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Abstract

Drought is a natural phenomenon that has significant environmental and socioeconomic
impacts. Drought indices are fundamental tools for quantifying and monitoring this haz-
ard. In regions where ground data are scarce, hydrological modeling offers an alternative
for drought monitoring and developing early warning systems. This study conducted a
systematic literature review, following the PRISMA (Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses) protocol, to analyze the integrated application of the
SWAT (Soil and Water Assessment Tool) model and the use of drought indices. A total of
803 articles published between 2011 and 2025 were identified in the Scopus and Web of
Science databases, of which 115 met the eligibility criteria and were included in the review.
The analysis revealed significant advances in the use of SWAT for drought monitoring
and prediction, including the development of indices and forecasting systems. However,
notable gaps remain, particularly the limited use of advanced statistical methodologies
(e.g., machine learning and non-stationarity analyses) and the lack of harmonization and
standardization across indices. Overall, this review establishes SWAT as a robust tool to
support drought management strategies, while highlighting substantial untapped poten-
tial. Future research addressing these gaps is essential to strengthen drought indices and
improve operational warning systems.

Keywords: hydrological modeling; drought assessment; PRISMA protocol

1. Introduction
Drought is one of the most destructive and globally significant natural hazards, af-

fecting every region of the world and causing severe environmental and socioeconomic
impacts [1,2]. Because of changes in precipitation and temperature patterns, this phe-
nomenon has become increasingly frequent across the globe [3]. Drought is frequently
classified into five main types: (i) meteorological drought, which occurs when precipitation
remains below the average relative to the climatological reference period [4,5]; (ii) agricul-
tural drought, related to the reduction of soil moisture due to water deficit, significantly
compromising agricultural activities [4,6]; (iii) hydrological drought, which refers to anoma-
lies in surface and subsurface water flows, resulting in reduced water availability [3–5];
(iv) socioeconomic drought, which arises from the combined impacts of the previous types
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and occurs when water demand exceeds supply capacity, affecting essential sectors of soci-
ety [2,4,7]; and (v) ecological drought, when a prolonged water deficit exceeds ecosystem
resilience, driving ecological systems into a critical state of vulnerability [8].

Monitoring drought events is essential for effective risk management. To this end, nu-
merous studies and operational monitoring systems have employed standardized indices to
quantify and categorize drought conditions [1,9–12]. These indices enable the identification,
classification, and temporal analysis of drought events in diverse hydrometeorological
contexts [13–16]. Among the most commonly used drought indices are the SPI (Standard-
ized Precipitation Index) [13], the SPEI (Standardized Precipitation–Evapotranspiration
Index) [15], the SSI (Standardized Streamflow Index [12], and the SRI (Standardized Runoff
Index) [14]. The SPI is based solely on accumulated precipitation over different tem-
poral scales and is widely applied due to its simplicity and the broad availability of
precipitation data [17]. The SPEI, in turn, incorporates potential evapotranspiration in
addition to precipitation, allowing for a more comprehensive assessment of the water
balance [1,18]. Hydrological indices such as the SSI and SRI use streamflow or runoff
data to identify water deficits in river systems and are more suitable for characterizing
hydrological drought [5,14,19]. Each index has specific characteristics regarding input
variables and spatial–temporal scale, and the choice of the most appropriate index depends
on the study’s objectives and the availability of hydro-meteorological data.

Data availability is a critical factor in drought monitoring and early warning sys-
tems [20–22]. In many developing regions, the scarcity of long-term observational data,
such as streamflow records exceeding 30 years, remains a major limitation for robust hy-
drological analyses [23–26]. Satellite-based products have been widely used to overcome
these gaps particularly for precipitation and air temperature estimates [27–31]. However,
their spatial and temporal resolution and potential biases may restrict applications for
agricultural and hydrological drought assessments. Hydrological models, by contrast,
provide a robust alternative for representing processes within the hydrological cycle and
supporting the monitoring of agricultural and hydrological drought [32–35].

Drought impacts, as well as the effects of climate and land use changes on water
resources, can be effectively assessed through hydrological modeling [36,37]. Hydrossedi-
mentological models have been developed to simulate hydrological processes at varying
spatial and temporal scales. When integrated with Geographic Information Systems (GISs),
these models offer a physically based framework by enabling the spatially distributed
representation of parameters across the landscape [38].

Among the different available models, the Soil and Water Assessment Tool (SWAT),
developed by the Agricultural Research Service of the United States Department of Agricul-
ture (ARS-USDA), stands out for its widespread application worldwide [36,39–41]. SWAT
is a free, open-source model designed to predict the impacts of current and future land use
and management scenarios on water quantity and quality, sediment transport, nutrient
cycling, and agrochemical yields within watersheds [39]). Its integration with geospa-
tial tools enhances its effectiveness as a robust instrument for analyzing watershed-scale
hydrological responses, including those related to drought conditions [10,42].

In this context, hydrological modeling, using tools such as the SWAT, emerges as a
powerful alternative to fill gaps in observational data and simulate the hydrological balance
of river basins. The integration of hydrological models and drought indices significantly
enhances the potential of monitoring and early warning systems, particularly in regions
with limited measurement stations or in future scenarios of land use/cover change and
climate change.

Given the significant challenges associated with integrating SWAT and drought indices,
it is essential to map the current state of the art in this research field. In this context, the
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systematic literature review stands out as a rigorous and transparent methodological
approach for synthesizing existing knowledge. This approach enables the identification
of critical research gaps, as well as the documentation of the scientific advancements
achieved to date, thereby providing a foundation for guiding future directions in advancing
knowledge in the field.

This study conducted a systematic literature review to combine application of the
SWAT model and drought indices, with two main objectives: (i) to identify the key advances
and limitations in this field, and (ii) to map the spatial distribution of studies applying this
approach, thereby providing a comprehensive overview of current progress and research
gaps in drought monitoring through hydrological modeling.

2. Materials and Methods
Data Acquisition

This study was based on a systematic literature review aimed at identifying research
that applied the SWAT model in combination with drought indices, with the objective
of evaluating the main advances and limitations in drought estimation using this hydro-
logical model. The bibliographic search was conducted using the Web of Science (WoS)
and Scopus databases in November 2024 and actualized in December 2025, covering the
period from 2011 to 2025. The search strategy employed the following terms applied
to all fields: ((“SWAT model” OR “Soil and Water Assessment Tool”) AND (“drought*”
OR “water scarcity” OR “arid*”) AND (“SSI” OR “Standardized Streamflow Index” OR
“SRI” OR “Standardized Runoff Index” OR “SDI” OR “Streamflow Drought Index” OR
“SPI” OR “Standardized Precipitation Index” OR “SPEI” OR “Standardized Precipitation-
Evapotranspiration Index”)). Only Open Access articles, specifically those categorized as
Gold, Green, and Bronze access, written in English, classified as final research papers or
review articles, were considered in this study. Publications of other types, such as book
chapters, conference proceedings, and similar, were excluded from the review. It is impor-
tant to acknowledge the limitations associated with restricting the selection exclusively
to all open access articles. However, this choice was made to ensure that the systematic
literature review was entirely transparent and reproducible. By including all open ac-
cess publications, we aim to provide unrestricted access to all analyzed sources, thereby
enabling other researchers to replicate and validate the findings of this study.

