA, ANN,
M5Tree, ELM-DE

Combination of AI
models with
optimization
algorithms

Sunshine hours, wind
speed, relative humidity,

and maximum and
minimum temperature

Monthly pan
evaporation

R2 = 0.853–0.958,
NSE = 0.766–0.956,

RMSE = 0.2584–
0.5032 mm/day,
MAE = 0.2041–

0.3726 mm/day,
MAPE =

0.0928–0.1605

Hybrid ELM

Hadadi et al. [144]
ANFIS,

ANFIS-SFLA,
ANFIS-GWO

Combination of AI
models with
optimization
algorithms

Meteorological data,
including wind speed,
relative humidity, air
temperature (average,

minimum, maximum), dew
point, and sunshine hours,

remotely sensed data,
namely net radiation, NDVI,

LST, SAVI, and SWDI

Actual ET
RMSE = 11.06,

NSE = 0.74,
RRMSE = 0.37

ANFIS-SFLA

Tang et al. [6] SVM, ANN-GA

Combination of AI
models with
optimization
algorithms

Meteorological data,
including minimum,

maximum, and mean air
temperature; minimum,

maximum, and mean
relative humidity; solar

radiation; and wind speed,
as well as crop data like LAI

and plant height

Daily actual ET

RMSE = 0.215–
0.536 mm/day, MAE

= 0.182–
0.435 mm/day, NSE

= 0.868–0.979

ANN-GA

Tikhamarine
et al. [145]

SVR-GWO, SVR-GA,
SVR-PSO, ANN,

Turc, Ritchie,
Thornthwaite,

Valiantzas

Combination of AI
models with
optimization
algorithms

Relative humidity,
maximum and minimum

air temperatures, solar
radiation, and wind speed

Monthly ET0

RMSE =
0.0374–0.0776 mm,

NSE = 0.9953–0.9995,
PCC =

0.9978–0.9998, WI =
0.9988–0.9999

SVR-GWO

Eslamian et al.
[138] ANN, ANN-GA

Combination of AI
models with
optimization
algorithms

Maximum, minimum, and
average air temperature,
relative humidity, wind

speed, and sunshine
duration

ET0
R2 = 0.9685, NMSE =

0.0675, MAE =
0.4751, MSE = 0.3693

ANN-GA

Tikhamarine
et al. [146]

ANN-GWO,
ANN-MVO,
ANN-PSO,

ANN-WOA,
ANN-ALO,
Valiantzas

Combination of AI
models with
optimization
algorithms

Minimum and maximum
air temperatures relative

humidity, wind speed,
solar radiation

Monthly ET0

RMSE =
0.0592–0.0808, NSE

= 0.9956–0.9972,
PCC = 0.9978–0.9986,
WI = 0.9989–0.9993

ANN-GWO
trained with

minimum
temperature,

maximum
temperature,

relative humidity,
wind speed, and
solar radiation

Zounemat-
Kermani

et al. [147]

NNARX, GEP, and
ANFIS models

optimized by GA,
PSO, CACO, ABC,

and FA

Combination of AI
models with
optimization
algorithms

Air temperature, solar
radiation, relative humidity,

and wind speed

Monthly pan
evaporation

R2 = 0.959, RMSE =
0.631 mm, MAE =

0.447 mm,
Kruskal–Wallis

test = 0.0014

ANFIS-PSO

Kişi [148]
Priestley–Taylor,

ANFIS,
Hargreaves–Samani

Combination of AI
models with
optimization
algorithms

Air temperature, relative
humidity, wind speed, and

solar radiation
Daily ET0

MAE =
0.603–1.345 mm,

RMSE =
0.789–1.528 mm,
R2 = 0.852–0.935

GEP

Ahmadi et al. [5] SVR-IWD, GEP

Combination of AI
models with
optimization
algorithms

Solar radiation, relative
humidity, air temperature,

wind speed, and pan
evaporation

Monthly pan
evaporation

RMSE = 0.210–
1.064 mm/day,
R = 0.838–0.996,
MAE = 0.160–

0.901 mm/day

SVR-IWD

Shiri et al. [155] GEP

Combination of AI
models with
optimization
algorithms

Minimum air temperature,
maximum air temperature,
mean air temperature, wind

speed at 2 m height,
sunshine duration, and

relative humidity

Monthly ET0

RMSE = 0.316–
1.159 mm/day,

R2 = 0.881–0.967
GEP

Traore and Guven
[156] GEP, PM Combination of GP

and GA

Minimum, maximum, and
mean air temperatures,

relative humidity,
extraterrestrial radiation,

wind speed, and sunshine
duration

Decadal ET0
RMSE = 0.108,

R2 = 0.979 GEP
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Table 5. Cont.

Reference Models
Hybrid Model

Type
Input Output Performance

Criteria
Best Model(s)

Wang Sheng
et al. [157] GEP, ANN Combination of GP

and GA

Minimum and maximum
air temperatures,

extraterrestrial radiation,
relative humidity, wind

speed, and
sunshine duration

Daily ET0
R2 = 0.799–0.977,
RMSE = 0.225–
0.754 mm/day

GEP

Mehdizadeh et al.
[116]

GEP, MARS, SVM,
and empirical

equations
Combination of GP

and GA

Minimum temperature,
maximum temperature,

mean temperature, wind
speed at 2 m height, relative

humidity, solar radiation.
vapor pressure deficit,

extraterrestrial radiation,
and net radiation

Monthly ET0

RMSE 0.07–1.75,
MAE = 0.05–1.47, R2

= 0.331–0.999
MARS

Yassin et al. [158] GEP and ANN Combination of GP
and GA

Air temperature (maximum,
minimum, and mean),

relative humidity
(maximum, minimum, and

mean), solar radiation,
wind speed, and reference

crop height

Daily ET0
R2 = 64.4–95.5%,
RMSE = 1.13–3.1

mm/day
ANN

Gavili et al. [159]

ANN, ANFIS, GEP,
Priestley−Taylor,

Hargreaves−Samani,
Hargreaves,

Makkink, and
Makkink−Hansen

Combination of GP
and GA

Maximum temperature,
minimum temperature,
relative humidity, wind

speed, and sunshine hours

Daily ET0

R2 = 0.9814–0.9873,
RMSE =

0.3077–0.3451 mm,
MAE =

0.2258–0.2483, NSE
= 0.9812–0.9872

ANN

Kişi and
Öztürk [160]

ANFIS, ANN,
Hargreaves, Ritchie

Combination of NN
and FG

Temperature, wind speed,
relative humidity, and

radiation
Daily ET0

R2 = 0.811–0.871,
MSE = 0.615–

0.712 mm2day2,
MAE = 0.590–

0.850 mm/day

ANFIS

Dogan [161] ANFIS, PM Combination of NN
and FG

Air temperature, solar
radiation, relative humidity,

and wind speed
Daily ET0

AARE = 6.4%, R2 =
0.996, MSE = 0.016 ANFIS

Dou and Yang [16] ANFIS, ELM, ANN,
SVM

Combination of NN
and FG

Air temperature, soil
temperature, net radiation,

and relative humidity
Daily ET0

R2 = 0.9398–0.9593,
NSE = 0.8817–0.9147,

RMSE =
0.3138–0.6807, MAE

= 0.2217–0.4821

Advanced ANFIS
and ELM models

Kişi [162] ANFIS, ANN, SS Combination of NN
and FG

Air temperature, solar
radiation, humidity,

pressure, wind speed

Daily pan
evaporation

MSE = 0.09–6.23
mm2/day2, MARE =

3.40–17.9%, R2 =
0.860–0.998

ANFIS

Moghaddamnia
et al. [163] ANFIS, ANN Combination of NN

and FG

Air temperature, wind
speed, saturation vapor
pressure deficit, relative

humidity, and pan
evaporation

Daily pan
evaporation

RMSE = 1.51–2.47%,
R2 = 0.92–0.97 ANN, ANFIS

del Cerro et al.
[164]

ANFIS, PM, Ritchie,
Irmak,

Blaney–Criddle,
Priestley–Taylor,

Hargreaves,
Baier–Robertson,

McGuiness–Bordne,
Jensen–Haise, Turc,

Modified Turc,
Makkink

Combination of NN
and FG

Solar radiation,
temperature, wind speed,

and relative humidity
Daily ET0

d = 0.6415–0.9999,
MAE =

0.0008–0.7746, SEE =
0.0016–0.5534,

RMSD =
0.0016–1.0197

ANFIS, Ritchie

Pour-Ali Baba
et al. [165]

ANFIS, ANN,
Hargreaves–Samani,
Priestly–Taylor, PM

Combination of NN
and FG

Air temperature, sunshine
hours, wind speed, and

relative humidity
Daily ET0

RMSE = 0.474–0.965
mm, MAE =

0.307–0.659 mm,
NSE = 0.764–0.959,
R2 = 0.765–0.959

ANFIS, ANN

Citakoglu et al.
[166]

ANFIS, ANN,
Hargreaves, Ritchie

Combination of NN
and FG

Air temperature, relative
humidity, solar radiation,

and wind speed
Monthly ET0

RMSE = 0.198–0.486,
MAE = 0.345–0.538,

R2 = 0.960–0.985
ANFIS

Petković et al.
[167] ANFIS Combination of NN

and FG

Maximum and minimum
air temperatures, maximum

and minimum relative
humidity, wind speed,

actual vapor pressure, and
sunshine hours

Monthly ET0

RMSE = 0.3148
mm/day, R = 0.9801,

R2 = 0.9607

ANFIS trained by
minimum

temperature,
maximum

humidity, and
actual vapor

pressure

Cobaner [168]
ANFIS-GP,

ANFIS-SC, MLP,
CIMIS Penman,

Hargreaves, Ritchie

Combination of NN
and FG

Solar radiation, air
temperature, relative

humidity, and wind speed
Daily ET0

RMSE = 0.11–0.66
mm, MAE =

0.06–1.12 mm, R2 =
0.507–0.995

ANFIS-SC
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Table 5. Cont.

