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Abstract— To better understand the impacts of global and regional climate change, it is
essential to conduct investigations at the local level as well, particularly in climatically
sensitive areas. The aim of our study is to present the climatic characteristics of the
Nagykunsag region based on annual data recorded at the Karcag meteorological station
(HungaroMet 55405) between 2005 and 2024. Our analysis focuses on the long-term trends
of key meteorological variables such as temperature, precipitation, evaporation, sunshine
duration, wind speed, and air pressure. For data processing, we used the built-in statistical
tools of Microsoft Excel, especially linear regression, moving averages, and trendline
fitting. During the examined period, we identified a significant increase in temperature
(+0.097 °Clyear), a slight decrease in precipitation (-9.72 mm/year), and a rise in the
number of sunshine hours (+18.95 hours/year). Our results highlight not only the ongoing
climatic changes but also the urgent need for regional adaptation measures, particularly in
agricultural management and water resource planning. The methodology demonstrates that
accessible statistical tools can provide valuable insights to support local climate resilience
strategies.

Key-words: Nagykunsag region, weather data, long-term analysis, extreme weather
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1. Introduction

The study of climate change impacts has become one of the most complex and
urgent scientific and societal challenges of recent decades (Intergovernmental
Panel on Climate Change (IPCC), 2023). Numerous studies have documented
changes in global climate systems, highlighting the rise in average temperatures,
the reorganization of precipitation patterns, and the increasing frequency of
extreme weather events (Alexander et al., 2006; Coumou & Rahmstorf, 2012;
Fischer and Knutti, 2015). While global and continental-scale climate models are
indispensable for large-scale forecasting, identifying local and regional trends is
essential for developing effective adaptation strategies (Giorgi, 2006; Lelieveld et
al., 2012; Seneviratne et al., 2012).

Hungary is located on the continental fringe of the temperate zone, where
the alternating influence of western European, Atlantic, and eastern European air
masses prevails (Péczely, 1979; Bartholy and Pongracz, 2010). These
atmospheric characteristics, combined with the country’s diverse topography —
especially in the flat regions of the Great Hungarian Plain — result in significant
microclimatic variations. In the Great Hungarian Plain, changes in temperature
and precipitation patterns are particularly pronounced, directly affecting
agricultural production, water management, and the condition of ecosystems
(Spinoni et al., 2015).

In recent decades, rising summer temperatures and decreasing precipitation
have already been documented in the Great Hungarian Plain. The observed
climatic trends in this region show significant deviations compared to other parts
of the country, particularly between the Trans-Tisza and Transdanubia regions.
This highlights the necessity of locally focused trend analyses, which enable the
identification of region-specific impacts and their integration into climate-related
decision-making processes (Bartholy et al., 2015; Szabo et al., 2019).

Nagykunség is an agroecologically significant region located in the central
part of the Trans-Tisza region, characterized by flat terrain and a continental
climate that gives rise to distinct climatic features (Bir6é and Kovéacs, 2024). In this
area — particularly in Karcag — arable crop production and extensive grassland
management play a dominant role, while semi-natural habitats such as saline
grasslands and loess steppes are highly sensitive to weather extremes (Tolgyesi et
al., 2020). The region’s climatic conditions — especially the seasonal variability
of precipitation, temperature extremes, and fluctuations in sunshine duration —
directly influence site-specific growing conditions and agricultural productivity
(Pongracz et al., 2011; Kocsis and Schweitzer, 2013). Therefore, the analysis of
local meteorological trends is justified not only from a scientific standpoint but
also for practical reasons, particularly to support the foundation of climate
adaptation measures.

A reliable foundation for meteorological trend analyses is provided by long-
term, consistently recorded, and homogenized data series. The development of the
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automatic station network of the Hungarian Meteorological Service
(HungaroMet) enables the temporal analysis of daily-resolution, validated data
(Izsék et al., 2022). From these datasets, annual averages and totals can be
calculated, yielding suitable indicators for examining trends in temperature and
precipitation patterns, sunshine duration, and wind conditions (Izsak and
Szentimrey, 2020).

In the town of Karcag (Jasz-Nagykun-Szolnok County), the automatic
meteorological station (code 55405) of HungaroMet has been recording daily
meteorological data since 2005. Among the variables measured by the station are
total precipitation, average, minimum, and maximum temperature, wind speed,
sunshine duration, and global radiation. By aggregating these into annual datasets,
a reliable time series can be constructed, enabling the examination of regional
meteorological trends.

For the trend analysis, we used the built-in statistical tools of Microsoft
Excel, particularly linear regression trendlines, moving averages, and the
calculation of the coefficient of determination (R?). These straightforward
methods are well-suited for examining the long-term direction, magnitude, and
reliability of changes in meteorological variables. Therefore, the aim of this study
is not to provide an in-depth statistical analysis through complex climate
modelling, but rather to demonstrate that valuable insights into regional climate
changes can be drawn using Excel-based tools.

In our study, we hypothesize that meteorological data recorded in Karcag
between 2005 and 2024 reveal a gradual warming and drying trend, which may
have significant agroecological implications for the Nagykunsag region. The
objective of our analysis is to assess the extent to which local weather trends
reflect broader climatic changes characteristic of the Great Hungarian Plain and
the Carpathian Basin, and to examine how these changes influence the ecological
and agricultural stability of the region. Our findings aim to contribute to a deeper
understanding of the region’s climatic sensitivity and to provide a foundation for
future ecological, agricultural, or climate adaptation studies.

2. Materials and methods

For our analysis, we used daily meteorological data from the automatic weather
station located in Karcag (station code: 55405). The study covered the period from
2005 to 2024.

The daily meteorological variables measured by the station and included in
the analysis are presented in Table 1.
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Table 1. Meteorological variables used in the study

Variable name Symbol Unit Description
Average daily temperature t °C Daily average temperature
Minimum daily temperature tn °C Lowest daily temperature
Maximum daily temperature X °C Highest daily temperature
Daily precipitation sum rau mm Amount of daily precipitation
Potential evapotranspiration upe mm Daily potential evapotranspiration
Sunshine duration ns hours Number of sunshine hours per day
Global radiation sr Jlem? Daily sum of global radiation
Relative humidity u % Daily average relative humidity
Average wind speed f m/s Daily average wind speed
Synoptic wind speed fs m/s Daily average synoptic wind speed
Maximum wind gust fx m/s Maximum wind speed per day
Soil temperature at 5 cm ets °C Daily average soil temperature at 5 cm depth
Near-surface minimum temperature  tsn24 °C Daily minimum near-surface temperature
Average air pressure p hPa Station-level daily air pressure
Sea-level pressure po hPa Air pressure adjusted to sea level

Annual aggregates were calculated from daily values according to the nature
of each variable. For precipitation and potential evapotranspiration, we calculated
annual sums; for temperature and atmospheric parameters, we computed annual
averages, minima, and maxima (Table 2).

Additionally, seasonal breakdowns were performed for spring, summer,
autumn, and winter to identify seasonal variations. Furthermore, a section on
extreme weather events (e.g., water-deficit and drought periods) was included,
comparing these to the climatic water balance (CWB — Thornthwaite and Mather,
1955).

To assess temporal trends, we applied linear regression models using the
statistical functions of Microsoft Excel. The slope of the regression line and the
corresponding p-value were used to evaluate long-term changes in each variable.