The screening of studies was conducted in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [43]. The process
followed four main stages: identification, screening, eligibility, and inclusion, as illustrated
in the PRISMA flow diagram (Figure 1). Bibliographic data processing, duplicate removal,
and word cloud generation were performed using Bibliometrix (Version 5.1.0) R package [44].
The initial search yielded 803 articles. After export and processing in Bibliometrix for
duplicate removal, the records underwent a two-phase screening process: (i) the first
phase involved thematic relevance assessment based on titles and abstracts, which led to
the exclusion of studies that did not employ the SWAT model for drought assessment or
that addressed drought through methods other than hydrological modeling with SWAT;
(ii) the second phase entailed a methodological evaluation through review of abstract
and materials and methods sections, excluding articles that did not integrate SWAT with
drought indices. The remaining 150 articles underwent full-text review, during which
studies employing indirect drought analysis (e.g., without specific drought indices) and
literature reviews lacking original results were excluded. After applying the inclusion and
exclusion criteria (Figure 1), 115 studies were retained for full analysis.
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Figure 1. PRISMA flow diagram summarizing the systematic review process. The diagram illustrates
the number of studies identified, screened, assessed for eligibility, and included in the review.

A keyword co-occurrence and linkage network analysis was carried out using
VOSviewer Version1.6 [45], enabling visualization of thematic structures and research
trends withing the selected literature. These tools were chosen for their robustness in
performing bibliometric and network analyses, helping to provide a comprehensive under-
standing of the research scenario.

3. Results and Discussion
3.1. Analysis of Scientific Production

According to the bibliographic databases analyzed (Web of Science and Scopus), the
earliest studies applying the SWAT hydrological model in combination with drought indices
were published in 2011 (Figure 2). The starting point of this research line was the study
by [10] which evaluated the impact of climate change on meteorological, agricultural, and
hydrological droughts in central Illinois, USA.

In 2013, Ref. [46] published a study that assessed drought occurrence using the Palmer
Drought Severity Index (PSDI), contributing to the advancement of drought-hydrological
modeling integration. Subsequently, [47] evaluated the effects of forest fires and their
impacts on the hydrological cycle, further expanding the applications of SWAT in drought-
related studies.

Following this pioneering publication, there was a gap until 2016, when [48,49] pub-
lished relevant studies. The first investigated the impact of climate change on streamflow
and ecosystems, while the second proposed a new drought index aimed at assessing the
impact of drought on the health of watercourses.
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Figure 2. Number of papers published per year from 2011 to 2025.

Over the analyzed period (2011–2025), the scientific literature accounted for
115 publications related to the use of the SWAT model in drought studies, totaling
1795 citations with an average of 15.60 citations per paper. Only 17 articles have not
been cited to date. A total of 47 distinct drought indices were identified, although only
two studies applied Machine Learning techniques in combination with SWAT, and very
few publications adopted non-stationary approaches, indicating important methodological
gaps that merit further investigation.

The increase in the number of publications on this topic, particularly from 2019, may
be related to the intensification of research on the impacts of climate change across different
sectors. Understanding the dynamics of droughts, in terms of their propagation, intensity,
and duration, is essential for the development of mitigation and adaptation strategies,
contributing to sustainable management in the context of climate variability.

Regarding the spatial distribution of publications, China stands out with the highest
number of studies published during the analyzed period, totaling 38 publications. This
is followed by the United States, with 11 publications, and then Vietnam and Ethiopia,
each with seven publications each (Figure 3). Conversely, countries such as Argentina,
Colombia, Greece, Myanmar, Pakistan, Portugal, Peru, Kenya, Sudan, and Tanzania
reported only one publication each. In Latin America, only four studies were identified,
two of which were conducted in Brazil, highlighting the limited regional representation
in the current body of literature. It is noteworthy that no studies were identified in
Central America, Australia, or Russia, revealing regional gaps in the documented appli-
cation of the SWAT model in conjunction with drought indices. However, this absence
should not be interpreted as a lack of research activity in these areas. Instead, it likely
reflects the stringent inclusion criteria adopted in this review; specifically, the focus on
open access, peer-reviewed publications.

In China, the studies addressed a variety of topics, including: the use of the SWAT
model as a tool to support drought monitoring [50–52]; the development and application
of new methodologies [50,52,53]; analysis of the impact of climate change on drought
assessment [54]; and the investigation of drought propagation processes [55]. In the United
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States, studies focused on drought monitoring [10,24], the development and improvement
of drought forecasting systems [56–58], and the development of new models for drought
estimation [47].

Figure 3. Distribution of Papers by country (2011–2025).

In the other countries analyzed in this review, studies focused on the use of the
SWAT model as a tool to support drought monitoring, with an emphasis on hydrological
and agricultural droughts [48,59–64]. Topics related to drought propagation and the
effects of climate change on drought duration, frequency, and intensity are also addressed.
The limited number of studies in developing regions highlights the need to promote
scientific production in vulnerable areas, where the impacts of drought may be even more
severe [65,66].

3.2. Analysis of Keywords and Their Co-Occurrences

Based on the keywords extracted from the 115 analyzed articles, a word cloud was
created (Figure 4) to identify the most recurrent terms and, consequently, the main topics
addressed in the literature. There is a predominance of terms such as climate change, river
basins, runoff, hydrological modeling, hydrological drought, soil moisture.

Figure 4. Word cloud of the most frequent terms in the articles included in this review.
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This analysis highlights a clear trend toward integrating drought studies within the
context of climate change. The prominence of terms like soil moisture, runoff, precipitation,
and streamflow reflects a strong focus on agricultural and hydrological droughts. Addi-
tionally, the frequent occurrence of words related to future indicates an increasing focus
on projecting drought conditions under environmental drivers. Moreover, these findings
reinforce previous results, emphasizing the key role of climate change in directing research
on hydrological modeling associated with drought dynamics.

The keyword co-occurrence analysis resulted in the formation of four clusters repre-
senting thematic groups with strong interrelationships among the terms (Figure 5). Cluster
1 (red) groups keywords associated with hydrological drought and related concepts, in-
cluding agricultural drought, duration, catchment, SRI, and climate model. This cluster
reflects research focused on characterizing drought events and understanding their tem-
poral dynamics and interactions with hydrological process. Cluster 2 (green) is related
to watershed-scale assessment topics, including terms such as watershed, future drought,
trend, vulnerability, reliability, resilience and RCP. Cluster 3 (blue) includes terms related
to hydrological modeling, such as watersheds, stream, SDI. Cluster 4 (purple) includes
terms such as climate scenarios and drought, including CMIP6, SSP2, risk, dry season, and
drought characteristics. This cluster reflects the increasing use of global climate model
projections to assess future drought risks and seasonal patterns. Cluster 5 (yellow-green)
contains terms associated with drought indices and precipitation such as SPI, SPEI, SSI,
drought index, and precipitation. This cluster highlights the central role of quantitative
indicators in detecting, characterizing, and monitoring drought conditions.

Figure 5. Keyword co-occurrence analysis in the reviewed articles.

This analysis highlights that, in this systematic literature review, most studies that have
been conducted focused primarily on the impact of climate change on drought estimation
and the assessment of the impacts of each type of drought.

The word clustering analysis indicates the main thematic lines in the literature, high-
lighting the strong connection between climate change, land use, drought types, and
hydrological modeling, which reinforces the multidisciplinary approach adopted by stud-
ies in an effort to understand and predict the impacts of drought in different contexts.
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3.3. Critical Appraisal of Literature

Table 1 presents the 20 most-cited articles among the 115 analyzed in this review. For
each study, the research focus, as well as the main advances and limitations reported by
the authors, are highlighted. The key themes of the studies focus on drought monitoring
in historical and future scenarios, the development and improvement of drought indices,
drought propagation, and the analysis of the impacts of climate change on the estimation
and propagation of different drought types. Regarding the geographical distribution of the
most-cited articles, China and United States stand out with five publications each among
the top 20, followed by Ethiopia with three and Vietnam with two publications.