Reference Models
Hybrid Model

Type
Input Output Performance

Criteria
Best Model(s)

Sanikhani et al.
[169]

MLP, GRNN,
RBFNN, ANFIS-GP,

ANFIS-SC, GEP,
Hargreaves–Samani,

and calibrated
Hargreaves–Samani

Combination of NN
and FG

Solar radiation, minimum
and maximum air

temperatures, relative
humidity, and wind speed

Daily ET0

RMSE = 0.524
mm/day, MAE =
0.383, R2 = 0.905

RBNN

Zakhrouf et al.
[170]

ANFIS-SC, ANFIS-F,
MLR

Combination of NN
and FG

Relative humidity,
insolation duration, wind

speed, and air temperature
Daily ET0

MARE = 16.43%,
MSE = 0.316 mm2,

ME = 0.30 mm, NSE
= 94.01%

ANFIS-SC

Ye et al. [171]
DENFIS-WOA,

DENFIS-BA,
MARS-WOA, and

MARS-BA

Combination of NN
and FG

Maximum and minimum
temperature, ET0

Daily ET0

NRMSE = 0.35–0.54,
SD = 1.00–1.01, R2 =

0.85–0.94, md =
0.73–0.82, NSE =
0.71–0.87, KGE =

0.70–0.86

DENFIS-WOA

Malik et al. [176]
CANFIS, MLP,

RBFNN, SOMNN,
MLR

Combination of NN
and FG

Minimum and maximum
air temperatures, wind

speed, relative humidity,
and solar radiation

Monthly ET0

RMSE =
0.0978–0.1394, ScI =
0.0261–0.0475, CE =
0.9846–0.9963, PCC
= 0.9942–0.9982, WI

= 0.9959–0.9991

CANFIS

Malik et al. [177] CANFIS, MLR,
ANN

Combination of NN
and FG

Relative humidity, air
temperature (maximum

and minimum), wind speed,
and sunshine hours

Daily pan
evaporation

RMSE = 1.233–1.406
mm/day, CE =
0.729–0.792, R =

0.887–0.921
ANN

Aytek [178] CANFIS,
Hargreaves, Turc

Combination of NN
and FG

Solar radiation, relative
humidity, air temperature,

and wind speed
Daily ET0

RMSE = 0.13
mm/day, CE =
0.97%, R2 = 0.98

CANFIS

Falamarzi et al.
[185] ANN, WNN Combination of

different models
Temperature and wind

speed Daily ET0

R = 0.82–0.90, RMSE
= 1.10–1.54 mm/day,
APE = 23–30%, NSE

= 0.53–0.76
ANN, WNN

Kişi [187] WELM, ANN, ELM,
and OS-ELM

Combination of
different models

Temperature, solar
radiation, relative humidity,

and wind speed
Daily ET0

RMSE 0.3590–1.6381
mm/day, R2 =

0.0.2617–0.9518,
MAE =

0.3848–1.3774
mm/day, NSE =

0.2334–0.9492

WELM

Mehdizadeh [189] MARS-ARCH and
GEP-ARCH

Combination of
different models

Air temperature, solar
radiation, relative humidity,

wind speed, ET0

Daily ET0

RMSE = 0.40–1.85
mm/day, R2 =

0.200–0.962, MAE =
0.29–1.64 mm/day,

MAPE =
11.20–105.50%

MARS-ARCH and
GEP-ARCH

Rahman et al.
[190]

FFNN, CNN, GRU,
and LSTM

Combination of
different models

Air temperature, humidity,
solar radiation, wind speed,

maximum and minimum
temperature, and

precipitation

Daily ET and PET R2 = 0.94 FFNN-DLA

Bidabadi et al.
[179]

ANN, ANFIS, and
ANN-GWO

Combination of NN
with FG and
optimization
algorithms

Minimum and maximum
air temperature, wind

speed, and ET0

Monthly ET0

RMSE = 0.335–0.434,
R2 = 0.947–0.970,

MSE = 0.112–0.212
ANFIS

Habeeb et al. [191] LME-SVM,
LME-NANN

Combination of
different models

Wind speed, maximum and
minimum temperatures,

average temperature,
humidity, and ET0

Monthly ET0

MAE =
5.0580–6.9283,

MAPE =
1.8713–2.9077, RMSE

= 6.1883–9.6620

LME-SVM

Notes: Abbreviations: peak percentage deviation (Pdv), average absolute relative error (AARE), root mean square
difference (RMSD), mean error (ME), average performance error (APE), scatter index (ScI), modified index of
agreement (md), performance indicator (GPI), uncertainty with a 95% confidence level (U95), linear mixed effects
(LME), nonlinear autoregressive neural network (NANN), Pearson correlation coefficient (PCC), coefficient of
efficiency (CE).

Recent investigations (e.g., [189–191]) have explored hybrid modeling approaches
for ET0 estimation, reporting consistent—albeit marginal—improvements in predictive
performance over standalone models. These hybrid methods offer clear advantages over
traditional empirical techniques, including enhanced accuracy, better adaptability to com-
plex datasets, improved interpretability, robustness in data-scarce contexts, more refined
estimation of ET components, and reduced uncertainty. Frameworks such as RF-XGBoost
and XGBoost-LightGBM have reliably outperformed empirical models by achieving supe-
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rior statistical metrics—higher KGE and R2, and lower RMSE—thereby supporting more
dependable ET estimates, especially under variable meteorological conditions [78].

Hybrid models demonstrate the capacity to process a wide range of meteorological
variables—temperature, relative humidity, solar radiation, and wind speed—addressing
a major limitation of empirical approaches and enabling application across diverse cli-
mates [78,192]. Models that integrate additive regression with decision tree-based al-
gorithms or ensemble strategies (e.g., RF-M5Tree) strike a favorable balance between
predictive accuracy and interpretability. Moreover, their compatibility with remote sensing
data and physically based simulations enhances their utility in regions with limited ground-
based observations. These capabilities position hybrid models as a significant advancement
in ET estimation methodologies, enabling accurate prediction across heterogeneous climatic
settings [78,81,193].

A key strength of hybrid models is their ability to integrate multi-source datasets,
which helps mitigate issues stemming from sparse observational networks. This often
involves combining conventional meteorological data (e.g., air temperature, humidity, wind
speed) with remote sensing inputs such as satellite-derived vegetation indices and outputs
from eddy covariance systems or physically based models [81,194]. Ensuring computational
efficiency and predictive reliability typically requires steps like data normalization and
hyperparameter tuning, particularly in models such as XGBoost [78]. Feature selection also
plays a crucial role in enhancing performance; in semi-arid regions, temperature-based
inputs tend to offer more consistency and reliability than solar radiation variables [78,195].
XGBoost-based hybrids have shown strong performance using combinations of minimum
and maximum temperature, solar radiation, humidity, and wind speed [78], reinforcing
their adaptability to variable climate conditions and data availability constraints.

Research has underscored the utility of models like RF-XGBoost, which combine
high accuracy with moderate interpretability [78]. Deep learning-based hybrids, such
as deep long short-term memory (D-LSTM) models, have demonstrated promising re-
sults even in data-scarce environments, although often at the expense of transparency
and interpretability [196]. Despite their strengths, hybrid models face notable limitations.
Equifinality—where multiple parameter sets yield similar outputs—can introduce uncer-
tainty and diminish reliability [197]. These challenges highlight the need for continued
refinement to ensure model robustness, particularly when applied across differing climatic
regimes or regions.

Hybrid models often integrate metaheuristic optimizers (PSO, GA, Grey Wolf, etc.) to
tune parameters, yielding notably better generalization [198]. Modern hybrids not only
improve raw predictive accuracy but can also reveal dominant physical drivers: e.g., GEP
models in multi-climate tests identified mean relative humidity as the key determinant of
ET0 variability [199]. By combining algorithms (ANN, fuzzy systems, tree ensembles, etc.)
with evolutionary optimization, current hybrids provide expressive, flexible models that
learn complex ET0 relationships beyond what classic empirical formulas or simple ML can
capture.