104



Table 2. Annual totals calculated on the basis of daily meteorological data for the years

under study (Karcag, 2005-2024)
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Climatic variables were analyzed over time using linear trend analysis,
which involved the following methodological steps: trends were estimated by
fitting a linear regression line to the annual time series data. The slope () of the
fitted line expresses the average annual change in the variable (e.g., mm/year or
°Clyear).

The strength of the linear fit was expressed using the coefficient of
determination (R2), indicating the percentage of total variance explained by the
linear model. Trends were visualized in graphs, displaying the regression line
along with its slope (B), p-value, and R2. The temporal changes were statistically
analyzed using linear regression in Excel (LINEST and TREND functions), and
the results were validated with non-parametric methods. For this, the Mann-
Kendall trend test (McLeod, 2022) and Sen’s slope estimator (Pohlert, 2023) were
applied using the latest version of the R programming language (R 4.5.1, 2025-
06-13 ucrt). The Kendall package (version 2.2.1) and the trend package (version
1.1.6) were used for robust trend analysis, suitable for data that may not meet
normal distribution assumptions. This approach confirmed the direction and
statistical significance of the results obtained in Excel.

3. Results

The trend analysis covered all available meteorological variables (Table 3). Using
annual averages, totals, and extremes derived from daily values, we calculated the
parameters of linear regression models along with their significance levels. The
variables were evaluated by grouping them according to their nature. Seasonal
analyses revealed additional details, while the 5-year moving averages smoothed
out natural interannual fluctuations and highlighted more pronounced long-term
changes.

Based on the trend parameters of the examined variables, it is advisable to
clearly distinguish between significant (p < 0.05), nearly significant (0.05 <p <
0.1), and non-significant (p > 0.1) trends. Notably, the strongest correlations were
observed for average temperature (t), minimum temperature (tn), and soil
temperature (et5), where the coefficient of determination (R2) exceeded 0.25.
Seasonal breakdowns revealed the most pronounced temperature increases during
spring and summer, especially in the case of maximum temperature (tx). This
trend coincides with a decrease in spring precipitation sums, resulting in an
increased evapotranspiration deficit. During summer, the combined effect of
rising temperatures and increasing sunshine hours may critically contribute to
water stress in vegetation. In contrast, autumn showed a slight increase in
precipitation, while winter saw a rise in minimum temperature (tn), which reduces
the number of frost days.
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Table 3. Trends of meteorological variables based on Excel and R statistical

analysis (2005-2024)
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3.1 Temperature trends

The temperature data show a clear warming trend in the annual average
temperatures recorded in Karcag (t; p = +0.097 °C/year; R? = 0.47), indicating a
significant linear relationship over time (Fig. 1). The Mann—-Kendall trend test
confirms this tendency (t=0.507, p = 0.0022), and the Sen’s slope estimate (+0.1
°Clyear) is consistent with the regression-based slope. The increase in minimum
temperatures (tn; p = +0.40 °C/year; R? = 0.29) suggests that night-time cooling
is becoming progressively milder. According to the Mann-Kendall test (t=0.389,
p = 0.0179), this trend is statistically significant, and the Sen’s slope estimation
indicates an increase of +0.43 °C/year. The rise in maximum temperature (tx; p =
+0.103 °C/year; R>=0.10) is particularly pronounced during the summer months,
which may indicate an increase in the number of heatwave days. Despite a visible
tendency, the Mann-Kendall test (1 = 0.222, p = 0.183) suggests a non-significant
trend, though the Sen’s slope estimate remains positive (+0.13 °C/year). The near-
surface minimum temperature (tsn24) shows a slight increasing trend based on
linear regression (B = +0.116 °C/year; R? = 0.10), although this trend is not
statistically significant (p = 0.11). The Mann—Kendall test, however, yields a near-
significant positive trend (t = 0.277, p = 0.097), and the Sen’s slope estimation
suggests a warming rate of +0.15 °C/year. The soil temperature at 5 cm depth (et5)
also displays a clear increasing trend (B = +0.172 °C/year; R? = 0.55) with
statistical significance (p = 0.02). This warming is further confirmed by a highly
significant Mann-Kendall trend (t = 0.564, p = 0.0006), and the Sen’s slope
indicates a warming rate of +0.14 °C/year. Average (t) and maximum (tx)
temperatures increase most intensely during the summer months (June—August).
In the winter months (December—February), significant increases are observed in
the minimum temperature (tn) and near-surface minimum temperature (tsn24).
Moving averages of the temperature variables reveal a clear upward trend, with
the most marked increases observed for the soil temperature (et5) and minimum
temperature.
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Fig. 1. Trend of annual mean temperature (t) in Karcag, 2005-2024.
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3.2 Precipitation and evapotranspiration

The annual precipitation total (rau) shows a slight decreasing trend (p = —9.72
mm/year; R? = 0.18), although due to natural variability, this trend is not
pronounced every year. According to the Mann-Kendall test, this trend is near-
significant (T =-0.295, p = 0.074), with a Sen’s slope estimate of —-9.63 mm/year.
In parallel, the potential evaporation (upe) is increasing (f = +9.23 mm/year; R?
=(.15), indicating enhanced evaporative losses, which is an important implication
in terms of drought sensitivity (Fig. 2). The Mann-Kendall test indicates a near-
significant upward trend (t = 0.263, p = 0.112), and the Sen’s slope estimate is
+9.53 mml/year. This dual effect intensifies the evaporation deficit, potentially
leading to long-term water supply challenges in the region. Spring precipitation
totals (March—May) exhibit the most pronounced decrease, while autumn values
show a slight increase. The moving average of precipitation (rau) reveals a
gradual decline, whereas potential evaporation (upe) follows an upward trend.
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Fig. 2. Trend of annual potential evaporation (upe) in Karcag (2005-2024).

3.3 Sunshine and radiation

The number of sunshine hours (ns) shows a slight decreasing trend (f = -9.18
hours/year; R? = 0.17), which may indicate more frequent periods of cloudiness
or changes in atmospheric composition. This is supported by a Mann—Kendall
trend (t = -0.265, p = 0.111), with a Sen’s slope of —4.49 hours/year, close to
near-significance. The annual total of global radiation (sr) also exhibits a slight
decreasing trend (B =-1079.2 J/cm?/year) with relatively low explanatory power
(R? = 0.04), which could be partly related to changes in cloud cover or aerosol
levels (e.g., dust, pollen). No significant trend is observed (p = 0.87), and the Sen’s
slope estimate is statistically insignificant.
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3.4 Wind conditions

Both the synoptic wind speed (fs) and the average wind speed (f) show minimal
increases (fs: p = +0.0027 m/s/year; f: p = +0.003 m/s/year), but these trends are
statistically weak (R2 < 0.02). No significant trend is supported by the Mann-
Kendall test of wind speed (p = 0.77), and the Sen’s slope estimate is zero. The
maximum wind gust speed (fx) exhibits an increasing tendency (B = +0.099
m/s/year), which may amplify extreme fluctuations in the wind climate. A weak
upward tendency (Sen’s slope = +0.08 m/s/year) is not confirmed by Mann—
Kendall (p = 0.44). Maximum gusts (fx) tend to be stronger during the spring
months, while they are weaker in winter.