Table 1. Top 20 most-cited articles: key advances and identified limitations.

Ref. * Research Focus Calibration Accuracy Advances Limitations

[10] To evaluate how the impact
of climate change manifests
differently in meteorological,
agricultural, and
hydrological droughts, and
to assess the reliability of
climate projections in
estimating these droughts.

The SWAT model was
calibrated in previous
studies.

- Different GCM-RCM
generate distinct results,
underscore the importance of
model selection;
- Integrated assessment of
climate change impacts on
meteorological, agricultural,
and hydrological droughts.

- Uncertainties inherent in
GCM projections
significantly impact the
drought forecast and
subsequent analysis;
- The relatively short 10-year
period used for data analysis
limits the robustness of the
results, limiting the capacity
to capture long-term
climatological variability
required for high-confidence
drought predictions.

[59] To evaluates the effectiveness
of different drought indices
to improve monitoring in the
Upper Blue Nile Basin,
Ethiopia.

- R2 from 0.83 to 0.93
and NSE from
0.84 to 0.91.
Calibrated variable:
streamflow

- Historical monitoring of
drought events in the Upper
Blue Nile Basin;
- The combination of multiple
drought indices improves
drought detection accuracy.

- Data period available
(1970–2010), which may
affect the accuracy of
drought estimates.

[67] To propose a new
non-stationarity hydrological
drought index, which
incorporates
the climate-driven and
human-induced
non-stationarities in
streamflow

- It was considered
that the sub-basin
was calibrated when
it simultaneously
presented,
ENS > 0.5; R2 > 0.7,
PBIAS < ±25%
Calibrated variable:
streamflow

- Development of the
Non-stationary Standardized
Streamflow Index (NSSI),
which incorporates changes
in the hydrological regime
driven by both climate
variability and human
activities.

- Difficulty in distinguishing
between climatic and
anthropogenic effects. It
remains impossible to fully
separate the impacts of
climate change and human
activities on streamflow, as
doing so would require
complex statistical analyses
involving a wide range of
variables.

[56] To investigate the combined
influence of climate,
catchment, and
morphological variables on
hydrological drought in the
Savannah River Basin

- NSE from 0.45 to
0.87; R2 from 0.54 to
0.88; p-factor from
0.84 to 0.89, and
R-factor from
0.66 to 0.82.
Calibrated variable:
streamflow

- Integration of hydrological
and statistical models to
predict hydrological
droughts at multiple
timescales;
- Use of decision tree (CART)
to identify variable
thresholds influencing short-,
medium-, and long-term
droughts.

- Drought drivers vary by
scale (global vs. regional);
findings are most relevant at
the basin level;
- Applying the method in
ungauged basins may rely
on indirect estimates.

https://doi.org/10.3390/w18010041

https://doi.org/10.3390/w18010041


Water 2026, 18, 41 9 of 28

Table 1. Cont.

Ref. * Research Focus Calibration Accuracy Advances Limitations

[68] To reveal the future impacts
of extreme events and their
potential consequences for
local livelihoods and human
well-being in the Srepok
River basin

KGE from 0.80 to 0.84;
NSE from 0.71 to 0.76

- Identification of changes in
intensity, frequency, and
timing of future
hydro-climatic extremes in
the Transboundary Srepok
River Basin;
- Scientific support for
adaptation strategies and
disaster-risk management.

- Anthropogenic influences
(e.g., reservoir operations)
not fully represented;
- Land use considered
stationary in future
projections.

[57] To assess the impacts of
climate change on drought
occurrence across five major
river basins in Virginia using
hydrological modeling
(SWAT), multiple drought
indices, and future climate
projections.

- NSE from 0. 41 to
0.66; R2 from
0.48 to 0.67
Calibrated variable:
streamflow

- Combined high-resolution
climate projections,
hydrological modeling
(SWAT), and multiple
drought indices to evaluate
future droughts from
different perspectives
(meteorological and
agricultural).

- The divergence in results
(SSI projections increased
drought vs. MSDI/MPDSI
projecting decreased
drought) limits the reliability
of any single index. This
highlights the need for
cautious interpretations and
the use of multi-approach to
capture the drought.

[58] To develop and validate a
high-resolution,
watershed-scale framework
for assessing, monitoring,
and forecasting drought
severity using stratified soil
moisture

- NRMSE from 0.03 to
0.21; R2 from 0.18 to
0.68; WI from 0.16 to
0.7 Calibrated
variable: streamflow

- Innovate methodology for
near-real-time drought
monitoring and forecasting
based on soil moisture
simulated by SWAT model.

- The study did not
incorporate the effect of local
edaphic and biophysical
factors which are known to
influence the soil profile’s
response to drought.

[60] Analysis of meteorological,
agricultural, and
hydrological droughts using
the Drought Hazard Index
(DHI) derived from the
SWAT model for historical
and near-future periods.

- NS from 0.13 to 0.67;
bR2 from 0.38 to 0.67;
p-factor from 0.52 to
0.75, and R-factor
from 0.66 to 1.08.
Calibrated variable:
streamflow

- Comparison of multiple
drought indices enables
more effective monitoring of
the spatiotemporal
characteristic of drought.

- The accuracy of drought
indices is highly dependent
on the calibration and
performance of the SWAT
model, which may introduce
uncertainties in future
projection results.

[48] To assess the impacts of
climate change on
streamflow and their effects
on ecosystems.

- Monthly: NS = 0.81;
R2 = 0.83
Daily: NS = 0.62;
R2 = 0.63
Calibrated variable:
streamflow

- Provides conservation
strategies focused on habitat
restoration and enhancing
ecosystem resilience

- The downscaling approach
was identified as a key factor
influencing the projected
climatic variables.

[62] To assess future changes in
meteorological, hydrology
and agricultural droughts
under the impact of
changing climate in the
Srepok River Basin.

- Monthly:
ENS from 0.62 to 0.84;
R2 from 0.88 to 0.94;
PBIAS from
−2 to −14;
Daily:
ENS from 0.52 to 0.76;
R2 from 0.77 to 0.90;
PBIAS from
−2 to −14;
Calibrated variable:
streamflow

- In the Srepok River Basin,
SSWI (Standardized Soil
Moisture Index) and SRI
(Standardized Runoff Index)
are more sensitive to climate
change than SPI.
- The correlations of the
meteorological drought with
the hydrological and
agricultural droughts
increase as the accumulation
periods are increased

- The reliability of the results
depends on the data
used/regional application.
- The climate change
assessment is confined to a
relatively short-term period
(2016–2040). This period may
be insufficient to capture
long-term climate variability.
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Table 1. Cont.

Ref. * Research Focus Calibration Accuracy Advances Limitations

[69] The combination of trend
assessment for both past
decades and future
projections, evaluation of
climate change impacts on
hydrological extremes, and
the implications for both
meteorological and
hydrological drought.

- NS from 0.40 to 0.81;
R2 from 0.40 to 0.83;
PBIAS from −17.90 to
21.50 p-factor from
0.25 to 0.87; r-factor
from 0.52 to 1.15.
Calibrated variable:
streamflow

- Detailed analysis of
historical trends and
projections for temperature,
precipitation, and
streamflow.