On the other hand, one of the challenges is model complexity and computational cost.
Advanced hybrids (ensembles of deep nets or many tree models) can require heavy training
resources. In one comparative study, RF ensembles gave the best ET0 estimates but suffered
much greater computation than simpler models [200]. Overfitting is another concern:
data-driven hybrids like GEP or ANFIS can fit training data too closely, especially with
limited records. Ensuring the transferability of a hybrid model to new regions or climate
regimes remains an open issue. Recent reviews recommend attention to domain-adaptation
strategies (e.g., transfer learning or multi-site training) to improve robustness, since many
ML-based ET0 models fail when relocated.
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4. Comparison Between Time Series and AI Models

Comparing time-series and AI models, some studies have reported the advantage of
time-series models compared to AI. For example, Aghelpour et al. [201] utilized a hybrid
model called ANFIS-DE, a combination of ANFIS and DE, as well as seasonal autoregressive
integrated moving average (SARIMA), a classic stochastic time series model, for monthly
ET forecasting using input weather data, including air temperature, sunshine duration, and
relative humidity. The findings demonstrated the ability of the DE algorithm to significantly
promote the accuracy of the simple ANFIS model. However, SARIMA was considered the
most suitable model compared to ANFIS and ANFIS-DE for ET0 predictions on a monthly
basis in all study areas. Ashrafzadeh et al. [202] used SVM, GMDH, and SARIMA models to
predict ET0 in Guilan Province, Iran. It was found that the models could predict ET0 for the
subsequent two years; nevertheless, the SARIMA models generally showed better perfor-
mance than the SVM and GMDH models. Aghelpour et al. [203] compared several stochastic
models, such as autoregressive, moving average, autoregressive moving average, and au-
toregressive integrated moving average (ARIMA), with three AI models (SVM, GRNN, and
ANFIS) for daily ET0 prediction. Although both model types demonstrated high capability
in the prediction of daily ET0 rates for humid regions, the time series models were preferred
over AI models, similar to the studies conducted by Ashrafzadeh et al. [202,204], which
suggested that linear autocorrelation is more robust compared to nonlinear autocorrelation in
the ET0 time series, explaining the preference for time series models in the study conducted
by Aghelpour et al. [201] because of their higher accuracy and ease of use. It should be noted
that the limitations of the SARIMA model, which only considers time lags of the evaporation
variable as inputs, led to the application of machine learning models using ET0 time lags to
enable a meaningful comparison. Additionally, in Tamil Nadu, India, ref. [205] compared AI
and stochastic methods and concluded that stochastic models were more suitable for ET0

prediction. Conversely, in a study conducted in Brazil [206], AI models provided relatively
more accurate predictions of ET0 compared to time series models, which contradicts the
findings of the aforementioned studies. They compared the CNN model with the SARIMA
stochastic model for daily ET prediction using meteorological data. This discrepancy could
be due to the differences in climatic conditions between the study areas. Landeras et al. [207]
conducted a comparison between stochastic and AI methods, that is, ARIMA and ANN, for
predicting weekly ET in Spain using meteorological data, including air temperature, relative
humidity, wind speed, and solar radiation. According to the results, both types of models
improved the weekly ET0 predictions compared to the mean-based models; however, the AI
model slightly outperformed the stochastic model.

5. Challenges to AI Models

Despite the increasing application of AI techniques in estimating ET0, the use of
black-box models without incorporating the fundamental physical principles underlying
the ET process can lead to significant inaccuracies [208]. A critical challenge in deploying
AI models for ET0 prediction lies in the quality and quantity of the training data. Small
or noisy datasets may prevent these models from learning the true underlying patterns.
Specifically, limited data can result in overfitting, where the model captures noise rather
than meaningful trends, while excessively noisy data may cause underfitting, particularly
when simple learning architectures are used [208]. To mitigate these issues, data preprocess-
ing techniques such as normalization, bias reduction, and expansion of training datasets
are essential. Another key consideration is the selection of relevant input features, as the
choice of climatic parameters directly influences model accuracy. However, despite their
importance, these preprocessing and feature selection methods have been underutilized in
many AI-based ET modeling studies. For instance, Goyal et al. [106] evaluated multiple
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combinations of input variables, ranging from a full set including rainfall, temperature ex-
tremes, relative humidity, and sunshine hours to reduced sets with fewer variables—using
the Gamma test (GT). Their results indicated that including all six climatic parameters
yielded the highest accuracy in estimating pan evaporation. Similarly, other studies have
employed GT to construct optimal input combinations by minimizing mean square error
(MSE). One study [54] found that a combination of relative humidity, minimum and maxi-
mum temperatures, sunshine hours, and wind speed provided optimal performance for
monthly pan evaporation prediction. Moghaddamnia et al. [163] used the Gamma test
across various regions in Iran to assess the impact of input selection on evaporation simula-
tion. While wind speed emerged as the most influential factor based on GT results, this
contradicted intuitive assessments that identified air temperature as the most relevant. This
inconsistency highlights the complexity and spatial variability in the influence of climatic
parameters on ET processes. In another study, Ahmadi et al. [5] employed τ-Kendall and
entropy-based methods to identify effective inputs from a dataset comprising minimum,
mean, and maximum air temperature, wind speed at 2 m height, relative humidity, and
sunshine duration. Their findings showed that models using climatic data outperformed
those based solely on antecedent ET0 values. Air temperature and solar radiation were
consistently significant, while wind speed also played a notable role, especially in the
τ-Kendall method.

The contribution of wind speed to ET0 estimation has been further validated in prior
research. Although wind speed alone may result in poor model performance, its inclusion
alongside other climatic inputs substantially improves estimation accuracy [116,166]. Nev-
ertheless, a persistent challenge in AI-based ET modeling is the variability in optimal input
combinations across studies. For example, Wen et al. [114] found that SVM performed well
using only minimum and maximum temperatures and solar radiation, while Antonopoulos
et al. [32] identified temperature, relative humidity, and wind speed as the best predictors for
ANN. Such inconsistencies restrict the generalizability of AI models and underscore the need
for location-specific and model-specific input selection strategies.

In addition to the limitations mentioned above, emerging challenges in AI-based ET0

estimation relate to model generalizability across diverse climatic and geographic regions,
the dynamic and nonlinear behavior of environmental variables, and the inadequate tem-
poral adaptability inherent in many existing predictive frameworks. AI models that are
predominantly trained on static historical datasets often exhibit poor performance when
exposed to non-stationary climate conditions, which are increasingly prevalent due to the
compounded effects of global climate change, anthropogenic land-use transformations,
and shifting agricultural practices. These evolving conditions introduce variability that
traditional machine learning models are not inherently designed to accommodate. Further-
more, the reliance on region-specific datasets for training restricts the spatial transferability
of models, as they may fail to capture the localized hydrometeorological characteristics of
distinct agroecological or hydrological regimes. Without rigorous retraining, recalibration,
or the use of domain adaptation strategies, the applicability of these models across broader
regions remains limited [209–211].

6. Conclusions and Future Studies

ET is the combined process of water vapor transfer to the atmosphere through evap-
oration from surfaces and transpiration from plants. Accurate ET estimation is vital for
agriculture, water resource management, climate studies, and ecological assessments. The
choice of estimation methods depends on data availability, computational resources, and
required accuracy. ET estimation approaches are broadly classified into direct and indirect
methods. Direct methods, though accurate, are often limited by high costs, maintenance de-
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mands, and localized measurements. Indirect methods, particularly the Penman–Monteith
(PM) model, are widely used but require extensive input data, which may not be available
globally. As an alternative, AI techniques offer a promising solution due to their ability
to model the nonlinear nature of ET processes. This study explores the use of AI in ET
estimation—specifically ET0, actual ET, and pan evaporation—using four model types:
neuron-based, tree-based, kernel-based, and hybrid models.

ANN models that fall into the neuron-based category have gained popularity for
estimating ET because of their capability to capture complex nonlinear relationships among
input variables and output estimates. Although this type of method is well-suited for large
datasets with intricate patterns and various data distributions, it suffers from overfitting
under limited data conditions and is difficult to interpret, especially in the case of deep
architecture. Similarly, tree-based models, especially deep trees, can overfit; however,
ensemble methods, such as RF and GB, can mitigate overfitting and generalize effectively.
Furthermore, tree-based models can handle non-linear relationships and missing datasets
and are more interpretable than neural network-based models. Unlike the aforementioned
methods, kernel-based methods are able to capture fewer non-linear relationships and are
well-suited for small- to medium-sized datasets. Additionally, selecting an appropriate
kernel function is challenging because it requires domain expertise. According to previous
studies that estimated ET using AI models, ANNs have been extensively employed due
to their flexibility and generalization ability. Another type of neuron-based model, that
is, DNN, has rarely been used by researchers, while the superior performance of RNNs
compared to simple ANNs is demonstrated in studies. This can be because of additional
capabilities in their architecture, like the additional memory units to maintain historical
data records. Likewise, CNN can extract valuable features for modeling tasks. The chal-
lenges related to data, resources, complexity, and interpretability likely contributed to their
reduced use in ET modeling compared to traditional ANNs. Among tree-based models,
RF and other ensemble methods have shown acceptable performance in ET modeling.
In addition, many investigations concluded that hybrid models, including optimized AI
models, ANFIS, GEP, and other combined models, outperformed traditional models due to
integrating the strengths of various models to enhance predictive performance.

To further advance the applicability and robustness of AI-based ET prediction, future
research should target several strategic areas. A particularly promising direction involves
the application of transfer learning, where models initially trained in data-rich regions are
adapted for data-scarce areas through fine-tuning or domain adaptation techniques. This
not only reduces the reliance on extensive local datasets but also significantly enhances
spatial generalizability, making it highly suitable for large-scale ET0 mapping across diverse
climatic zones. In addition, there is increasing recognition of the importance of integrating
socioeconomic variables, such as land use change, irrigation intensity, and anthropogenic
landscape transformations, into AI modeling frameworks. These factors play a pivotal
role in shaping ET dynamics, particularly in rapidly transforming agricultural and peri-
urban regions, and their inclusion can lead to more context-sensitive and policy-relevant
predictions. Furthermore, the development of climate-adaptive AI frameworks offers a
compelling path forward. By incorporating real-time climatic indices (e.g., ENSO events,
drought severity indicators) into the model architecture, such systems can dynamically
recalibrate in response to evolving environmental conditions. This adaptability is essential
for enhancing model resilience under extreme climate variability and can provide critical
decision support for sustainable water resource planning and agricultural management in
an era of intensifying climate change.