3.5 Air pressure and relative humidity

Instrument-level (p) and sea-level (p0) air pressure changes show weak but
positive trends (p: B = +0.011 hPa/year; p0: = +0.007 hPa/year), but based on
the coefficients of determination, these are not considered significant changes (R2
< 0.01). The Mann-Kendall test of sea-level shows no trend (p = 0.97), the Sen’s
slope is near zero. Relative humidity (u) exhibits a slight decline (B = —0.06
%/year; R = 0.015), which may indicate increasing aridity, especially during the
summer months. A decreasing tendency is observed, though the Mann—-Kendall
(p = 0.53) does not confirm statistical significance, while the Sen’s slope is —0.08
%/year. Relative humidity decreases moderately in spring and summer, while it
remains stable in autumn and winter. Moving averages show minimal variation in
air pressure values, and no significant seasonal trends are observed.

Based on daily maximum temperatures, heatwave days exceeding 35 °C
were examined for the period 2005-2024 (Table 4). Annual data show an
increasing trend both in the number and duration of heatwaves. The longest
heatwave was recorded in 2022, lasting 11 consecutive days. Both the number of
heatwaves and the maximum temperatures have increased year by year, indicating
more frequent heat stress conditions during summers.
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Table 4. Heatwaves and their characteristics between 2005 and 2024

Year Number of Number of Longest heatwave Annual maximum
heatwave days heatwave events (days) temperature (°C)
2005 2 0 2 35.2
2006 0 0 0 343
2007 11 1 7 40.0
2008 3 0 2 37.7
2009 1 0 1 35.2
2010 3 0 2 34.8
2011 6 1 4 37.6
2012 10 1 5 38.8
2013 4 0 2 37.7
2014 5 0 2 35.4
2015 8 1 4 38.2
2016 3 0 2 338
2017 7 1 4 38.6
2018 4 0 2 345
2019 9 1 5 37.4
2020 3 0 2 36.5
2021 6 1 4 375
2022 24 2 11 394
2023 5 0 2 37.9
2024 10 1 6 395

The annual values of the climatic water balance (CWB), calculated as the
difference between precipitation and potential evapotranspiration, were negative
in almost every studied year, indicating persistent moisture deficits (Table 5).
Among the most extreme years were 2007 and 2022, with CWB values of -736.9
mm and —-968 mm, respectively.

The annual number of water-deficit days exceeded 290 on multiple
occasions, with the longest continuous period of water deficit lasting 65 days (in
2009). These data clearly underline the increasing drought sensitivity of the
region.
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Table 5. Climatic water balance (CWB) and water-deficit periods between 2005 and 2024

R T v
2005 -199.4 289 28
2006 -396.2 294 36
2007 -736.9 301 41
2008 -473.6 301 34
2009 -660.1 300 65
2010 91.6 252 15
2011 -760.3 303 45
2012 -947.3 306 55
2013 -518.6 291 33
2014 -361.8 276 31
2015 -751.8 303 41
2016 -422.2 290 26
2017 -632.3 298 49
2018 -621.8 296 28
2019 -667.8 299 40
2020 -343.7 285 25
2021 -722.2 303 50
2022 -968.0 308 60
2023 —-855.4 310 53
2024 -967.3 309 58

Overall, the results indicate that among the meteorological variables
recorded in Karcag, temperature, evapotranspiration, and sunshine duration show
significant increasing trends, while decreasing precipitation and relative humidity,
along with the increasing number of water-deficit years, point toward climatic
drying. The Mann—-Kendall test and Sen’s slope estimator confirmed the statistical
validity of the temperature trends detected by linear regression. We observed
weaker but directionally consistent trends in precipitation and evapotranspiration.
Trends with p-values below 0.05 were considered statistically significant. The
Excel-based analyses effectively capture local signs of climate change and
provide an important foundation for further agroclimatic studies.
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4. Discussion

The analysis of meteorological data recorded in Karcag reveals clear trends that
are consistent with other national and international regional studies. The
increasing trends in temperature variables — particularly average and minimum
temperatures — corroborate observations across Hungary and Central Europe
highlighting intensified warming over recent decades (Bartholy et al., 2007;
Pongracz et al., 2011).

The moderate but declining trend in precipitation, coupled with rising
potential evapotranspiration, projects significant climatic and ecological
challenges for the region. This is especially critical for agricultural production, as
Nagykunsag primarily relies on arable farming and livestock. The increasing
frequency of years with high evapotranspiration potential fits well with the
concept of a “desiccation spiral” (a process of gradual drought and increasing
water scarcity) that has been confirmed by several studies for the Hungarian Great
Plain (Szalai and Szinell, 2000; Pongrécz et al., 2011).

The increase in sunshine hours alongside a slight decrease in global radiation
may have a dual effect: while the former may support plant growth during the
vegetation period, the latter may indicate changes in aerosol content and cloud
cover in the climate system, as supported by other Hungarian research (Lakatos
etal., 2013).

Our results are in agreement with climate projections for the Carpathian
Basin, particularly regarding rising temperatures and more extreme precipitation
patterns (Pongracz et al., 2011; Bartholy et al., 2015). Similar drying trends have
been observed in other parts of the Hungarian Great Plain (e.g., Homokhatsag,
Békés-Csongrad region) (Szabo et al., 2019), suggesting that the changes in
Nagykunsag fit into a broader regional climatic pattern.

The analysis of extreme temperature and water balance-based indicators
further supports the observation that in the Nagykunsag region, not only gradual
warming but also an increased frequency of heat and moisture extremes have been
observed over the past two decades. The rising number of days exceeding 35 °C
and heatwaves, along with longer periods of water deficit, confirm estimates that
the region is particularly vulnerable to the negative agricultural and ecological
impacts of climate change (Blanka et al., 2013; Vadas and Racz, 2013).

Moreover, the application of more robust statistical methods, such as the
Mann-Kendall test and Sen’s slope estimator, is justified in this study, as they are
less sensitive to data variability and non-normal time series distributions. These
methods more accurately confirm the direction and significance of climatic
changes (Hirsh et al., 1982; Helsel et al., 2002).

A methodological strength of the Excel-based analysis is its ability to
efficiently review long time series with basic statistical tools. While it does not
replace complex modeling or multivariate statistical analysis, it effectively
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captures key trends and can provide a foundation for future research, especially
aimed at supporting climate adaptation strategies.

5. Conclusions

Based on data from the Karcag climate station for the period 2005-2024, it can
be concluded that the climate changes occurring in the Nagykunsag region are
clear and affect multiple variables. The gradual increase in temperature, the
decrease in precipitation, the rise in evapotranspiration, and the increase in
sunshine hours together indicate a drying climatic trend. Although not all
variables show significant trends individually, the combined effects clearly
outline the warming and drying pattern characteristic of the Great Hungarian
Plain. Based on our results, it is recommended to pay increased attention in the
region to irrigation strategies, crop selection, and soil protection. Our study also
demonstrates that reliable, publishable results can be achieved using simple tools
such as Excel, which can provide a solid basis for preparing more complex climate
adaptation decisions.
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Abstract—The identification, monitoring and prediction of the possible future conditions
of drought, a complex disaster, are of significance for decision makers in planning natural-
social and human activities and planning, operation, and management of water resources.
The present study investigates the meteorological drought experienced by Amasya and
Merzifon, located within the transition zone between the Black Sea and continental
climates in Tlrkiye. The analysis employs the standardized precipitation index (SPI), the
China-Z index (CZI), and the modified China-Z index (MCZI), utilizing annual time scales
to assess the precipitation patterns in these regions. The precipitation records obtained from
the selected meteorological stations between 1964 and 2023 were analyzed in order to
assess the drought and compare the performance of precipitation-based drought indices.
The investigation also focused on drought-wet period percentages, the percentages of
occurrence of drought classes, and the negative and positive peak index values. According
to all three drought indices, significant dry years were identified, including 1964, 1974—
1976, 1982, 1984, 1986, 1990, 1999, 2013, 2017, and 2020.The assessment revealed that
SPI, CZI, and MCZI performance was similar in identifying drought in transition climate
zones. It was also determined that CZI and MCZI are a viable alternative to SPI for drought
monitoring.