- Analyses restricted to the
intermediate emissions
scenario, limiting the
assessment of more severe or
more optimistic scenarios

[61] To characterize and
reconstruct the different
types of droughts
(meteorological, agricultural,
and hydrological) in the
Upper Kafue River Basin,
Zambia

- Monthly:
ENS from 0.71 to 0.75;
R2 from 0.71 to 0.75;
Daily:
ENS = 0. 70; R2 = 0.70
Calibrated variable:
runoff

- Characterization of drought
using a comprehensive
approach with standardized
indices and hydrological
modeling.

- The local characteristics of
the basin may have
influenced the interactions
between temperature,
precipitation, and runoff,
leading to different results
compared to other regions.

[63] To combine drought indices
and hydrological modeling
to forecast future drought
impacts

-NSE from 0.63 to
0.87; R2 from 0.69 to
0.77; PBIAS from
−9 to 12
Calibrated variable:
streamflow **

- The combination of
different approaches, such as
multiples indices and
hydrological modeling,
provides a valuable
foundation for improving
drought risk management in
Mediterranean context

- The analysis relies on
projection from only one
GCM, which limits the
assessment of overall climate
change uncertainty.

[54] To analyze spatiotemporal
changes in
hydrometeorological
variables and investigate the
underlying mechanisms of
contrasting soil
dryness/wetness patterns
across the West River Basin,
a mega-watershed in
southern China.

-NSE from 0.86 to
0.95; R2 from 0.89 to
0.95; PBIAS from
−2.5 to 10.9
Calibrated variable:
streamflow

- Identification of a climate
change pattern and its
impacts on hydrological
variables (surface runoff and
baseflow);
- Spatial assessment of flood
and drought risks across the
studied watershed.

- Regional focus (watershed
with a monsoon climate);
- The analysis does not
quantify the direct and
indirect socioeconomic
impacts of the hydrological
changes.

[53] To assess the frequency,
affected areas, and severity
of drought events, using
hydrological simulations and
drought indices.
To develop a nine-month
seasonal drought forecast to
improve drought prediction
and management in the
region.

- NS from 65 to 0.86
Calibrated variable:
streamflow

- Use of SWAT and CFSv2
(Coupled Forecast System
Model version 2) for drought
forecasting;

- Seasonal forecasting may
not fully account for the
complexities of future
drought dynamics, especially
in the context of changing
climate conditions.

[35] To develop a drought
forecasting method using
VIC (Variable Infiltration
Capacity) and SWAT models,
along with CFSv2 (Climate
Forecasting System version
2) meteorological forecasts,
to provide up to nine-month
drought predictions for the
CONUS (Contiguous United
States)

- The SWAT model
was not calibrated;
only the VIC model
was calibrated in
previous studies.

- The study successfully
integrated the SWAT and
VIC models with CFSv2 to
simulate and forecast
drought conditions for the
CONUS, improving real-time
drought predictions;
- The proposed method
provides weekly forecasts,
enhancing the frequency and
timeliness of drought
information.

- The forecasting accuracy
decreases remarkably after
an eight-week leas time.
- Drought forecasting using
only one variable showed
poor prediction
performances even for the
first eight weeks.
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Table 1. Cont.

Ref. * Research Focus Calibration Accuracy Advances Limitations

[70] To assess the potential
impacts of climate change on
hydrometeorological
variables and drought
characteristics in the
Ethiopian Bilate watershed

- NSE = 0.75;
R2 = 0.86; RSR = 0.50
Calibrated variable:
streamflow

- The study evaluated future
climate impacts on drought
characteristics using three
drought indices (SPI, SDI,
and RDI);
SDI (Streamflow Drought
Index), RDI (Reconnaissance
Drought Index).

- Lack of investigation into
the combined impacts of
land use and land cover
changes and climate changes
and their effects on water
resources

[71] Projecting drought
characteristics for the
Cheongmicheon watershed
using RCP4.5 (CMIP5) and
SSP2–4.5 (CMIP6) climate
scenarios with ACCESS1–3
and ACCESS CM2 models.

- NSE = 0.786;
R2 = 0.95
Calibrated variable:
streamflow

- Comparison of distinct
climate scenarios (RCP 4.5
and SSP 2–4.5), allowing the
assessment of variations in
drought estimates based on
different climate projection
scenarios.

- Use of only two climate
models (one from CMIP5
and one from CMIP6) and
uses only one scenario
(RCP4.5 and SSP2–4.5),
which may limit the
reliability of the results

[55] To analyze drought
propagation including
drought and groundwater
drought.

- Monthly:
ENS = 0.89; R2 = 0.89;
Daily:
ENS = 0.66; R2 = 0.67
Calibrated variable:
streamflow

- Identification of drought
propagation patterns
(meteorological drought does
not always result in
agricultural or hydrological
drought)

- Human activities were
excluded from the analysis;
Uncertainties in thresholds
and selection of drought
events.

[50] To analyze the
spatiotemporal
characteristics of drought in
the Wei River Basin (WRB) in
northwest of China

- NSEln from 0.71 to
0.88; R2 from 0.73 to
0.89; PEV from
80% to 92%
Calibrated variable:
streamflow

- Development of the
PSDI_SWAT drought index,
which demonstrates a good
ability to capture drought
events and represent the
spatiotemporal variations in
soil moisture

- Discrepancies in the
description of drought
propagation among different
indices when using
PDSI_SWAT.

Notes: * Ref.: reference; ENS: Nash–Sutcliffe coefficient of efficiency; PBIAS: percent bias; NSE: Nash–Sutcliffe
efficiency; KGE: Kling–Gupta efficiency; NRMSE: Normalized Root mean square error; WI: Willmott’s Index;
bR2: the weighted version of coefficient of determination R2; NS: Nash–Sutcliffe efficiency; ENS: Nash–Sutcliffe
Efficiency; RSR: the root mean square error observation standard deviation ratio; NSEln: Nash–Sutcliffe efficiency
coefficient with logarithmic values; PEV: proportion of explained variance. ** In this study, plant growth
parameters were also calibrated.

All reviewed studies calibrated their hydrological models using streamflow as the
primary reference variable. Given the substantial differences in the physical and climatic
characteristics of the analyzed basins, the calibration procedures employed distinct param-
eter sets and value ranges. Despite this variability, a consistent pattern was observed: the
most sensitive parameters were those associated with key hydrological processes, including
surface runoff generation, baseflow dynamics, and soil water storage and movement. The
calibrated parameters, corresponding ranges, and performance metrics used across studies
are summarized in Table 1.

A significant limitation identified in the literature is the lack of standardization in the
evaluation of model performance. Although the Nash–Sutcliffe Efficiency (NSE) was the
most frequently adopted objective function, many studies relied exclusively on this single
metric, without employing multi-criteria evaluation approaches that more robustly capture
model error structure and uncertainty. Additionally, inconsistencies in the terminology
used to report performance metrics, such as the use of different acronyms for the same
method, further complicate cross-study comparisons and hinder the establishment of a
unified evaluation framework.

Several papers analyzed in this review focus on the study of climate change impacts
on drought estimation (occurrence, duration, severity, and propagation), using different
methodological approaches aimed at understanding how these changes influence drought.
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The pioneering study by [10] evaluated the reliability of global and regional climate models
(GCMs and RCMs, respectively) in estimating different types of droughts and identified
which type is most sensitive to the impacts of climate change. However, the study relied on
the traditional stationary approach for calculating drought indices, as commonly adopted
in many studies [72–77].