In this regard, there are some concluding remarks outlining potential directions for
future studies:
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• The integration of physical ET processes into AI models to reduce inaccuracies from
the current black-box approaches.

• The development of standardized input variable combinations for AI-based ET0

estimation to address inconsistencies in variable selection across similar climate condi-
tions.

• The exploration and implementation of advanced pre-processing techniques to im-
prove input variable selection and overall model accuracy.

• A combination of AI models with hydrological modeling and remote sensing data
for more accurate, real-time, or near-real-time ET estimations at various spatiotempo-
ral scales.

• The establishment of benchmarks for consistent evaluation of ET0 models across
different geographic and climatic contexts by integrating domain-specific knowledge
and multi-source data.

• The transfer learning enhances model generalizability by adapting knowledge from
data-rich regions to data-scarce areas.

• Socioeconomic factors, including land use changes and irrigation practices, are crucial
for context-sensitive ET0 predictions.
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204. Ashrafzadeh, A.; Kişi, O.; Aghelpour, P.; Mostafa Biazar, S.; Askarizad Masouleh, M. Closure to “comparative study of time
series models, support vector machines, and gmdh in forecasting long-term evapotranspiration rates in northern Iran” by Afshin
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Abstract: Arctic sea ice variations exhibit relatively strong statistical associations with
precipitation variability over northeastern and southern China. Using Arctic Ocean reanal-
ysis data from the EU Copernicus Project, this study examines the time-lagged statistical
relationships between winter Arctic sea ice conditions and subsequent spring precipitation
variability over China through wavelet analysis and Granger causality tests. Singular value
decomposition (SVD) identifies the Barents, Kara, East Siberian, and Chukchi Seas as key
regions exhibiting strong associations with spring precipitation anomalies. Increased winter
sea ice in the East Siberian and Chukchi Seas generates positive geopotential height anoma-
lies over the Arctic and negative anomalies over Northeast Asia, adjusting upper-level jet
streams and influencing precipitation patterns in Northeast China. Conversely, increased
sea ice in the Barents–Kara Seas leads to persistent negative geopotential height anoma-
lies simultaneously occurring over both the Arctic and South China regions, enhancing
southern jet stream activity and intensifying warm-moist airflow at the 850 hPa level, thus
favoring precipitation in southern China. Compared to considering only climate factors
such as the Pacific Decadal Oscillation (PDO), El Niño–Southern Oscillation (ENSO), and
Arctic Oscillation (AO), the inclusion of Arctic sea ice significantly enhances the influence
of multiple climate factors on precipitation variability in China.

Keywords: Arctic sea ice; precipitation; atmospheric circulation; climate change;
multi-wavelet coherence (MWC); SVD

1. Introduction

Arctic sea ice is a “regulator” of the Arctic climate and an “indicator” of global
change [1]. With the intensification of global warming, the Arctic region has experienced the
most significant temperature rise in the world, exceeding twice the global average, which
is also known as “Arctic amplification” [2,3]. From the late 20th century to the 21st century,
the coverage, thickness, and surface snow depth of Arctic sea ice have decreased, and the
speed of sea ice’s movement and the sea temperature have increased, with longer melting
seasons [4–6]. These trends are expected to continue, and seasonal ice-free conditions in
the Arctic Ocean could occur by the middle of this century or even earlier [7].

Variations in Arctic sea ice are linked to changes in China’s climate and extreme
weather events, influencing temperature [8] and precipitation patterns in various regions.
There have been extensive studies on the correlation between Arctic sea ice and precip-
itation in Northeast China. Guo et al. [9] found that the total Arctic sea ice extent in
spring (February–April) is positively correlated with summer precipitation in the Yangtze
River Basin but negatively correlated with summer precipitation in Northeast China, the
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Indochina Peninsula, and the South China Sea. Zhang et al. [10] identified a significant
negative correlation between spring precipitation in Northeast China and the preceding
winter’s Barents Sea ice concentration. Similarly, Li et al. [11] reported a negative correlation
between the intensity of Barents Sea ice and precipitation in Northeast China during May.
Furthermore, Han et al. [12], through observational analysis and atmospheric simulation
experiments, found that an increase in Barents Sea ice in early spring leads to increased
rainfall in northern Northeast China while causing an abnormal decrease in precipitation
in the southern part of the region.

Changes in Arctic sea ice also influence precipitation in southern China. Zhao et al. [13]
found that a reduction in spring sea ice extent in the Bering Sea and the Sea of Okhotsk leads
to an increase in summer monsoonal precipitation in southeastern China. Similarly, Wu
et al. [14] demonstrated that a decline in the spring sea ice concentration in the Arctic Ocean
and Greenland Sea is associated with a reduction in summer precipitation in southern China.
Additionally, Wu et al. [15] discovered that the variability of Arctic sea ice in the Norwegian
Sea and the Barents Sea during the preceding winter is closely linked to the interannual
variation in East Asian spring precipitation, showing a significant negative correlation.

Arctic sea ice variability is closely linked to atmospheric circulation changes over the
Arctic, with the Arctic Oscillation (AO) and North Atlantic Oscillation (NAO) acting as
key intermediaries connecting sea ice conditions to the Northern Hemisphere’s climate
patterns [16]. He et al. [17] found that the decline in Arctic sea ice in June triggers an
anomalous Rossby wave train, which propagates downstream and impacts the circulation
over East Asia. This leads to the formation of a tripole precipitation pattern in August,
characterized by negative precipitation anomalies in northern and southern China, while
Japan, Korea, and central China experience positive anomalies. Wu et al. [15] demonstrated
that Arctic sea ice anomalies persist from winter into the following spring, continuously
generating Rossby wave trains across the Eurasian continent and inducing downstream
circulation anomalies. This wave train pattern is often associated with an anomalous
low-pressure system over the Mongolian Plateau, which enhances the East Asian subtrop-
ical westerly jet stream. The strengthening of this jet stream, accompanied by low-level
convergence and upper-level divergence, enhances local convection, thereby favoring
increased spring precipitation in East Asia. Physical analyses based on observations and
numerical simulations [11] indicate that a decrease in the Barents Sea ice concentration may
trigger a Rossby wave train that propagates southeastward, crossing the Mongolia–Baikal
region and reaching Northeast China. This process establishes a zonal anticyclone–cyclone–
anticyclone teleconnection pattern over the mid-to-high latitudes of Eurasia. Under the
influence of this pattern, southerly winds prevail over Northeast China, transporting warm
and moist air into the region. Additionally, increased local atmospheric instability and
upward motion further enhance favorable moisture and dynamic conditions, leading to
increased precipitation in Northeast China during May.

Although previous studies have explored the potential link between Arctic sea ice
melting and East Asian precipitation, their explanations regarding the key regions and
underlying mechanisms remain inconsistent. The objective of this study is to conduct a
comprehensive analysis of the spatiotemporal characteristics of Arctic sea ice variations
based on the sea ice reanalysis dataset from the European Union’s Copernicus Program. By
examining different sea ice regions, this study explores the spatial and temporal relation-
ships between Arctic sea ice anomalies and the precipitation variability over northeastern
and southern China. Furthermore, from the perspective of atmospheric circulation, we
investigate the possible mechanisms through which Arctic sea ice anomalies are statistically
linked to spring precipitation patterns in these selected regions. The remainder of this
paper is organized as follows: Section 2 introduces the datasets and methods used in
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this study. Section 3 presents the results of the spatiotemporal characteristics of Arctic
sea ice and its statistical associations with precipitation variability. Section 4 discusses
the possible physical mechanisms and further analyzes the influences of multiple climate
factors, including ENSO, PDO, AO, and Arctic sea ice, on precipitation variability in China.
Section 5 concludes the paper with a summary of the key findings and suggestions for
future research.

2. Datasets and Methods

2.1. List of Abbreviations

Throughout this paper, a number of abbreviations and acronyms are employed. To
enhance clarity and facilitate comprehension, the definitions of key terms and their cor-
responding abbreviations are presented in Table 1. This table encompasses all relevant
abbreviations that are frequently referenced throughout the study.

Table 1. List of abbreviations used in this paper.

Term Definition

ENSO El Niño-Southern Oscillation
PDO Pacific Decadal Oscillation
AO Arctic Oscillation
SIC Sea Ice Concentration
SIT Sea Ice Thickness
EOF Empirical Orthogonal Function
SVD Singular Value Decomposition

MWC Multiple Wavelet Coherence
AWC Average Wavelet Coherence
PASC Percentage of Area with Significant Coherence
Z200 200 hPa Geopotential Height
Z500 500 hPa Geopotential Height
SLP Sea Level Pressure

U200 200 hPa Zonal Wind
UV850 850 hPa Horizontal Wind

2.2. Study Area

The study area is confined to the ocean above the latitude of 66.5◦ N on the Atlantic
side, with Fury and Hecla Strait as the southern boundary of the Canadian Archipelago. We
divided the area into the following 5 sub-regions, as shown in Figure 1: Barents–Kara Seas,
Arctic Marginal Seas (Beaufort–Chukchi–East Siberian–Laptev Seas), Baffin–Archipelago,
Central Arctic, and Greenland–Norwegian Seas.