Key-words: drought assessment; drought indices; comparative analysis; standardized
precipitation index (SPI); China-Z index (CZI); modified China-Z index (MCZI)
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1. Introduction

Drought is a recurring global phenomenon characterized by multiple
climatological and hydrological parameters, causing significant damage to both
the natural environment and human life (Mishra and Desai, 2005; Adisa et al.,
2020; Adib et al., 2024). Dependent variables that affect drought include
temperature, precipitation, and soil properties (Jenkins and Warren, 2015).
Drought is distinct from other natural disasters in that it does not occur abruptly.
The phenomenon of drought is characterized by a decrease in precipitation,
leading to a decline in water availability. This initial meteorological drought is
followed by a subsequent hydrological drought, which in turn results in an
agricultural drought (Mishra and Desai, 2005).

Drought indices (DlIs) have been developed as means to monitor and measure
the aforementioned negative effects, with DIs being mathematical tools used to
determine the severity, duration, and effects of drought events. The application of
DlIs has been instrumental in the monitoring of drought conditions and the
formulation of strategic decisions across a range of domains, including
agricultural production and water resources management. The development of
DlIs has enabled the establishment of drought management and early warning
systems, with DIs being used to determine the severity, duration, and effects of
drought events. Furthermore, DIs have been identified as a pivotal instrument in
the effort to combat climate change, as they offer insights into long-term shifts in
climate and drought occurrences, thereby paving the way for the formulation of
adaptation strategies (UNEP, 2021).The role of Dls in the establishment of
drought management and early warning systems, the efficient use of water
resources, the determination of agricultural policies, and the development of
strategies to combat climate change is critical. The World Meteorological
Organization (WMO) has recommended the utilization of the SPI by all national
meteorological and hydrological services globally for the characterization of
meteorological droughts (Hayes et al., 2011; WMO, 2012). Additionally, the SPI
is proposed for use as a reference index, as it has been demonstrated to facilitate
the earlier identification of droughts, to be reliable, to necessitate only
precipitation data, and to yield more accurate results (Morid et al., 2006; Dogan
etal., 2012; Mishra and Singh, 2011; Yacoub and Tayfur, 2017; Zeybekoglu et al.,
2023). Tanoglu (1943) prepared a drought map using temperature and
precipitation values throughout Turkiye. Erinc (1949) performed a drought
analysis by Thorntwaite method by precipitation, temperature, and evaporation
records. Wu et al. (2001) sought to compare the results of three Dls — the standard
precipitation index (SPI), the China-Z index (CZI), and the Z-score index (ZSI) —
for China. Their findings revealed that both the CZI and the ZSI yielded results
that were analogous to those of the SPI across all temporal ranges. Moreover, the
calculations required to determine the CZI and the ZSI were comparatively less
onerous than those of the SPI. Morid et al. (2006) evaluated seven distinct Dls
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(SPI, percent of normal (PN), deciles index (DI), ZSl, CZI, modified China-Z
index (MCZI), and effective drought index (EDI)). The study concluded that Dls
exhibited a rapid response to precipitation events in specific years but
demonstrated temporal and field inconsistencies. Conversely, SPI and EDI were
effective in detecting the onset of drought, exhibiting temporal and field
consistency, though EDI yielded more sensitive results than SPI. Bacanli et al.
(2011) conducted an analysis of precipitation and temperature data from 13
selected meteorological stations in the Central Anatolia Region of Turkiye,
collected over the period 1965-2006. The evaluation was conducted for all
stations. The results of the comparative analysis indicated that the PDSI index
indicated more humid conditions than the Erinc and De Martonne indices. Dogan
etal. (2012) conducted a comparative analysis of six drought indices in the Konya
Closed Basin, Turkiye. The drought indices employed included PN, RDDI, ZSI,
CZI, SPI, and EDI. In their study, Shahabfar and Eitzinger (2013) sought to
compare and evaluate six meteorological drought indices —-PN, SPI, CZI, MCZI,
ZSl, and the De Martonne aridity index (I) — with a view to assessing the spatio-
temporal dynamics of droughts in six climatic regions in Iran. Jain et al. (2015)
undertook a comparative analysis of SPI, EDI, ZSl, CZI, rainfall departure (RD),
and rainfall decile based drought index (RDDI), with the objective of ascertaining
the suitability of indices in districts susceptible to drought in the Ken River Basin
in central India. The findings of this study indicated a strong correlation between
Dls at equivalent time scales. Tadic et al. (2015) undertook an analysis of five
drought identification methods (SPI, DI, percent of normal precipitation (PNPI),
rainfall anomaly index (RAI), and threshold level method) for continental Croatia.
This analysis was conducted on 15 weather stations in the period from 1981 to
2011.In a separate study, Payab and Turker (2019) compared and evaluated the
performance of the SPI, RDI, ZSl, CZI, supply and demand drought index
(SDDI), and combined China-Z and supply and demand drought index (CZSDDI)
in Northern Cyprus. Multiple Dls, including the PN, SPI, ZSI, and EDI, were
employed to evaluate the drought conditions in the Wuyuer River Basin,
Northeast China, by Li et al. (2019). Katipoglu et al. (2020) conducted a
comparative analysis of five meteorological DIs: SPI, ZSI, RAI, SPEI, and RDI.
This analysis was conducted across seasonal and annual time scales to monitor
drought. Boustani and Ulke (2020) compared the drought analysis of the
Yesilirmak River basin between 1970 and 2014 with different indices (PN, DI,
RAI, ZSI, CZI, MCZI, and SPI) and drought analysis between different time
scales. They determined that the best index and time for the basin was SPI and
12-month scale. Salvacion (2021) identified drought characteristics by SPI and
SPEI for the Philippines. In a related study, Dalkilic et al. (2021) utilized
statistical analysis to calculate and evaluate four Dls (Aridity Index; PNI; SPEI,
SPI) to assess the drought status of the Konya Closed Basin. Sridhara et al. (2021)
utilized precipitation data to evaluate five DlIs: the deciles index (DI), PN, CZl,
ZSl, and SPI. The researchers employed monthly total precipitation data to
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ascertain drought occurrences in the period 1967-2017 across diverse talukas in the
Chitradurga district of Karnataka, India. The assessment revealed that the
performances of SPI, CZI, and ZSI were similar in identifying drought. Sa'adi et
al. (2022) evaluated the performance of several rain-based meteorological Dls for
the Johor River Basin in Malaysia from 1970 to 2015. The indices evaluated
included the RAI, SPI, CZI, PN, DI, and ZSlI. Singh et al. (2022) compared the
performance of seven DIs (SPI, CZI, MCZI, PNI, DI, RAI, and ZSI) in identifying
meteorological droughts in the Betwa River basin, India. Zeybekoglu et al. (2023)
sought to determine the drought conditions that prevailed at stations selected from
the Yesilirmak Basin in Turkiye between 1970 and 2014. To this end, they
employed a range of indices, including the ZSI, the CZI, the MCZI, and the SPI.
The findings indicated that the indices exhibited congruent results and that SPI
identified drought conditions earlier than the other indices. Gumus (2023)
conducted a comparative analysis of drought characteristics across diverse climates
and geographical regions in Tlrkiye. This analysis employed the SPI, utilizing the
precipitation parameter, and the SPEI, which is derived by adding the Potential
Evaporation (PET) values to precipitation from 1970 and 2021. In a related study,
Sener and Davraz (2024) compared the performance of six DIs (SPI, PNI, DI, CZI,
RAI, and ZSI) in the Egirdir Lake Basin in Turkiye. In their study, Simsek et al.
(2024) sought to evaluate the meteorological drought of the Black Sea region in the
north of Turkiye. To this end, they employed the SPI and RDI methods,
undertaking a comparative analysis across diverse temporal scales. The
meteorological parameters recorded from 28 stations between 1965 and 2019 were
subjected to analysis, resulting in a high correlation coefficient of 97.8%, 97.6%,
and 97.3% for the 3-, 6-, and 12-month time scales, respectively, between the SPI
and RDI in the evaluation of meteorological drought in the Black Sea region.