Similarly, Ref. [57] also adopted a stationary approach for drought estimation under
climate change scenarios. The authors of [46] expanded the analysis of climate change
impacts on streamflow and ecological effects in one of Africa’s largest natural reserves,
being the first study to adopt this type of approach. Reference [70] also evaluated the im-
pacts of climate change on drought estimates, but from the perspective of the probability of
drought occurrence. They compared future probabilities with a reference period, enabling
the identification of changes in drought frequency and intensity.

Regarding more complex approaches from a statistical perspective, Ref. [56] stand
out by employing non-linear statistical analyses to investigate the influence of climatic,
morphological, and basin-related variables on the duration and severity of hydrological
droughts. The study tested different probability distributions applied to the Standardized
Runoff Index (SRI), resulting in a more robust assessment of hydrological responses to
multiple physical and climatic variables. This study highlights an important area of research
focused on more complex and multivariate analyses. However, studies that integrate these
analyses with hydrological models such as SWAT remain limited, representing a significant
research gap for future investigations.

In the context of drought monitoring and forecasting, studies in this area have em-
ployed the integration of hydrological and climate models for this purpose. Sehgal and
Sridhar [58] proposed the selection of the most appropriate probability distributions to
capture soil moisture variability, which is crucial for representing agricultural drought.
In addition to selecting the appropriate distribution, this study monitored agricultural
drought on a weekly scale, enhancing the sensitivity of the monitoring system. Kang and
Sridhar [35] advanced predictive modeling by integrating SWAT and the VIC (Variable
Infiltration Capacity) model with CFSv2 (Climate Forecasting System version 2). The
goal of this latter study was to simulate and forecast drought conditions in real time in
the United States. This integration improved forecasting capability, contributing to the
development of early warning systems. A similar approach was applied by [53] to drought
monitoring and forecasting in the Mekong River Basin, using SWAT and CFSv2 data, which
reinforce the feasibility of using these models as complementary tools for operational
drought prediction.

The assessment of drought propagation, from meteorological anomalies to agricultural
and hydrological impacts, is essential for understanding the temporal evolution, intensity,
and spatial distribution of drought events. This type of analysis supports more accurate
environmental planning and enhances the design of mitigation strategies, particularly in
regions that are highly vulnerable to climatic extremes, several studies have addressed
this topic [60,62–64]. Li et al. [55] employed an alternative approach, which replaces the
traditional use of standardized drought indices by thresholds for drought categorization.
Although this methodological approach is simple and easy to apply, it compromises compa-
rability with other drought studies. Kamali et al. [60] provided an important contribution
by evaluating drought propagation in the Karkheh River Basin using Drought Hazard
Indices (DHIs) derived from the SPI, SRI, and SSWI, each representing different stages
of drought development. By integrating historic and future projections from multiple
bias-corrected GCMs within a SWAT-based modeling framework, the authors demon-
strated how meteorological droughts may propagate into agricultural and hydrological
droughts under changing climate conditions. The importance of understanding drought
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propagation is further illustrated by study [63], which investigated how meteorological
drought conditions evolve into hydrological impacts under future climate scenarios in the
Bouregreg watershed, a drought-prone Mediterranean basin in Northern Morocco. The
study also identified spatial heterogeneity in drought propagation, showing that sub-basins
influenced by coastal or high-altitude conditions exhibited greater hydrological resilience
compared to inland areas. By coupling drought indices with distributed hydrological
modeling, the authors demonstrated a robust framework for capturing how meteorological
anomalies cascade into hydrological impacts, thereby offering valuable insights for water
resource planning and drought risk management in climate-sensitive regions.

Among the studies proposing new approaches, Kim et al. [78] stand out as they
developed an innovative method to forecast the future status of hydrological drought
based on projected volumes of agricultural water withdrawal (AWW). This approach
represents a significant innovation by integrating aspects of future water demand, which
are often neglected in traditional modeling approaches that tend to focus on climatic and
hydrologic variables.

Regarding the development of new drought indices using more robust statistical
approaches, the study by [79] employed a non-linear approach through the Non-Linear
Joint Hydrological Drought Index (NJHDI) to assess meteorological and hydrological
drought risks under climate change scenarios. This index captures complex and non-linear
relationships among different hydroclimatic variables, enhancing the ability to represent
the interdependence between distinct types of droughts.

In relation to methodological innovations, study [67] developed a new hydrological
drought index based on non-stationary statistical modeling. The authors proposed the
Non-stationary Standardized Streamflow Index (NSSI), an extension of the classical SSI that
explicitly incorporates climate-driven and human-induced non-stationarities in streamflow.
The NSSI outperformed the traditional SSI by better capturing temporal variations in
drought severity and spatial drought patterns under changing climatic and anthropogenic
conditions, demonstrating its enhanced capability to characterize hydrological droughts in
a non-stationary context.

The authors of [77] evaluated the propagation of meteorological and agricultural
droughts using a non-stationary approach and developed a drought index that allowed the
estimation of drought propagation time and propagation threshold through conditional
probability. The results indicated that, under climate variability scenarios, there are changes
in the frequency, intensity, and propagation thresholds of drought, showing that stationarity
assumptions are inadequate for representing this process. The study provides valuable
insights for the development of early warning systems and water resources management
strategies in the context of climate variability.

Liang et al. [52] proposed a novel drought monitoring method by integrating the SWAT
model with the empirical Kendall distribution function, aiming to overcome the limitations
of observational data. Based on this approach, the multivariate integrated index named
MAHDI (Meteorology–Agriculture–Hydrology Drought Index) was developed. This is a
promising study, particularly because it enables a more integrated drought monitoring.

Guo et al. [80] proposed the Multivariate Standardized Drought Index (MSDI) through
the application of a joint copula function, integrating the SPI and SSI (Standardized Soil
Moisture Index). This approach enables a more comprehensive and robust assessment of
drought characteristics by simultaneously accounting for the variability of both precipita-
tion and soil moisture. Additionally, the authors employed wavelet analysis to investigate
changes in the frequency of drought events over time, identifying trends and shifts in the
periodicity of these events.

https://doi.org/10.3390/w18010041

https://doi.org/10.3390/w18010041


Water 2026, 18, 41 14 of 28

Aiming to understand the characteristics (duration, peak, and severity) of meteorolog-
ical, agricultural, and hydrological droughts, Ref. [81] integrated the SWAT model with the
SPEI, SSMI (Standardized Soil Moisture Index), and SWYI (Standard Water Yield Index)
indices, which represent the meteorological, agricultural, and hydrological dimensions
of drought, respectively. By applying copula functions, the authors constructed a three-
dimensional joint distribution, which enabled the estimation of joint and concurrent return
periods for the different types of droughts. This methodological strategy stands out to
offer an innovative approach, allowing for a more integrated and accurate assessment of
droughts, thereby supporting risk management in the context of watershed systems.

The authors of [82] conducted a pioneering study by applying explainable machine
learning techniques, specifically, Multivariate Regression Trees (MVRT), to investigate
the relationships between hydroclimatic variables and the severity of agricultural and
hydrological droughts. The results demonstrated the model’s strong ability to identify
key drought-driving factors and critical thresholds. For example, the study revealed that
agricultural droughts are primarily triggered by the interaction between precipitation
deficits and elevated evapotranspiration rates, whereas hydrological droughts are more
directly associated with sustained precipitation deficits. Notably, this was the only study
to integrate machine learning techniques with the SWAT model for drought assessment,
highlighting its innovative contribution to the field.