2.3. Datasets

The Arctic Ocean Physics Reanalysis dataset “ARCTIC_MULTIYEAR_PHY_002_003”
is a reanalysis product provided by the Arctic Monitoring and Forecasting Centre (ARC
MFC), operated by the Nansen Environmental and Remote Sensing Center (NERSC) in
Bergen, Norway, through the TOPAZ4b system, and is available from the Copernicus
Marine Service (http://marine.copernicus.eu/) (accessed on 21 March 2024). It employs
advanced sequential data assimilation methods and mixed coordinate ocean models, inte-
grating remote sensing data for enhanced accuracy and comprehensiveness. Observations
that are assimilated by TOPAZ4 include sea surface temperature from the Operational Sea
Surface Temperature and Sea Ice Analysis (OSTIA), sea ice concentration from OSI-SAF,
and CS2SMOS sea-ice thickness data from AWI. The ice thickness product is the weekly
merged CS2SMOS dataset from AWI [18], combining thin sea ice measurements from the
ESA SMOS mission to the thick sea ice retrievals from another ESA mission CryoSAT2.

208



Water 2025, 17, 1443

The spatial resolution of the reanalysis datasets is 12.5 km, and the temporal resolution
is monthly.

Figure 1. Location map of the Arctic regions.

The precipitation dataset used in this study is the CHM_PRE dataset provided by the
National Tibetan Plateau Data Center [19], operated in Beijing, China, and is available at
https://data.tpdc.ac.cn/ (accessed on 11 December 2024). This dataset is constructed based
on daily observational data collected from 2839 stations, including 2419 stations across
mainland China and 420 stations in surrounding regions. The dataset covers the period
from 1961 to 2022, with a spatial resolution of 0.1◦ and a geographical range of 18◦ N–54◦ N
and 72◦ E–136◦ E.

The atmospheric circulation factors used in this study are derived from ERA5
(https://cds.climate.copernicus.eu/), a widely used atmospheric reanalysis dataset pro-
duced by the European Centre for Medium-Range Weather Forecasts (ECMWF), located in
Reading, United Kingdom. ERA5 is generated using 4D-Var data assimilation and model
forecasts from cycle CY41R2 of the ECMWF Integrated Forecast System (IFS) (accessed on
2 December 2024) [20]. The ERA5 dataset contains more than 200 parameters and variables
with global coverage, spanning from 1940 to the present date in near real time. ERA5
provides a large number of atmospheric, land, and oceanic climate variables. In this study,
we selected the 200 hPa geopotential height (Z200), 500 hPa geopotential height (Z500), sea
level pressure (SLP), 200 hPa zonal wind (U200), and 850 hPa horizontal wind (UV850).

The Niño 3.4 index, PDO index, and AO index were obtained from the Earth System
Research Laboratory of the National Oceanic and Atmospheric Administration (NOAA),
located in Boulder, Colorado, United States, and available at http://www.esrl.noaa.gov/
(accessed on 2 December 2024).

2.4. Methods

This study adopts a multi-method, multi-scale, and integrated analytical framework to
reveal the spatiotemporal coupling mechanisms and dominant variability patterns between
precipitation in China and Arctic sea ice. First, empirical orthogonal function (EOF) analysis
is employed to reduce the dimensionality of high-dimensional spatiotemporal precipitation
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data, extracting the dominant variability structures and their evolution patterns within
the region. Secondly, singular value decomposition (SVD) is used to construct a cross-
covariance matrix between the precipitation and Arctic sea ice fields, extracting paired
spatial modes with the highest covariance to analyze their teleconnection and co-evolution
patterns. For dynamical mechanisms, both regression analysis and composite analysis are
applied. Regression analysis quantifies the statistical relationships between precipitation
and circulation fields, identifying key large-scale circulation anomalies. Composite analysis
further verifies and attributes these atmospheric circulation and moisture transport patterns
by comparing climate field characteristics during different sea-ice anomaly years, ensuring
the robustness of the identified mechanisms. Additionally, the T–N three-dimensional
wave-activity flux theory is introduced to quantitatively diagnose the energy transmission
process of quasi-stationary Rossby waves, exploring the physical link between precipitation
anomalies and Arctic sea ice variations. Furthermore, bivariate wavelet coherence (WTC)
and partial wavelet coherence (PWC) analyses are used to assess the influence of multiple
climate factors on precipitation in China across different timescales. Statistical significance
is determined using the Student’s t-test, with the degrees of freedom set to n − 2, where n
represents the number of rows in the variable dataset. The technical roadmap of this study
is shown in Figure 2.

Figure 2. Technical flowchart.

2.4.1. Empirical Orthogonal Function (EOF)

EOF is a dimensionality reduction method for climate fields based on the orthogonal
decomposition of the covariance matrix [21]. Its core idea is to decouple high-dimensional
spatiotemporal datasets into a linear combination of spatial modes and temporal coeffi-
cients, thereby extracting dominant spatiotemporal variability signals. Given the observa-
tional data of a climate variable field in the matrix form:

X =

⎡
⎢⎢⎣

x11 . . . x1n
...

. . .
...

xm1 . . . xmn

⎤
⎥⎥⎦ (1)
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where m represents spatial points, typically observation stations or grid points, and n
denotes temporal points, i.e., the number of observations; xmn represents the observation
value at the m-th station or grid point during the n-th observation. The EOF decomposition
expresses X as:

X = VZ# (2)

where

V =

⎡
⎢⎢⎣

v11 . . . v1m
...

. . .
...

vm1 . . . vmm

⎤
⎥⎥⎦, Z =

⎡
⎢⎢⎣

z11 . . . z1n
...

. . .
...

zm1 . . . zmn

⎤
⎥⎥⎦ (3)

These are referred to as the spatial function matrix and the temporal coefficient matrix,
respectively. Given the orthogonality properties of V and Z, the spatial function matrix,
V, is obtained from the eigenvectors of XXT , while the temporal coefficient matrix, Z, is
derived as VTX. The variance contribution of each eigenvector is calculated as follows:

Rk =
λk

∑m
i=1 λi

(k = 1, 2, . . . , p(p < m)) (4)

where λk is the k-th eigenvalue. The cumulative variance contribution of the first p eigen-
vectors is given by the following:

G =
∑

p
i=1 λi

∑m
i=1 λi(p<m)

(5)

The leading eigenvectors obtained from EOF decomposition represent the dominant
variability structure of the climate variable field across the entire region. Given the ad-
vantages of EOF in extracting the primary variability patterns of climate fields, this study
applies it to analyze the spatiotemporal evolution of precipitation in China. The first three
modes are used to reveal the dominant spatial patterns of precipitation variability and their
temporal evolution.

2.4.2. Singular Value Decomposition (SVD)

SVD [22] is an orthogonal decomposition method based on the cross-covariance matrix
of two variable fields. By applying SVD, the original high-dimensional spatiotemporal
correlation problem can be transformed into a limited number of time-varying coupling
modes, effectively extracting the coupled coherent patterns between two meteorological
fields. Mathematically, SVD performs spectral decomposition on the cross-covariance
matrix to isolate paired spatial modes with the highest covariance, thereby revealing the
spatiotemporal teleconnection characteristics between the two fields. In this study, SVD
is used to analyze the cross-regional teleconnection mechanism between precipitation
in China and Arctic sea ice, focusing on the first two modes with significant covariance
contributions to uncover key co-evolution patterns.

2.4.3. T–N Three-Dimensional Wave-Activity Flux

Takaya and Nakamura [23], building upon Plumb’s theoretical foundation, developed
the formulation for the three-dimensional propagation of quasi-stationary waves, known
as the T–N flux (also referred to as wave-activity flux), under conditions where the basic
flow is variable. This formulation allows for the diagnosis of Rossby wave perturbation
energy propagation and the significance of nonlinear interactions, providing a means to
describe the energy propagation characteristics of quasi-stationary Rossby waves. Under
the Wentzel–Kramers–Brillouin (WKB) approximation, this flux is independent of the wave
phase and aligns with the local group velocity of stationary Rossby wave trains in the
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horizontal direction. In the logarithmic pressure coordinate system, it can be expressed
as follows:

W =
pcosϕ
2|U|

⎛
⎜⎜⎜⎜⎜⎝

U
a2cos2 ϕ

[(
∂ψ′
∂λ

)2 − ψ′ ∂2ψ′
∂λ2

]
+ V

a2cos ϕ

[
∂ψ′
∂λ

∂ψ′
∂ϕ − ψ′ ∂2ψ′

∂λ∂ϕ

]
U

a2cos ϕ

[
∂ψ′
∂λ

∂ψ′
∂ϕ − ψ′ ∂2ψ′

∂λ∂ϕ

]
+ V

a2

[(
∂ψ′
∂ϕ

)2 − ψ′ ∂2ψ′
∂ϕ2

]
f 2
0

N2

{
U

acosϕ

[
∂ψ′
∂λ

∂ψ′
∂z − ψ′ ∂2ψ′

∂λ∂z

]
+ V

a

[
∂ψ′
∂ϕ

∂ψ′
∂z − ψ′ ∂2ψ′

∂ϕ∂z

]}

⎞
⎟⎟⎟⎟⎟⎠ (6)

In Equation (6), p denotes the pressure normalized by 1000 hPa; ϕ and λ represent
the latitude and longitude, respectively; f is the Coriolis parameter; a is the Earth’s radius;
U and V are the zonal and meridional components of the basic-state flow field; ψ′ is the
quasi-geostrophic perturbation stream function; and N² represents the buoyancy frequency
(Brunt–Väisälä frequency). This formulation couples dynamical and thermodynamic
perturbation terms to describe the three-dimensional propagation of Rossby wave energy,
where the horizontal component reflects barotropic energy transmission. In this study, this
method is employed to analyze the dynamical linkage between Arctic sea ice anomalies
and precipitation variability in China.