Turkiye is located between the temperate and subtropical zones. The
country's geographical characteristics, including its proximity to the sea, the
presence of mountains, and the diversity of its landforms, have resulted in the
diversification of its climates. The coastal regions experience a more temperate
climate, influenced by the sea, while the interior is characterized by a continental
climate, due to the influence of the North Anatolian and Taurus mountains
(Atalay, 1997; Sensoy et al., 2007). The transition climate between the Black Sea
region and the continental climate is characterized by the following features: (a)
The summers are less arid than in the continental climate and less rainy than in
the Black Sea climate. (b) The winters are less mild than in the Black Sea climate
and less harsh than in the continental climate.

The present study investigates the occurrence of drought conditions in
Amasya, a region situated in the transition zone between the Black Sea and
continental climates in Turkiye, using three precipitation-based Dls: SPI, CZl,
and MCZI. To this end, precipitation records from Amasya and Merzifon rainfall
stations spanning the period 1964-2023 were investigated in order to make a
comparative analysis of these indices. The objective of this research is to quantify
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drought on an annual basis, thereby facilitating a more profound comprehension
of the drought patterns that characterize it. The present study has therefore been
designed with the following objectives in mind: (1) to examine the spatial
variation of meteorological drought characteristics, (2) to determine the important
dry and wet years, (3) to determine the magnitude, duration and frequency for
dry/wet years, (4) to examine the performance of DIs comparatively, and (5) to
identify an appropriate drought index. The present paper is composed of four
sectionss. Section 1 and 2 provide a detailed exposition of the study area, the
sources of data, and the analysis method utilized in the study. Section 3 is
concerned with the evaluation of the findings obtained as a result of the analyses.
The final section of the paper presents the conclusion of the study.

2. Material and methodologies
2.1. Study area

Amasya's geographical location in the inner part of the Central Black Sea region
of Turkiye results in a transitional climate that exhibits characteristics of both the
Black Sea climate and the continental climate. This transitional climate is
characterized by the influence of the post-Black Sea climate, with summers that
are less arid than in the continental climate and less rainy than in the Black Sea
climate. Conversely, winters are not as mild as in the Black Sea climate and are
not as harsh as in the continental climate. This results in a transitional climate that
is situated between the continental climate and the Black Sea climate.
Precipitation data were recorded at Amasya and Merzifon for the 1964-2023
period by the Turkish State Meteorological Service (TSMS) in the Black Sea
Region of Turkiye. The list of stations is given in Table 1, together with their
geographical and meteorological details. The localization of stations used in the
study are shown in Fig 1. Furthermore, Fig. 2 illustrates the precipitation time
series of the stations.

Fig. 1. The geographical and topographical situation of the study area.
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Table 1. Basic characteristics of the stations: 1D, geographical coordinates, and precipitation
records

ID Name Latitude(oN) Longitude(0E) Pmean(mm/year) Pmin(mm/year) Pmax(mm/year)

17085 Amasya 40.88 35.46 461.53 293.40 681.20

17082 Merzifon 40.67 35.84 432.10 225.10 703.30

Amasya

cipitation (mm/year)

Merzifon

Fig. 2. Precipitation time series for stations utilised in this study.

Precipitation (mm/year)

2.2. Standardized precipitation index (SPI)

The SPI is predicated exclusively on precipitation data developed by McKee et al.
(1993), which is extensively utilized on a global scale. It serves as a valuable
instrument for the identification of drought occurrences across diverse
geographical regions. The calculation of the SPI is initiated by the determination
of the probability distribution function. According to a study conducted by McKee
et al. (1995), gamma family functions are the optimal probability distribution
functions for the fitting of precipitation data, as it is outlined below.
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where I'(a) denotes the gamma function, x is the precipitation amount, o > 0 is the
shape parameter, and 8 > 0 is the scale parameter. The parameters of the gamma
probability density function are determined using the maximum likelihood
method, with this being performed separately for each station and time scale:

r(a) = [ y*te>dy, )

a=ﬁ(1+ /1+%>;ﬂ=a;A=ln(Y)—Zlnflx), 3)

where n denotes the number of precipitation observations. A mathematical
cumulative probability function can accurately describe the distribution of
precipitation at stations, as it is follows:
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In the event that the gamma function is undefined for x = 0, and the
precipitation distribution is zero, the cumulative probability is obtained as:

Hx)=q+ 1 -q)G(x), ()

where  denotes the probability of a zero. Subsequently, the cumulative
probability H(x) is converted to the standard normal distribution, thereby yielding
the SPI. According to Wu et al. (2007), the calculation of the SPI is presented
based on the following equations:

) _ _(, _ _ cotecitteat? L. 1
0 < H(x) <0.5; SPI = (t —1+d1t+dzt2+d3t3), t= |in ((H(x))z), (6)

0.5 < H(x) < 1.0; SPI = +(t—

cotcittcyt?
1+d1t+d2t2+d3t3) )
whrer co, c1, C3, di, dy, and dsz are coefficients whose values are: co = 2.515517,
€,=0.802853, ¢, = 0.010328, d; = 1.432788, d, = 0.189269, and d3; = 0.001308.
The drought classification according to SPI is given in Table 2.
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2.3. China-Z index (CZI) and modified China-Z index (MCZI)

In the early 1990s, the China-Z index (CZI) and modified China-Z index (MCZI)
were introduced to the National Meteorological Centre of China as a drought
calculation index (Ju et al., 1997; Hong et al., 2001; Kassaye et al., 2021). The
CZI and MCZI are associated with the Wilson-Hilferty cube root transformation
(Wilson and Hilferty, 1931; Kendall and Stuart, 1977; Wu et al., 2001). The
calculation of the MCZI is analogous to that of the CZI; however, the median
value (v) of the series is taken into account rather than the mean value (&) of the
series (Morid et al., 2006). In the event that precipitation is assumed to follow the
Pearson type 11 distribution, the following equation computes the CZI/MCZI (Wu
etal., 2001; Morid et al., 2006; Dogan et al., 2012; Jain et al., 2015; Singh et al.,
2022):

1 n () .
g 41) oLyl T T

2 7 Cs nxg3 J o

CZI=CES(

where C; denotes the coefficient of skewness, n signifies the total number of
months within the specified record, ¢ is a standardized variable (also termed the
Z-score), x; represents the precipitation during a specified period, and @ indicates
the mean value. Table 2 shows the drought classification based on MCZI.