In addition to the previous study, Arefin et al. [83] also incorporated machine learning
techniques to assess drought-related vulnerability in Alabama watersheds. Their study
integrated SWAT model with a Long Short-Term Memory (LSTM) network to enhance
streamflow simulations and support drought analysis by combining hydrological infor-
mation, land use changes, and climate variability. This hybrid SWAT–Machine Learning
approach demonstrated strong potential for improving vulnerability assessments based on
drought indices in human-modified basins.

In relation to innovative topics, the pioneering study by [47] investigated the effects
of forest fires on streamflow and the water balance, providing a detailed quantification
of how forest fires alter the components of the hydrological regime. This was the only
study identified that the employed such an approach. Nevertheless, a notable limitation
in the reliance on hypothetical forest fire scenarios, which may constrain the applicability
and representatives of the results under real conditions. Another innovative study was
conducted by [84], which integrated the Comprehensive Drought Index (CDI) with SWAT+
to evaluate the effects of solar radiation management on drought hazards, vulnerabilities,
and risks in the Kelantan River Basin, Malaysia. Although the study employed robust
copula-based analyses, it presented some methodological limitations. Despites using
CMIP6 climate projections and performing trend analyses for historical and future periods,
the authors did not apply robust statistical techniques or non-stationary approaches to
properly account for climate change induced shifts in hydrological regimes.

The study [68] was innovative in using the SWAT model to project future droughts and
floods under climate change scenarios. By integrating SWAT with robust drought and flood
indices, such as the Standardized Precipitation Index (SPI), Standardized Streamflow Index
(SSI), and the interquartile range method, the authors assessed the response of river flows
in the Srepok River Basin (a major Mekong tributary) to future climatic conditions toward
2090. The results indicated an increase in flood occurrence, shifts toward more intense
precipitation regimes, and strong links between climatic extremes and regional environ-
mental characteristics. Overall, the study provided important scientific insights to support
adaptive planning and enhance regional resilience to future drought and flood hazards.

Studies comparing the performance of different drought indices in monitoring drought
events have also been identified, such as the work by [59]. In this study, six drought indices
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were evaluated in the monitoring of historical droughts in the Upper Blue Nile Basin. The
findings indicate that the combined application of multiple indices enhances the robustness
of drought detection and monitoring. Moreover, this approach is critically important for
effective drought risk monitoring and management.

Most studies apply the SWAT hydrological model in regional contexts, focusing on
the assessment and monitoring of droughts in major river basins. However, noteworthy
contributions include the work of [35], who implemented SWAT across the contiguous
United States for short-term drought forecasting, and [53] who applied the model in the
Mekong River Basin for historical drought estimation and seasonal drought prediction.
These studies underscore SWAT’s applicability as a robust tool not only at local basin
scales but also in national and international contexts, demonstrating its capacity to support
operational drought monitoring and forecasting systems.

3.4. Research Gaps and Future Directions

Among the main limitations identified in the analyzed literature are: (i) uncertainties
related to the availability and quality of observational data; (ii) lack of harmonization in
the terminology of drought indices; and (iii) the limited number of studies employing
non-stationary statistical approaches, a factor particularly critical in analyses involving
climate change. It was also observed that only a small number of studies use more complex
statistical approaches for drought index estimation, and that only one study employed
machine learning techniques to improve drought prediction. Furthermore, there is a gap
regarding the selection of appropriate probability distributions for specific regions, which
can enhance index estimation [1,12,75]. These points highlight opportunities for future
research integrating hydrological modeling with advanced drought estimation, promoting
more robust analyses applicable to water resources management.

A particularly relevant point is that most of the reviewed studies identify the avail-
ability and quality of observational data, especially meteorological and hydrological data,
as a major limitation. Another notable gap concerns the limited discussion of the quality
and spatial resolution of soil datasets used in hydrological modeling, despite the fact that
soil properties, such as moisture dynamics, texture, and chemical characteristics, directly
influence processes relevant to agricultural drought assessment. More broadly, the spa-
tial resolution of input maps (e.g., soil, land use/land cover, topography) is critical for
SWAT simulations, as it determines the model’s capacity to capture local variability in
hydrological responses. The appropriate level of resolution is inherently linked to the study
objectives and spatial scale: regional or watershed-scale analyses require more detailed
and accurate datasets, whereas continental or global assessments may reasonably rely on
coarser maps. However, when high-resolution data are unavailable—particularly in vul-
nerable or data-poor regions—reliance on outdated or overly generalized maps can impair
the simulation of key processes such as infiltration, surface runoff, baseflow behavior, and
soil-water dynamics, ultimately compromising the robustness of drought-related outputs.

In situations where ground observations are limited or unavailable, reanalysis prod-
ucts are often employed as an alternative; however, when these datasets cannot be validated
against local observations, they may themselves become a significant source of uncertainty
due to potential biases and coarse spatial resolution. This underscores the need to im-
prove reanalysis data estimation and to develop robust statistical techniques for validating
these datasets before their integration into hydrological models. A similar challenge arises
with future climate projections from GCMs, which inherently carry model-dependent
uncertainties that propagate through hydrological simulations. Without standardized
validation protocols for selecting, bias-correcting, and applying GCMs, uncertainties in
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climate inputs can substantially distort the magnitude, frequency, and temporal dynamics
of drought indices.

These data-related constraints also underscore an important weakness: drought in-
dices become unreliable when poorly parameterized, as inadequate or biased input data,
inappropriate probability distributions, or mischaracterized environmental variables can
distort drought severity, duration, and frequency estimates [1–6]. Poor parametrization
may lead to false drought signals, mask real events, or misrepresent drought propagation
across meteorological, agricultural, and hydrological components, thereby compromising
their usefulness for decision-making.

Since the quality of input data fundamentally constrains the robustness of model
outputs, uncertainties in meteorological observations, soil attributes, reanalysis datasets,
and climate projections directly affect the reliability of drought estimates. These consid-
erations highlight the importance of improving soil mapping, expanding hydroclimatic
observation networks, and strengthening validation procedures to enhance the accuracy of
drought assessments using hydrological models such as SWAT. Regarding the soil maps
used in hydrological modeling, these datasets play a fundamental role, as they significantly
influence the simulation of key processes such as infiltration, surface runoff, and soil water
storage [36], all essential variables for assessing agricultural and hydrological droughts. In
this sense, promising future research would be to investigate how improving the resolution
and quality of soil maps can contribute to enhancing the accuracy of drought assessments
through hydrological modeling using SWAT model.

Regarding the lack of harmonization among drought indices, it was observed that,
out of the 115 articles analyzed, 47 different drought indices were mentioned (Table 2).
Although many of these indices are conceptually similar or even identical under different
names, there is no global methodological standardization. This conceptual ambiguity is
further complicated by the inconsistent application of terminology across studies. One of
the major challenges in conducting comparative drought analyses is the lack of consistency
in the naming and definition of drought indices. In many cases, identical acronyms are
used to denote entirely different indices, leading to ambiguity and misinterpretation. For
example, the acronym SSI may refer to the Standardized Streamflow Index, typically
applied to hydrological drought characterization, while in other studies it denotes the Soil
Moisture Stress Index, which is associated with agricultural drought. These terminological
discrepancies create uncertainty about the type of drought being assessed and hinder the
development of a common analytical framework. Consequently, cross-study comparisons
become unreliable, meta-analyses are weakened, and the synthesis of regional or global
drought patterns is substantially constrained. This lack of terminological harmonization
highlights the need for clear definitions and standardized nomenclature to support robust
and comparable drought assessments.