2.4.4. Multi-Wavelet Coherence (MWC)

MWC is an effective method for investigating the scale-dependent relationships be-
tween two variables [24]. MWC can unravel a series of multivariate relationships, deter-
mine the multivariate relationships of variables in space or time scales, and also identify
the proportion of variance related to predictive variables and response variables [25]. In
wavelet analysis, a 95% confidence level is obtained based on the first-order autocorrelation
coefficient through Monte Carlo simulations (1000 repetitions) [26]. The resonance period
refers to a strong coupling relationship that occurs on a specific time scale. The quantitative
assessment of the predictive variables’ explanatory power for the response variable is
conducted by calculating the percentage area of significant coherence outside the cone
of influence (percent area of significant coherence, PASC), as well as the average wavelet
coherence (AWC) [24,27]. The AWC was calculated by averaging the wavelet coherence
produced over all scales according to the coherence values produced in the PWC compu-
tation [26]. The PASC was obtained by calculating the ratio of the number of significant
values of power over the total number of values of the power. The larger the PASC, the
higher the AWC, indicating that the specific predictor variable can explain more of the sea
ice variation.

2.4.5. Mann–Kendall (MK) Trend Test

Mann–Kendall (MK) trend test, which is a non-parametric test method recommended
by the World Meteorological Organization [28], is used to test the temporal changes in sea
ice. The specific principles of the MK are as follows:

Assuming that the samples in the sequence {x1,. . .,xN} are randomly independent, the
statistic S is constructed as follows:

S =
N−1
∑

i=1

N
∑

j=i+1
sgn

(
xj − xi

)
(7)

among

sgn
(

xj − xi
)
=

⎧⎪⎨
⎪⎩
+1, xj − xi > 0
0, xj − xi = 0
−1, xj − xi < 0

(8)
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where S > 0 indicates that the sequence has an increasing trend, and S < 0 indicates that the
sequence has a decreasing trend.

The statistic τ measures the strength of a continuous trend, as follows:

τ = 2S
N(N−1) (9)

Mann and Kendall proved that when n ≥ 8, the statistic S roughly follows a normal
distribution, and its variance is as follows:

σ2
s = 1

18

[
N(N − 1)(2N + 5)−

m
∑

i=1
ti(ti − 1)(2ti + 5)

]
(10)

where m is the number of groups, Var(S) is equal to x in the dataset, and ti is the number of
data points in group i equal group.

The hypothesis test Z is defined below and approximates the standard normal
distribution:

z =

⎧⎪⎨
⎪⎩
(S − 1)/σs if S > 0
0 if S = 0
(S + 1)/σs if S < 0

(11)

When Z > 0, there is an upward trend; when Z < 0, there is a decreasing trend.
For a given significance level α, if |Z| > Z1−α/2, this indicates a significant upward

or downward trend in the time series. In this paper, the p-value is used to represent Z.
When the p-value is less than a pre-defined significance level (typically 0.05), the data are
considered to exhibit a significant trend. In this study, the p-values are categorized into
three levels, as follows: a trend with a p-value between 0.05 and 0.1 is classified as slightly
significant (indicated by +1 or −1 for positive or negative trends, respectively); a trend
with a p-value between 0.01 and 0.05 is considered moderately significant (indicated by +2
or −2); and a trend with a p-value less than 0.01 is regarded as highly significant (indicated
by +3 or −3).

Computational resources: All data processing and statistical analyses in this study
were conducted using MATLAB R2022a and Python 3.9 on a personal workstation equipped
with an AMD Ryzen 7 6800H CPU (8 cores, 3.20 GHz), 16 GB RAM, and a 477 GB SSD. The
datasets processed in this study (including precipitation observations, sea ice reanalysis,
and atmospheric circulation data) totaled approximately 35 GB. The computational require-
ments for wavelet analysis, singular value decomposition (SVD), and Granger causality
testing were moderate, and all analytical tasks could be completed within several hours.
The available computational resources were sufficient to ensure efficient data processing
and analysis without compromising the accuracy and reliability of the results.

3. Results

3.1. Spatiotemporal Variations in Arctic Sea Ice

Sea ice concentration (SIC) refers to the percentage of sea ice area in each grid, the
sea ice extent (SIE) refers to the total area of all grid cells where the SIC is not less than a
certain threshold, usually 15%. In this study, a grid cell is considered ice-free if its SIC is
less than 15%, following the threshold commonly used in previous studies by Parkinson
and Cavalieri [29,30]. The spatial resolution of the grid is 12.5 × 12.5 km. The average
SIC within the study area is calculated using a weighted method. Overall, SIC reached
its annual maximum in March and minimum in September. In March, the Central Arctic,
Arctic Marginal Seas, and Baffin–Archipelago were mostly covered by sea ice (Figure 3a).
In September, the SIC was the highest in the Central Arctic, and decreased toward the
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marginal areas of the Arctic Ocean, with almost no sea ice coverage in the Barents–Kara
Seas and Greenland–Norwegian Seas (Figure 3b).

Figure 3. Seasonal distribution of sea ice variables: average SIC in March (a) and September (b) during
1991–2022.

The analysis of the annual SIC variations in Arctic sub-regions (Figure 4a) reveals a
significant Arctic sea ice decline. The most pronounced ice loss occurred in the Barents
Sea, Chukchi Sea, Beaufort Sea, Labrador Sea, and Greenland Sea, consistent with findings
from previous studies [4,31]. Regional decline rates exhibit spatial heterogeneity, as follows:
the Central Arctic (0.0017%/yr), Arctic marginal seas (0.0047%/yr), and Barents–Kara
Sea (0.0055%/yr) form a distinct descending gradient in annual ice loss. The grid-scale
Mann–Kendall trend tests (Figure 4b) confirm significant seasonal disparities in ice re-
treat. Summer–autumn (June–November) SIC fluctuations intensified by 42% compared to
winter–spring (December–May). The record minimum SIC occurred in September 2012 due
to extreme storm activity [32], with secondary lows observed in September 2016 and 2020.

Figure 4. Spatiotemporal variations in SIC during 1991–2022: (a) variation in annual average SIC in
Arctic sub-regions; (b) grid-based MK trend test results for SIC.

Spatiotemporal analysis of sea ice thickness (SIT) (Figure 5) demonstrates that the
“perennial multiyear ice zone” along the Canada–Greenland coast maintains maximum
thickness, while the Barents–Kara Seas and Greenland–Norwegian Seas, influenced by the
warm North Atlantic Current, remain persistently thin. The pan-Arctic annual mean SIT
decreased by 0.13 m overall (1991–2023), with the Arctic marginal seas exhibiting the fastest
thinning rate (0.0238 m/yr), followed by the Baffin–Archipelago region (0.0096 m/yr).
Notably, localized thickening occurred in northern Greenland Sea and the Arctic Basin–
Greenland Sea junction (Figure 5b). SIT seasonal cycles exhibited phase delay characteristics
relative to SIC, peaking in May and reaching the minima in October. Although thinning
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trends persist across all seasons, winter–spring periods show relative stability, while
summer–autumn (June–November) account for 76% of annual thickness loss.

Figure 5. Spatiotemporal variations in SIT during 1991–2022: (a) variation in annual average SIT in
Arctic sub-regions; (b) grid-based MK trend test results for SIT.

The seasonal cycle of SIT lagged behind that of SIC, with a maximum value in May and
a minimum value in October. SIT showed a general declining trend across all four seasons.
However, it remained relatively stable during winter and spring, while experiencing
significant declines in summer and autumn.

3.2. Spatiotemporal Variations in Precipitation in China

Figure 6 presents the spatial distribution of total precipitation and the interannual
variation trends in China from 1991 to 2022. The precipitation trend is obtained by per-
forming linear regression between the grid-based precipitation data and time. The total
precipitation distribution (Figure 6a) exhibited a typical monsoon climate pattern; over
the past 32 years, the Yangtze River Basin and areas to the south have received an average
annual precipitation exceeding 1500 mm, with some regions experiencing over 2000 mm
due to orographic uplift. In contrast, the North China Plain and the Loess Plateau re-
ceived less than 400 mm, while the arid inland regions of Northwest China recorded even
lower values, below 250 mm. The interannual variation trend (Figure 6b) highlights the
significant wetting in the Northeast China Plain, Sichuan Basin, Hainan Island, and areas
surrounding the Yangtze River Delta. Conversely, drying trends were observed in the
eastern Yunnan–Guizhou Plateau and along the Fujian coast.