Table 2. Classification and value ranges of Dls

Symbol  Category  SPI/CZI/MCZI

EW Extremely wet >2.00
VW Very vet 1.50t0 1.99
MW  Moderately wet 1.00t0 1.49
N Normal -0.99 to 0.99
MD Moderately dry ~ -1.49 to -1.00
SD Severely dry -1.99 to -1.50

ED Extremely dry <-2.00
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3. Results and discussion

The present study focuses on investigating the meteorological drought of Amasya,
which is located in the transition zone between the Black Sea and continental
climates in the Black Sea region of Turkiye, through precipitation-based Dls. The
precipitation records from 1964 to 2023 at Amasya and Merzifon stations within
the region were analyzed employing the SPI, CZI, and MCZI indices. Moreover,
a comparative evaluation of the performance of DIs was conducted. The SPI, CZI,
and MCZI were calculated at annual scales for Amasya and Merzifon, as
illustrated in Fig. 3. The dry and wet years, as determined by the DIs and their
frequency distribution, are presented in Table 3. As indicated in Table 4, the
correlation coefficient (R) for the SPI-CZI, SPI-MCZI, and CZI-MCZI for
Amasya and Merzifon are also presented. Furthermore, scatter diagrams were
prepared for the stations in order to examine the agreement between the indices

(Fig. 4).
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Fig. 3. Temporal variation of all Dls utilized in this study.
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As demonstrated in Fig. 3 and Table 3, the SPI, CZI, and MCZI results of
Amasya and Merzifon reveal significant findings. The CZI results for Amasya
demonstrate that the number of dry and wet years is equal, with 10 years classified
as dry and 10 years classified as wet. Conversely, the SPI and MCZI results indicate
that the number of dry years exceeds the number of wet years, with 11 and 10 years,
respectively, classified as dry. In wet years, the SPI classified 10 years and the MCZI
classified 9 years as wet. In Merzifon, the number of dry years exceeds the number
of wet years, according to all DIs. While the CZI and SPI each define 10 years as
dry, the MCZI defines 7 years as dry. In wet years, all Dls define 6 years as wet.

The all DIs showed dry conditions in 1974-1976, 1984, 1986, 1990, 1994, 1999,
2013, and 2020 for Amasya. The driest year for the SPI was -2.35 for 2020, while
the CZI and MCZI for the same year in Cankiri were -2.52 and -2.63, respectively.
According to the DlIs results in Amasya, the MD conditions happened in 1974-1976,
1984, 1990, 1999, and 2013. On the other hand 1964 was distinguished as SD by
MCZI and SPI. Also just CZI distinguished the year 1981 as MD. The year 2020 was
identified as ED condition by all Dls. 1967, 1983, 1988, 2004, 2009-2010, 2012, and
2022-2023 were determined as wet years by all DIs. The EW condition happened in
2009 and 2010. The MW years include 1983, 2004, 2012, and 2022-2023. Also just
SPI and CZI distinguished the year 1981 as MW. The years 1967 and 1988 showed
VW conditions. In 2009, the peak value of the SPI was 2.44, whereas the
corresponding CZI and MCZI were 2.29 and 2.13, respectively.

The SPI, CZI, and MCZI indicated that years 1964, 1976, 1982, 1986, 1994,
2017, and 2020 have droughts in Merzifon. The driest year for the SP1 was -3.04 for
2020, while the CZI and MCZI for the same year were -4.04 and -3.93, respectively.
All DIs indicate that the MD conditions occurred in 1964, 1976, 1986, and 2017.
Unlike the MCZI and SPI, CZI identified the years 1966 and 1974-1975 as MD at
Merzifon. All Dls indicated that 1982 and 1994 were SD years, while 2020 was ED
year. According to the all DIs, wet conditions occurred in 1988, 2004, 2009-2010,
2014 and 2023. MW conditions happened in 2009 and 2014. The years 2004 and
2023 were identified as VW conditions. Unlike the other indices, SPI identified the
year 2016 as MW at Merzifon. The EW condition occurred in 1988 and 2010. In
2010 the peak value of the SPI was 2.86, whereas the corresponding CZI and MCZI
were 2.60 and 2.62, respectively.

The findings of the arid classes presented in Table 3 for the meteorological
stations in Amasya and Merzifon determined MD frequencies of 15% and 11.67%
for SPI, 11.67% for CZI, and 16.67% and 6.67% for MCZI, respectively. In
Merzifon, the MD frequencies of the SPI and CZI methods are identical, and the
years belonging to this drought class are also congruent. The SD frequencies for
Amasya and Merzifon were found to be 1.67% and 3.33% for SPI and MCZI,
respectively, and 3.33% for CZI. In Amasya, the SD frequencies of the SPI and
MCZI methods are found to be identical, and the years (e.g., 1986) belonging to
this drought class are also congruent. Similarly, in Merzifon, the SD frequencies
of all Dls are found to be identical, and the years (1982 and 1994) belonging to
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this drought class are also congruent. In the Amasya and Merzifon, it has been
determined that the ED frequencies of the SPI, CZI, and MCZI methods are
identical to 1.37%. Furthermore, the year 2020, which has been designated as
belonging to this drought class, corresponds with all Dls.

Table 3. Characteristics of years as detected by Dls

SPI cZI MCZI
Years Frequency Years Frequency Years Frequency
2009 2009 2009
EW g9  333% 2010 ~ 533% 2010  3:33%
1967 1967 1967
VW  jggg  3:33% 1088  333% 1088  333%
B 1981 1981
[U1]
S 1083 1083 ;ggi
MW 3823 10% gggg 10% 2012 8.33%
2022 2022 gg;g
2023 2023
1964 1964
Amasya 1974 1974 ig;g
1975 1975 Tore
1976 1976 Lo
MD 1984 15% 1984 11.67% 16.67%
1089 :
N 1990 1990 Toon
& 1994 1999 1994
1999 2013
So01a 1099
2013
o 1986 167% iggi 3.33% 1986  1.67%
ED 2020 167% 2020 1.67% 2020 1.67%
1988 . 1988 : 1088 :
EW s 333% 2000 333% 2000 333%
- 2004 2004 2004
L 0, 0, 0,
S ouw  ggp3  333% chos 3.33% ooos 3.33%
2009 2009 2009
MW oora  333% ooy 333 oo 333%
1964 1964
1966 1966
Merzifon 1974 1974 igsg
vp 1975 1167% 1975  11.67% Tory 667%
N 1976 1976 2o
& 1986 1986
2017 2017
1082 1082 1082
SO e  33%% Toos  333% Toes  333%
ED 2020 167% 2020 1.67% 2020 1.67%

127



As it is demonstrated in Table 3, the results of the wetland classes indicate
that Amasya and Merzifon exhibited the following MW frequency for the SPI:
10% and 11.67%, for the CZI: 10.00% and 3.33%, and for the MCZI: 8.33% and
3.33%, respectively. In Amasya, the MW frequencies of the SPI and CZI methods
are found to be identical, and the years belonging to this drought class are also
congruent. Similarly, in Merzifon, the MW frequencies of all DlIs are found to be
identical, and the years (2009 and 2014) belonging to this drought class are also
congruent. The VW frequencies for Amasya and Merzifon were found to be
1.67% for all DIs. Moreover, the years 1988 and 2020; 2004 and 2023, which
have been designated as belonging to this drought class, correspond with SPI,
CZI, and MCZI for Amasya and Merzifon, respectively. While the proportional
results of the EW are consistent with those of the VW, with 3.33%, it is important
to note that the years 2009 and 2010, classified as EW drought class, coincide
with the all DlIs for Amasya and the years 1988 and 2010 coincide with the all Dls
for Merzifon

Table 4. The correlations between all DIs

Years SPI-CZI SPI-MCZI CZI-MCZI

Amasya  0.9991 0.9990 1.0000
Merzifon  0.9911 0.9917 1.0000
Average  0.9951 0.9954 1.0000

Asitisillustrated in Table 4, the correlation values between all DIs on annual
timescales are demonstrated. Amasya and Merzifon exhibit a higher correlation
between SPI and CZI with 0.9991 and 0.9911, respectively. They exhibit a
stronger correlation between SPI and MCZI with 0.9990 and 0.9917, respectively.
The calculation of the CZI and MCZI correlation values (1.0000) indicates a state
of complete agreement between the results obtained. Furthermore, as evidenced
by the scatter diagrams in Fig. 3, the drought indices exhibited a high degree of
concordance.