Terminological inconsistencies also extend to broader drought categories, such as
“vegetation drought” and “soil drought” which often refer to specific thresholds or impacts
within agricultural drought but lack standardized definitions. This heterogeneity compro-
mises the comparability between studies, hinders the execution of integrated analyses, and
represents a significant challenge for the development of drought monitoring systems at
regional or global scales. The absence of a unified protocol for the selection, calculation, and
interpretation of indices also contributes to variations in results and limits the replicability
of studies.
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Table 2. Overview of drought indices identified in this review.

Abbreviation Drought Index Name Country/Region Drought Type References

SPI Standardized Precipitation
Index

China, Vietnam, Malaysia, Poland,
Thailand, Ethiopia, Iran, USA, Italy,
Canada, Brazil, India, South Africa,
Southern Africa Kenya, Morocco,

South Korea, Argentina, Sudan, East
Africa, Peru

Meteorological [10,48,55,58–
64,68,70,71,77,79–81,83–118]

SPEI
Standardized
Precipitation–

Evapotranspiration Index

Canada, China, Kenya, Poland, South
Africa, Southern Africa, Thailand,

Ethiopia, Portugal, Tunisia, USA, India
Meteorological [51,52,59,61,69,71,77,79,85–

88,107,115,119–127]

SSI Standardized Streamflow
Index

Afghanistan, Brazil, Colombia, China,
Thailand, Malaysia, Poland, Vietnam,

Pakistan
Hydrological [51,55,64,67,68,82,84,87,101,

105,115,124,128–131]

SSI Soil moisture Stress Index India Agricultural [103]

MSDI Multivariate Standardized
Drought Index China, USA, India Multivariate [35,53,57,80,103,132]

PDSI Palmer Drought Severity
Index China, Iran, USA Meteorological [46,54,58,60,85,133,134]

SMI Standardized Soil
Moisture Index Poland Agricultural [115]

SSI Standardized Soil
Moisture Index

China, USA, Southern
Africa Agricultural [35,52,53,57,61,80,95,132]

SSMI Standardized Soil
Moisture Index China, Thailand, Poland Agricultural [77,81,85,104,120,122,135,

136]

SRI Standardized
Runoff-discharge index Ethiopia Hydrological [59]

SRI Standardized Runoff
Index

China, India, Italy, Iran, South Korea,
Thailand, USA, Poland, East Africa,

Southern Africa, Vietnam, Cambodia
Hydrological

[10,11,55,56,60–
62,78,85,95,96,98,103,104,

106,110,120,123,135,137–143]

SWSI Standardized Water
Streamflow Index China Hydrological [85]

SWYI Standard Water Yield
Index China Soil [81]

RDI Reconnaissance Drought
Index China, Ethiopia, Iran Meteorological [70,79,91,144–146]

SDI Streamflow Drought Index
China, India, Iran, Kenya, Morocco,

Vietnam, Thailand, Greece, Ethiopia,
South Korea, USA

Hydrological [47,63,69,70,88,91,99,100,108,
144–150]

SDI Standardized Stream flow
Drought Index China Hydrological [52]

SDI Standardized Streamflow
Index South Korea Hydrological [71]

SPAEI
Standardized Precipitation
Actual Evapotranspiration

Index
India, China Meteorological [125,135]

SWI Soil Water Index South Africa Hydrological [86]

PERCI Percolation Index South Africa Hydrological [86]

RFI Runoff Index South Africa Hydrological [86]

WYLDI Water Yield Index South Africa Hydrological [86]

SMDI Soil Moisture Deficit Index Canada, Colombia, Ethiopia Agricultural [59,82,92]

NJHDI
Non-linear Joint

Hydrological Drought
Index

China Hydrological [122]

EDDI Evaporative Demand
Drought Index China Meteorological [98]

scPDSI Self-Calibrated Palmer
Drought Severity Index Canada Meteorological [92]
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Table 2. Cont.

Abbreviation Drought Index Name Country/Region Drought Type References

ETDI Evapotranspiration Deficit
Index Canada, Ethiopia, Tanzania Agricultural [59,92,151]

aSPI Agricultural Standardized
Precipitation Index Ethiopia Agricultural [145,146]

SDI Stream Drought Index Vietnam, Pakistan Hydrological [93,152]

SSDI
Standardizes

Supply-demand water
Index

China Vegetation [111]

MPDSI Modified Palmer Drought
Severity Index China, USA Meteorological [53,57,132]

SSWI Standardized Soil
Moisture Index Vietnam Agricultural [62]

J The Drought Index Vietnam Meteorological [90]

Ped The Ped Index Vietnam Meteorological [90]

KDrought
Hydrological Drought

Index Vietnam Hydrological [90]

SBI Standardized Baseflow
Index USA Hydrological [35]

ADI Aggregate Drought Index Ethiopia Multivariate [59]

SSWI Standardized Soil Water
Index USA, Iran Agricultural [10,60]

PHDI Palmer Hydrological
Drought Index USA Hydrological [58]

MAHDI Meteorology Agriculture
Drought Index China Meteorological,

Agricultural [52]

SWI Standardized Soil
Moisture Indes China Agricultural [87]

SRI Streamflow Response
Index China Hydrological [153]

NSSI
Non-stationary

Standardized Streamflow
Index

China Hydrological [67]

ESI Evaporative Stress Index China Meteorological [154]

IDI Integrated Drought
Indicator China

Agricultural,
Hydrological,

Meteorological
[155]

SDI Stream Drying Index South Korea Hydrological [156]

SWSI Surface Water Supply
Index Iran Hydrological [157]

These limitations underscore the need for methodological advancements that promote
the harmonization of drought indices, the broader use of non-stationary approaches, and
the strengthening of hydroclimatic observation networks, to enhance the reliability and
usefulness of drought analyses for water resources management, climate planning, and the
efficient management of monitoring and early warning systems.

The SWAT model application in the assessment of drought indices stands out for
enabling drought monitoring at the watershed scale, significantly contributing to the inte-
grated water resources management. As a robust eco-hydrological model, when properly
calibrated and validated, SWAT allows for the analysis of different types of droughts, mete-
orological, agricultural, and hydrological, enhancing the understanding of their impacts.
The application of the SWAT model in drought index assessment is particularly valuable
as it enables drought monitoring at the watershed scale, thereby supporting integrated
water resources management. As a robust eco-hydrological modeling framework, SWAT,
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when appropriately calibrated and validated, facilitates the analysis of meteorological,
agricultural, and hydrological droughts, improving our understanding of how drought
impacts evolve across different system components. Such cross-type comparisons are
essential for examining how precipitation deficits propagate through soil moisture and
groundwater systems and ultimately affect streamflow. In this context, SWAT offers a
powerful platform for investigating drought propagation processes, as it explicitly rep-
resents the continuum from climatic forcing to hydrological responses. Moreover, SWAT
generates key environmental covariates, including land use and land-cover conditions, that
can enhance the development and interpretability of drought indices, helping to explain
variations in drought behavior across heterogeneous landscapes. Despite these strengths,
important limitations, knowledge gaps, and research opportunities remain, particularly
regarding improvements in cross-type drought comparisons, more refined representations
of propagation mechanisms, and the integration of model outputs into operational early-
warning systems. A synthesis of these challenges and perspectives, identified throughout
the reviewed literature, is provided in Table 3. Finally, as a freely available and open-source
tool, SWAT remains an accessible and cost-effective option for comprehensive drought
assessment, especially when incorporated into multi-indicator monitoring frameworks.

Table 3. Main gaps, limitations, and future perspectives identified in the literature.