Figure 6. Spatial distribution (a) and trends (b) in the precipitation in China from 1991 to 2022.
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Figure 7 presents the EOF analysis results of the precipitation in China from 1991 to
2022, providing insight into its spatial distribution and temporal variations. The percentage
of variance explained by each mode is indicated in the upper right corner of each subplot.
EOF1 (Figure 6a) explains 24.2% of the total variance, representing the primary mode of
precipitation variability, particularly the north–south contrast. The spatial pattern exhibits
a “− + − +” distribution from north to south, with positive anomalies centered in northern
Northeast China and the region south of the Yangtze River, while negative anomalies extend
across the Xinjiang–Inner Mongolia–Jilin belt and the Tibetan Plateau to the Loess Plateau.
This mode reflects the typical out-of-phase relationship between northern and southern
China’s precipitation. The corresponding PC1 time series (Figure 7b) shows complex
fluctuations, with multiple alternating positive and negative values. EOF2 (Figure 7c)
explains 17.4% of the variance and exhibits a uniform negative phase across most of China,
indicating synchronous precipitation variations (either increasing or decreasing). However,
Hainan Island and its surrounding coastal areas display a significant positive anomaly,
forming a local inverse-phase relationship. EOF3 (Figure 7e) accounts for 9.7% of the
variance, highlighting a positive phase over the Yunnan–Guizhou Plateau and southern
Tibet, while Northeast China exhibits a distinct negative phase. The corresponding PC3
time series (Figure 7f) remains mostly in a positive phase from 1991 to 2010 but undergoes
a phase shift to negative after 2010.

Figure 7. Dominant EOF modes of precipitation in China (a,c,e) and their corresponding standardized
time series (b,d,f). Red/blue indicate positive/negative values.
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3.3. Time-Lag Effects of Arctic Sea Ice on Precipitation in China and Key Sea Area

To identify the key time periods with strong correlation between Arctic sea ice and
precipitation in China, this study employed multiple statistical methods, including wavelet
analysis, lagged correlation analysis, and Granger causality testing, for cross-validation.
Given the seasonal fluctuations in the monthly data, all variables were deseasonalized
before analysis. In Figure 8, cross-wavelet transform analysis is used to examine the phase
relationship and significance of the two variables across different timescales. The bold
contours indicate the 95% confidence level against yellow noise. The scale is measured in
months, and the shaded region represents the cone of influence (COI), where edge effects
may distort the results. Rightward arrows indicate a positive phase relationship, while
leftward arrows indicate a negative phase relationship. The results (Figure 8) indicate a
significant correlation between sea ice and precipitation within the 4–20-month timescale,
with an estimated 1–4-month lag of precipitation behind SIC based on the phase relation-
ships. Lagged correlation analysis and Granger causality testing show peak values when
precipitation lags behind sea ice by one month, with correlations gradually weakening in
the subsequent months. These statistical analyses suggest that the impact of sea ice on
precipitation is most pronounced on a seasonal timescale. Therefore, further correlation
analysis is conducted between spring sea ice and summer precipitation, summer sea ice
and autumn precipitation, autumn sea ice and winter precipitation, and winter sea ice and
spring precipitation of the following year. The results indicate that winter sea ice has the
strongest correlation with spring precipitation in the following year. Thus, the subsequent
analyses primarily focus on these two seasons.

Figure 8. WTC spectrum between area-weighted Arctic sea ice and precipitation in China.

To further identify the key Arctic sea ice regions influencing precipitation distribution
in China, this study applies SVD. For clarity, we define September–November (SON),
December–February (DJF), March–May (MAM), and June–August (JJA) as autumn, winter,
spring, and summer, respectively. The study analyzes the co-variability patterns between
winter Arctic SIC anomalies and spring precipitation in China (CHM) from 1991 to 2022.
Heterogeneous correlation coefficients are calculated to characterize the spatial relation-
ships between the two fields. The key response regions across fields are identified by
computing the correlation between raw data and the opposite-field mode time series, with
dotted areas indicating statistically significant regions.

The first SVD mode (n = 0) (Figure 9a,b) and the second SVD mode (n = 1) (Figure 9c,d)
explain 31.9% and 18.8% of the covariance, respectively, collectively accounting for 50.6%
of the total variance. This suggests that the primary Arctic sea ice–China precipitation
coupling relationships can be well represented by the first two modes, indicating a strong
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teleconnection signal between Arctic sea ice and East Asian precipitation. In the first mode,
the Barents Sea, Kara Sea, and Bering Strait exhibit significant negative correlations in the
left field (Figure 9a), corresponding to a spatially coherent negative correlation pattern in
southern China in the right field (Figure 9b). The high mode correlation coefficients pass
the significance test, indicating that when winter sea ice concentration in the Barents Sea,
Kara Sea, and Bering Strait decreases (increases), spring precipitation in the lower-latitude
regions of China also decreases (increases). In the second mode, the East Siberian Sea,
Chukchi Sea, and parts of the Arctic Basin near the Bering Strait exhibit negative values
in the left field, while northern Northeast China, parts of southern Tibet, and the Sichuan
Basin show negative precipitation anomalies in the right field. This indicates that when
winter sea ice concentration in the East Siberian Sea and Chukchi Sea decreases (increases),
precipitation in northern Northeast China, southern Tibet, and the Sichuan Basin also
decreases (increases). A linear regression analysis of the SVD mode time coefficients shows
a significant downward trend in the first mode (slope: −0.0847/year), suggesting that the
impact of Arctic sea ice anomalies on East Asian precipitation is gradually intensifying. The
second mode also shows a decreasing trend (slope: −0.0464/year), though with a relatively
smaller magnitude of change.

Figure 9. Heterogeneous correlation coefficients of SVD between the winter Arctic sea ice concentra-
tion and spring precipitation in China for the following year.

3.4. Response of Spring Atmospheric Circulation Anomalies to Winter Arctic Sea Ice Reduction

Previous studies have shown that sea ice melting significantly reduces surface albedo,
leading to an increase in surface heat flux anomalies over the Arctic [33–35]. This diabatic
heating effect causes substantial polar warming, weakens the meridional temperature
gradient, and subsequently reduces the strength of the westerly jet stream while enhancing
meridional atmospheric activity [36]. The thermal anomalies induced by sea ice loss can
also trigger Rossby wave source anomalies, which propagate eastward toward East Asia
in the form of wave trains, leading to significant adjustments in the mid-to high-latitude
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circulation system over Eurasia [37,38]. Meanwhile, Arctic warming decreases atmospheric
static stability, promoting the development of baroclinic instability, which further amplifies
circulation anomalies through enhanced dynamic instability [39].

To further analyze whether the impact of winter Arctic sea ice on spring precipitation
in China aligns with the mechanisms mentioned above, key regions with high correlations
in Figure 9a,c, namely, the Barents–Kara Seas and Arctic Marginal Seas—are identified as
critical areas where sea ice influences precipitation. The area-weighted SIC indices for these
key regions are defined as BSIC and ASIC, respectively. When investigating the possible
mechanisms of sea ice’s influence on precipitation, it is essential to examine multiple
atmospheric levels and key circulation factors. In this study, the selected circulation indices
include: Z200 (200 hPa geopotential height) and Z500 (500 hPa geopotential height) to
represent the upper and mid-tropospheric geopotential height distributions, which help
identify wave train structures and ridge-trough locations; SLP (sea level pressure) to
reflect the intensity and spatial distribution of cyclonic and anticyclonic activities near the
surface; U200 (200 hPa zonal wind) to determine the position and strength of the upper-
level westerly jet stream; UV850 (850 hPa horizontal wind) to analyze low-level moisture
transport pathways and wind convergence/divergence characteristics.

Regression analysis is performed between ASIC and the selected circulation indices.
Additionally, ASIC is ranked, and high-value years and low-value years are identified for
composite difference analysis using the same circulation indices. For ASIC, the high-value
years are 1995, 1999, 2000, 1991, and 2003, while the low-value years are 2008, 2018, 2020,
2017, and 2007. The results show that the spatial patterns and signs in the key regions
(such as the mid-to-high latitudes and East Asia) are consistent between the regression
analysis maps and composite analysis maps, indicating that the detected signals are stable
and reliable.

The left panel of Figure 10 illustrates that ASIC sea ice anomalies primarily influence
precipitation in northern China, particularly in Northeast China, through a “Polar–Siberia–
Northeast Asia” wave train propagation pattern. At the 200 hPa geopotential height level
(Figure 10a), when winter ASIC is high, a significant positive geopotential height anomaly
appears over the Arctic, extending toward the high latitudes of Eurasia, with an opposite-
sign anomaly center over Northeast Asia. This pattern resembles a wave train (Rossby
wave) propagating from the polar region to mid-latitudes. The position and intensity of the
upper-level jet stream over the North Pacific and Northeast Asia also change, leading to
north–south jet stream oscillations, which in turn influence frontal activity and interactions
between warm and cold air masses over East Asia. The composite analysis (Figure 10b)
aligns well with the regression results, showing that in high-ASIC years, positive height
anomalies are observed near the Arctic and northern Eurasia, while negative anomalies
appear over the North Pacific and parts of East Asia. The opposite pattern occurs in low-
ASIC years. At the 500 hPa level (Figure 10c), a series of alternating positive and negative
anomaly centers extends from the polar region to East Asia, reflecting mid-tropospheric
wave train structures that further regulate convective conditions in Northeast China, influ-
encing regional precipitation processes. Meanwhile, SLP anomaly distributions (Figure 10e)
suggest that increased sea ice stabilizes the polar low-pressure system. The regression
and composite analysis of U200 (Figure 10g,h) indicate that when winter ASIC is high, the
upper-level westerlies in this region are significantly strengthened, potentially enhancing
upper-level divergence. This, in turn, promotes lower-level convergence and ascending
motion, creating favorable conditions for moisture convergence and precipitation.
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Figure 10. Relationship between winter ASIC anomalies and spring atmospheric circulation:
(a,c,e,g,i) standardized regression responses; (b,d,f,h,j) composite differences between high- and
low-ASIC years. (a,b) 200 hPa geopotential height (unit: gpm); (c,d) 500 hPa geopotential height;
(e,f) sea level pressure (unit: hPa); (g,h) 200 hPa zonal wind (unit: m/s); (i,j) 850 hPa horizontal wind
field. Shaded areas and dotted regions indicate statistical significance at the 95% confidence level,
tested using Student’s t-test.