The mean of R values for all combinations were found to be 0.9951 for SPI-
CZl, 0.9954 for SPI-MCZI, and 10000 for CZI-MCZI. Following the analysis, it
was determined that CZI-MCZI exhibited the maximum R value of 1.0000, while
SPI-CZI demonstrated the minimum. A comparison of the correlation values
calculated between SPI, which is recommended as the reference index, and CZI
and MCZlI, was undertaken. The results of this comparison indicated that SPI-CZI
has higher correlation values than SPI-MCZI in Amasya. Conversely, in
Merzifon, the correlation value of SPI-MCZI was observed to be higher than SPI-
CZI. In the context of drought research, the CZI and MCZI methods have been
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identified as viable alternatives to the SPI reference index at the Amasya and
Merzifon stations, respectively. A thorough examination of the average
correlation values reveals that the MCZI method emerges as a better option in
comparison to the CZI method across the entire study area.

Amasya Mgrzifon
y=1.0115x-0.0023
R*=0.9982 2 y=0.9491x+0.0062 3 .
R*=0.9823 % .

a1
Amasya Mgrziton
y=0.9994x + 0.0622
R'=0.998 2 y=0.9589¢-0.0237 3 .

R*=0.9835

. Mczi

Amasya Merzifon
y =0.9881x + 0.0638 ¥=1.0087x-0.0315
R'=1 2 R'=1 2

,McZI

()

Fig. 4. The scatter diagrams between all Dls in the Amasya and Merzifon.

Drought researches will continue to represent a central focus within the
broader field of climate research, both in the present moment and in the future. A
substantial body of researches has been conducted employing diverse DIs across
various geographical scales, ranging from regional to national, in Turkiye. The
results of SPI, CZI, and MCZI demonstrate that Amasya and Merzifon, which are
characterized by a transitional climate in the Black Sea region of Turkiye,
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experienced drought in 1964, 1974- 1976, 1982, 1984, 1986, 1990, 1999, 2013,
2017, and 2020. Sirdas and Sen (20033, b) reported that water resources in certain
arid regions of Turkiye would decrease by 10-30% by the middle of the 21st
century. Furthermore, they anticipated an increase in the severity, duration and
effects of drought in the southern parts of the country, and an increase in the
frequency of floods in the northern parts. Ceylan et al. (2009) have reported that
significant water deficits were recorded in 1927-1928, 1956-1957, 1959, 1970,
1972-1973, 1977, 1982, 1984, 1989-1990, 1994, 2000-2001, and 2006—2007 in
Turkiye. Tiirkes et al. (20093, b) and Tiirkes (2014) reported that the most severe
and widespread drought events in TUrkiye were in 1971-1974, 1983-1984, 1989-
1990, 2007-2008, and 2013-2014. Komuscu (1999, 2001) asserted that the Black
Sea region of Tirkiye experienced significant drought conditions between 1990
and 2000. Sonmez et al. (2005) reported that significant drought conditions were
observed during the late 1980s, with this trend continuing into the late 1990s in
the Central Anatolia region of Tirkiye. Bacanli et al. (2011) provide compelling
evidence that the region is still in danger of severe drought in the Central Anatolia
Region of Tlrkiye. Yetmen (2014) reported that the central Black Sea in northern
Turkiye experienced notable drought conditions during the years 1976-1977,
1982-1983, 1985-1986, 1994, 2001, 2003, and 2007-2008, as indicated by the
SPI. Gumus and Algin (2017) conducted a study of the Seyhan-Ceyhan River
basins, located in the south of Tirkiye, utilising the SPI to identify the most
protracted meteorological droughts. These were observed to be 1971-1973,
1988-1990 and 2003-2005. Bacanli and Aksan (2019) observed that the
Mediterranean region of Turkiye experienced a period of drought in the early
1970s and early 1990s. Altin et al. (2020) determined that a considerable part of
the drought conditions experienced in the Seyhan and Ceyhan River Basins were
mild to moderate. Furthermore, Kumanlioglu and Fistikoglu (2019) identified a
protracted drought period between 1984 and 1996 using the SPI for the upper
Gediz basin. Furthermore, 1961, 1987, 2006, 2008, 2011, and 2014 were
designated as severe drought years. In addition, Dikici (2020) analyzed the Asi
basin, located in the southern part of Tirkiye. This basin was the focus of studies
conducted using DI, SPI, SPEI, and SRI. These studies revealed the effects of
drought in the years 1973-1974, 1989-1991, 1993-1994, 2000-2001, 2004—
2005, 2014, and 2016. Concurrently, Katipoglu and Acar (2021) and Katipoglu et
al. (2021) reported that the most severe meteorological droughts were observed
in the years 1989 and 2012-2017 in the Euphrates basin, which encompasses a
substantial expanse in the east and southeast of Turkiye. Simsek et al. (2024)
reported that the coastal strip of the Black Sea region has been impacted by
prolonged droughts, particularly following the year 2010. The findings obtained
from this study are consistent with those reported in the extant literature.
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4. Conclusion

The present study investigates the performance of three precipitation-based
drought indices (SPI, CZI, and MCZI) in order to determine the suitable indices
for the study area. This investigation is based on precipitation records from the
Amasya and Merzifon meteorological stations between 1964 and 2023, which
represent a transitional climate zone within the Black Sea region of Turkiye. The
following years have been identified as being significant in terms of drought:
1964, 1974-1976, 1982, 1984, 1986, 1990, 1999, 2013, 2017, and 2020.
Correlation values were obtained between SPI-CZI, SPI-MCZI, and CZI-MCZI,
with graphs that were found to be compatible with each other. The relation of the
Dls with SPI, which was selected as the reference index, was investigated and
evaluated. In this particular instance, the most compatible index with SPI is
MCZI, which serves as a commendable alternative to SPI in drought assessment
in the Amasya and Merzifon regions. The study's findings underscore the
importance of utilizing CZI and MCZI in place of SPI for the purpose of
enhancing drought forecasting and evaluating prevailing climatic conditions in
transitional climate zones. The two DIs (CZI and MCZI), which were successfully
implemented to identify droughts in the transitional climate zone, are
recommended for use in detailed drought analyses to be conducted in the basin as
an alternative to SPI. In future studies, it is recommended that the region has to
be evaluated with Dls that take into account different parameters such as
temperature, evaporation, and satellite data, together with precipitation-based Dls
for drought monitoring and assessment purposes. Furthermore, the temporal
trends of climate parameters, including precipitation, temperature, evaporation,
and potential drought conditions, can be analyzed using climate projection data.
This studies can provide policy makers and decision makers with the necessary
information to implement suitable plans and strategies for the region, both in the
present and in the future.