Theme Gaps Future Perspectives

Observational data – Scarcy and limited quality of precipitations,
temperature, and streamflow data, especially in
vulnerable or/and developing regions;
– Reliance on reanalysis products without local validation;
– Uncertainties associated with GCM projections.

– Establish standardized validation protocols for
reanalysis products and GCMs.
– Improve the estimation of reanalysis datasets and
develop statistical techniques to support their validation.

Soil data – Low resolution and limited discussion regarding the
quality of soil maps.
– Direct influence on the simulation of agricultural
drought processes.

– Improve the accuracy of soil datasets by incorporating
remote sensing techniques and advanced digital soil
mapping approaches.

Harmonization of
drought indices

– Large number of different indices (47 identified).
– Identical acronyms used for different indices (e.g., SSI).
– Difficulties in conducting regional or global
comparative assessments.

– Standardize nomenclature, calculation procedures, and
interpretation guidelines.
– Develop international recommendations for selecting
and applying drought indices.

Statistical approaches – Limited use of non-stationary statistical models.
– Insufficient evaluation of suitable probability
distributions for regional applications.
– Minimal incorporation of machine learning approaches.

– Expand the use of non-stationary methods.
– Integrate ML and multivariate approaches into drought
estimation and prediction.

SWAT model calibration – Calibration focused almost exclusively on streamflow
– Lack of standardization in performance metrics; NSE
often used as the sole criterion.

– Adopt multi-criteria calibration and evaluation
frameworks.
– Develop a standardized protocol for model performance
metrics in drought-related studies.

Drought propagation
analysis

– Few studies quantify how drought propagates across
meteorological, agricultural, and hydrological stages.

– Develop integrated frameworks to analyze drought
propagation cascades and their associated impacts.

Multivariate approaches – Dominance of univariate drought indices that capture
only part of drought complexity.

– Incorporate multiple variables (soil moisture, ET,
temperature, land cover, groundwater) into drought
indices and hydrological modeling.

3.5. Challenges and Advances in Tropical Regions: The Case of Brazil and the Future
Research Agenda

The assessment of drought through hydrological modeling is particularly relevant in
regions with high edaphoclimatic diversity, such as Brazil [158–160], where water demand
is high and the impacts of climate change have intensified in recent years [75,161–163].
In this context, the integration of the SWAT model with drought indices represents a sig-
nificant advancement in drought assessment and monitoring in tropical regions, which
are highly vulnerable to hydroclimatic extremes and commonly affected by scarce ob-
servational data [91,92]. This approach is aligned with global recommendations for the
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enhancement of monitoring and early warning systems, as promoted by the Integrated
Drought Management Programme (IDPM), developed by the World Meteorological Organi-
zation (WMO) in cooperation with the Global Water Partnership (GWP). These frameworks
emphasize the need for national policies focused on drought mitigation, monitoring and
early warning, and risk and impact assessment [164].

In Brazil, these international guidelines are reflected in public policies such as the
National Water Security Plan (Plano Nacional de Segurança Hídrica; PNSH), which aim to
ensure an adequate water supply and the monitoring and control of floods and droughts,
thereby reducing the country’s vulnerability to hydrological risks [164]. The integrated
application of SWAT with drought indices can directly support these policies by providing
watershed scale information, such as drought and flood estimates, as well as relevant
environmental covariates (e.g., land use and land cover, soil moisture, among others),
which are essential for agricultural and environmental planning. Despite the importance of
this topic, only two studies applying drought indices combined with hydrological modeling
were identified in the Brazilian context.

The first study, conducted by [64], evaluated the occurrence of meteorological and
hydrological droughts in the Jaguari River basin (1027 km2), one of the headwater re-
gions of the Cantareira system. The study presents advances by integrating observational
and satellite data to calibrate and validate the SWAT model. The analyses indicate a po-
tential temporary loss of resilience in the surface hydrological system, highlighting the
vulnerability of the basin to climate variability.

The second study, conducted by [128], evaluated historical hydrological droughts in
the Pandeiros River basin (3220 km2), a sub-basin of the São Francisco River. By using
reanalysis data as a source of precipitation information, the study demonstrated the po-
tential of these datasets in contexts with limited observational data coverage. This study
represents an important advance in understanding droughts in a historical context.

Among the main challenges faced in Brazil are the scarcity of long and consistent time
series of hydrological and meteorological data, as well as the low density of monitoring
stations in several regions of the country [165]. This limitation directly affects the calibration
and validation of hydrological models, compromising the accuracy of analyses. Neverthe-
less, the two studies cited here demonstrate the great potential for applying this type of
research in Brazil, particularly in supporting integrated water resources management and
drought monitoring.

Given the considerable methodological and contextual challenges in drought manage-
ment research across Brazil’s climatic, hydrological, and socioeconomic diversity, there is a
pressing need to develop more advanced approaches to drought monitoring, forecasting,
and management. Based on the findings of this systematic review, the following future
research agenda are proposed to address existing knowledge gaps and operational needs:
(i) enhanced hydrological modeling capabilities by integrating remote sensing data and
machine learning techniques to improve estimates of key hydrological variables in data
scarce watersheds; (ii) development of research incorporating non-stationary drought
indices and SWAT modeling; (iii) development of multivariate drought indices tailored
to the country’s different biomes; (iv) systematically assess the impacts of the different
drought types on Brazil’s biomes; (v) development of early systems for drought based
on hydrological modeling; (vi) improvement of public policies related to drought risk
management and resilience-building; (vii) investigation of drought propagation process in
river basins; (viii) evaluating the influence of soil map resolution on agricultural and hydro-
logical drought estimations using SWAT model; and (ix) establish standardized national
protocols for drought index calculation, interpretation and communication to support
decision-making. This agenda underscores the critical integration of scientific advances
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into operational frameworks, within the context of increasing climate variability and water
scarcity challenges in Brazil.

4. Final Considerations
Based on the bibliometric analysis of 115 articles from the WOS and Scopus database,

it can be stated that research on the use of the SWAT hydrological model for drought
assessment has shown a steadily increasing trend from 2011 to 2025, reflecting the model’s
applicability in multidisciplinary studies that integrate several drought indices.

Most studies employ multidisciplinary approaches, combining the SWAT model
with various drought indices (meteorological, agricultural, and hydrological). Stud-
ies are predominantly concentrated in China and the United States, where substantial
progress has been observed in terms of using the SWAT model to develop and improve
drought forecasting and monitoring systems, to study drought propagation, and to advance
new methodologies.

In regions with scarce data, the integration of the SWAT model with drought indices
has proven to be a promising alternative for drought monitoring and the development of
early warning systems, thereby supporting risk management in vulnerable areas. In tropical
regions such as Brazil, advancements in this area remain limited. Only two studies have
employed the SWAT model to monitor historical events, highlighting an underexplored
but promising field for future research.

Despite considerable progress, significant research gaps remain. The application of
more complex statistical methodologies, such as non-stationarity approaches or machine
learning techniques to enhance drought index development, is still infrequent, representing
a clear opportunity for future research. Moreover, a lack of harmonization among the use of
drought indices has been identified, suggesting the need for more standardized protocols
to facilitate comparative studies at regional and global scales.

In summary, the SWAT model stands out as a robust tool for deepening the understand-
ing of drought phenomena. However, its potential remains underexplored, particularly
concerning the application of innovative statistical methods and the development of inte-
grated real-time monitoring systems. Future research should focus on bridging these gaps
to enhance drought monitoring and mitigation strategies across regional and global scales.
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