A similar analysis is conducted for BSIC, including regression analysis with circulation
indices and ranking BSIC values to identify high-value and low-value years for composite
difference analysis. The high-value years for BSIC are 1994, 1998, 1999, 2003, and 2004,
while the low-value years are 2012, 2013, 2016, 2017, and 2018. The 200 hPa geopotential
height regression map (Figure 11a) shows that when winter Barents–Kara Seas ice increases
(BSIC is high), negative geopotential height anomalies tend to appear over high-latitude
regions (Arctic–North Atlantic) and mid- to high-latitude Eurasia, forming a wave train
pattern propagating from the polar region to Eurasia. At the same time, the jet stream
near South China strengthens, improving upper-level divergence conditions, which favors
convection initiation or intensified frontal activity. At the 500 hPa level (Figure 11c,d),
a wave train signal can also be observed extending from the Arctic–Eurasia region to
South Asia. When the BSIC increases, negative height anomalies appear over the Barents
Sea and parts of Siberia, while a negative anomaly center forms near South China. The
U200 regression and composite maps (Figure 11g,h) show positive anomalies over South
China, indicating that the negative geopotential height anomalies are coupled with the
subtropical jet stream, which intensifies over South China, further enhancing upper-level
divergence and atmospheric instability. The 850 hPa wind field maps (Figure 11i,j) reveal
a clear northward transport of warm and moist air over South China, providing ample
moisture supply for local convective activity, thereby facilitating convection development
and precipitation formation.
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Figure 11. Relationship between winter BSIC anomalies and spring atmospheric circulation:
(a,c,e,g,i) standardized regression responses; (b,d,f,h,j) composite differences between high- and
low-ASIC years. Subplots correspond to those in Figure 10.

Overall, an increase in sea ice induces multi-level circulation adjustments from the
upper atmosphere (Z200, Z500, and U200) to the near-surface (SLP, UV850), generating
different teleconnection wave trains. The ASIC anomalies primarily led to positive geopo-
tential height anomalies over the Arctic, which propagate toward Northeast Asia, forming
negative geopotential height anomalies in this region. This process is accompanied by
upper-level jet adjustments, influencing the interaction of cold and warm air masses and
frontal activity in Northeast China, thereby regulating precipitation in northern regions. In
contrast, the BSIC anomalies exhibit a continuous negative geopotential height anomaly
pattern extending from the Barents Sea to South China, which is associated with jet stream
intensification over South China and enhanced warm-moist air transport at the 850 hPa
level, creating more favorable conditions for precipitation in southern regions. Both the
ASIC and BSIC influence precipitation by altering large-scale circulation patterns, but their
effects are observed in different regions.

To further verify the reasonableness of the mechanism analysis, this study conducts
composite analysis of the 300 hPa stream function and the corresponding wave-activity flux
in response to winter sea ice anomalies. This flux intuitively reflects the propagation path
and intensity of quasi-stationary Rossby wave energy in the atmosphere. The distribution
of the stream function in Figure 11 largely coincides with the anomaly centers in the
regression and composite analyses. Both subplots in Figure 12 reveal a clear propagation
path, illustrating a strong wave perturbation originating from the Barents–Kara Seas, which
propagates southeastward, eventually reaching East Asia, forming a stable “Barents–Kara
Seas–East Asia” teleconnection mode.

For ASIC (Figure 12a), winter sea ice anomalies generate significant positive geopoten-
tial height anomalies over the Arctic, forming an anticyclonic region. This anomaly triggers
planetary wave energy perturbations, which extend from Siberia to Northeast Asia. As en-
ergy propagates downstream, the disturbance transitions into negative geopotential height
anomalies, forming an upper-level trough, which adjusts the position and strength of the
upper-level jet stream, modifies the interaction of cold and warm air masses, and influences
frontal activity, ultimately regulating precipitation distribution and intensity in northern
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China. For BSIC (Figure 12b), winter sea ice anomalies over the Barents–Kara Seas generate
a pronounced cyclonic negative geopotential height anomaly at high latitudes, which
serves as a source region for planetary wave energy. The wave-activity flux propagates
southeastward from Siberia to East Asia, while an additional propagation pathway extends
from the North Pacific, traveling from high-latitude Pacific regions to southern China,
thereby modulating precipitation in South China. Overall, the two T–N wave-activity flux
diagrams provide a clear visualization of how Arctic sea ice anomalies remotely modulate
East Asian atmospheric circulation by exciting and adjusting the planetary wave energy
propagation paths. These mechanisms exert distinct influences on precipitation patterns in
northern and southern China through different pathways.

 
Figure 12. Composite analysis of 300 hPa stream function and wave-activity flux (unit: m2/s2) for
spring in high and low winter ASIC (a) and BSIC (b) years.

4. Discussion

The interdecadal variability of precipitation in China is influenced by multiple factors,
including El Niño-Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), Arctic
Oscillation (AO), Antarctic Oscillation (AAO), and Arctic sea ice (SIC) [40–42]. In this
section, the Niño 3.4 index is selected to represent the impact of ENSO, combined with the
PDO index, AO index, and SIC for analysis. The multi-wavelet coherence (MWC) method
is employed to reveal the scale-dependent effects and synergistic relationships of different
climate factors on precipitation in China.

Figure 13 presents the results of the MWC analysis between precipitation in China
and major climate factors at the monthly timescale. Specifically, Figure 13a illustrates the
time–frequency relationships between precipitation and ENSO, PDO, and AO. Significant
resonance regions are observed within the 4–16-month band, although they are relatively
scattered and do not fully cover all time periods. After 2011, coherence gradually emerges
in the 32–64-month mid-range scale, suggesting that the synergistic influence of ENSO,
PDO, and AO on China’s precipitation may have strengthened in recent years. Overall, the
average wavelet coherence between precipitation and these three climate factors is 0.54,
with significant coherence regions accounting for 18.61% of the total area.
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Figure 13. MWC analysis between precipitation in China and multiple climate factors: (a) precipita-
tion and ENSO, PDO, and AO; (b) precipitation and ENSO, PDO, AO, and SIC.

Based on this, Figure 13b further incorporates the influence of SIC. The results show a
notable enhancement of coherence within the 4–20-month low- to mid-frequency ranges,
covering a broader time span. The proportion of significant coherence area increases to
38.58%, and the average coherence value rises to 0.64. This indicates that the inclusion
of Arctic sea ice variability further strengthens the synergistic effects among ENSO, PDO,
AO, and precipitation, demonstrating a more pronounced modulation of precipitation
variability across a wider range of time–frequency scales.

Previous studies, such as by Hussain et al. [43], showed that climate models, like ENSO,
PDO, and AO, intermittently influence regional precipitation across multiple time scales.
Consistent with their findings, our study reveals significant associations between China’s
precipitation variability and major climate modes at both short (4–16 months) and long
(32–64 months) periods. Nalley et al. [44] emphasized the importance of jointly considering
multiple climate drivers to better explain hydroclimatic variability. In comparison, our
study also takes into account Arctic sea ice variability (SIC), suggesting that the inclusion
of polar processes may further enhance the coherence and extent of climate influences on
regional precipitation patterns.

5. Conclusions

This study investigated the time-lagged statistical relationships between winter Arctic
sea ice anomalies and spring precipitation variability in China, based on precipitation data
from the National Tibetan Plateau Data Center and Arctic Ocean reanalysis data from the
EU Copernicus Program for 1991–2022. Based on wavelet analysis and Granger causality
testing, a strong correlation is found between winter sea ice variations and precipitation
in the following spring. SVD identifies the Barents Sea, Kara Sea, East Siberian Sea, and
Chukchi Sea as key regions influencing precipitation in China. A decrease in sea ice within
these key areas is associated with reduced spring precipitation in coastal South China and
parts of Northeast China.

The mechanism analysis indicates that winter sea ice changes in key Arctic regions
influence turbulent heat fluxes, inducing atmospheric energy fluctuations that propagate
toward East Asia through atmospheric wave trains. Increased sea ice in the East Siberian
and Chukchi Seas generates positive geopotential height anomalies over the Arctic, accom-
panied by negative anomalies over Northeast Asia. This pattern adjusts the upper-level
jet stream, influencing frontal activity and precipitation in northern China. Conversely,
increased sea ice in the Barents–Kara Seas produces persistent negative geopotential height
anomalies extending from the Barents Sea toward South China, strengthening jet stream
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activity over southern China and enhancing warm–moist air transport at 850 hPa, thereby
promoting precipitation in southern China.

Further analysis based on multi-wavelet coherence reveals that the inclusion of Arctic
sea ice variability further enhances the synergistic effects between precipitation and ENSO,
PDO, and AO, exhibiting a more pronounced modulation of precipitation variability
across a broader range of time–frequency scales. Although this study identifies significant
statistical associations between winter Arctic sea ice anomalies and spring precipitation
variability in China, several limitations should be acknowledged. First, the analyses relied
on reanalysis and observational datasets, which may introduce inherent uncertainties.
Second, the identified relationships are statistical in nature, and the underlying physical
mechanisms remain complex and are not fully established. Therefore, future research
combining high-resolution dynamical modeling and multi-source observational validation
is needed to further explore and verify potential causal pathways linking Arctic sea ice
changes to regional climate variability.
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