Acknowledgements: The author wishes to express their gratitude to the Turkish State Meteorological
Service for the provision of meteorological data. The author wishes to express gratitude to the General
Directorate of Mapping for assistance in the preparation of the cartographic materials. The author would
also like to express their gratitude to the reviewers, whose constructive criticisms have resulted in
significant improvement to the manuscript.

Data availability: Rainfall data provided by the Turkish State Meteorological Service (TSMS) can be
purchased from “https://mevbis.mgm.gov.tr/ mevbis/ui/index.html#/Workspace”, (Purchase numbers:
20240527308A and 202405276447).

Declaration of Competing Interest: The author declares that | have no known competing financial
interests or personal relationships that could have appeared to influence the work reported in this paper.

Authorship Contribution Statement: The author contributed solely to all aspects of this study, including
conceptualization, methodology, data analysis, writing, and revision of the manuscript.

131



References

Adib, A., Soleimani, M., Ashrafi S.M., Lotfirad, M., Sofla, M.S.D.S., and Liaghat, A., 2024: Monitoring
annual meteorological drought in arid and semi-arid watersheds by SP112 drought index and
spatial autocorrelation pattern analysis: a case study of the Khuzestan province, Southwest Iran.
Sustain. Water. Resour. Manag. 10, 160. https://doi.org/10.1007/s40899-024-01142-y

Adisa, O.M., Masinde, M., Botai, J.O., and Botai, C.M., 2020: Bibliometric analysis of methods and
tools for drought monitoring and prediction in Africa. Sustainability 12(16), 6516.
https://doi.org/10.3390/su12166516

Alan, T.B., Sar, F., and Alan, B.N., 2020: Determination of drought intensity in Seyhan and Ceyhan
River Basins, Turkey, by hydrological drought analysis. Theor. Appl. Climatol. 139, 95-107.
https://doi.org/10.1007/s00704-019-02957-y

Atalay, 1., 1997: Tiirkiye Cografyast, izmir, Ege Universitesi Basimevi (in Turkish).

Bacanli, U.G., Dikbas F., and Baran T., 2011: Meteorological drought analysis case study: Central
Anatolia. Desalination and Water Treatment 26(1-3), 14-23.
https://doi.org/10.5004/dwt.2011.2105

Bacanli, U.G. and Aksan, G.N., 2019: Drought analysis in Mediterranean Region. Pamukkale University
Journal of Engineering Sciences 25(6), 665-671.
https://doi.org/10.5505/pajes.2019.64507

Boustani, A. and Ulke, A.K., 2020: Investigation of meteorological drought indices for environmental
assessment of Yesilirmak region. Journal of Environmental Treatment Techniques 8(1), 374-381.

Ceylan, A., Turgu, E., Inal, I., Mollamahmutoglu, A., and Aydogan, A., 2009: Assessment of Drought
Events Observed In Recent Years In Turkey. Su Kaynaklar: 2(1), 1-11 (in Turkish).

Dalkilic, H.Y., Baycinar, M., and Samui, P., 2021: Evaluation of combined use of drought indices in the
case of Konya Closed Basin. Int. J. Global Warming 23(2), 169-190.
https://doi.org/10.1504/1JGW.2021.112895

Dikici, M., 2020: Drought analysis with different indices for the Asi Basin (Turkey). Sci. Rep. 10, 1-12.
https://doi.org/10.1038/s41598-020-77827-z

Dogan, S., Berktay, A., and Singh, V.P., 2012: Comparison of multi-monthly rainfall-based drought
severity indices, with application to semi-arid Konya closed basin, Turkey. J. Hydrol. 470-471,
255-268. https://doi.org/10.1016/j.jhydrol.2012.09.003

Erinc, S., 1949: The climates of Turkey according to Thornthwaite's classifications. Ann. Assoc. Amer.
Geograph. 39(1), 26-46.

Gumus, V., 2023: Evaluating the effect of the SP1 and SPEI methods on drought monitoring over Turkey.
J. Hydrol. 626, 130386. https://doi.org/10.1016/j.jhydrol.2023.130386

Gumus, V. and Algin, H.M., 2017: Meteorological and hydrological drought analysis of the Seyhan-
Ceyhan River basins, Turkey. Meteorol. Appl. 24(1), 62—73. https://doi.org/10.1002/met.1605

Hayes, M., Svoboda, M., Wall, N., and Widhalm, M., 2011: The Lincoln Declaration on Drought Indices:
Universal Meteorological Drought Index Recommended. Bull. Amer. Meteorol. Soc. 92(4), 485—
488. https://doi.org/10.1175/2010BAMS3103.1

Hong, W., Michael, J.H., Albert, W., and Qi, H., 2001: An evaluation of the standardized precipitation
index, the china-z index and the statistical z-score. Int. J. Climatol. 21, 745-758.
https://doi.org/10.1002/joc.658

Jain, V.K., Pandey, R.P., Jain, M.K., and Byun, H.R., 2015: Comparison of drought indices for appraisal
of drought characteristics in the Ken River Basin. Weather Climate Extr. 8, 1-11.
https://doi.org/10.1016/j.wace.2015.05.002

Jenkins, K., and Warren, R., 2015: Quantifying the impact of climate change on drought regimes using
the  Standardised  Precipitation Index. Theor. Appl. Climatol. 120, 41-54.
https://doi.org/10.1007/s00704-014-1143-x

Ju, X., Yang, X., Chen, L., and Wang, Y., 1997: Research on determination of indices and division of
regional flood/drought grades in China. J. Appl. Meteor. Sci. 8(1), 26-33 (in Chinese).

Kassaye, A.Y., Shao, G., Wang, X., and Wu, S., 2021: Quantification of drought severity change in
Ethiopia during 1952-2017. Environ. Dev. Sustain. 23, 5096-5121.
https://doi.org/10.1007/s10668-020-00805-y

132



Katipoglu, O.M., and Acar, R., 2021: Determination of Meteorological and Hydrological Drought Maps
with Various Interpolation Methods in the Euphrates Basin. J. Nat. Hazards Environ. 7(2), 298-
317 (in Turkish). https://doi.org/10.21324/dacd.853893

Katipoglu, O.M., Acar, R., and Sengul, S., 2020: Comparison of meteorological indices for drought
monitoring and evaluating: a case study from Euphrates basin, Turkey. J. Water Climate Change
11(S1), 29-43. https://doi.org/10.2166/wcc.2020.171

Katipoglu, O.M., Acar, R., and Senocak, S., 2021: Spatio-temporal analysis of meteorological and
hydrological droughts in the Euphrates Basin, Turkey. Water Supply 21(4), 1657-1673.
https://doi.org/10.2166/ws.2021.019

Kendall, M.G., and Stuart, A., 1977: The Advanced Theory of Statistics: Distribution theory. Macmillan.

Komuscu, A.U., 1999: Using the SPI to analyze spatial and temporal patterns of drought in Turkey.
Drought Network News (1994-2001) 11, 7-13

Komuscu, A.U., 2001: An analysis of recent drought conditions in Turkey in relation to circulation
patterns. Drought Network News (1994-2001) 13(2-3), 5-6.

Kumanlioglu, A., and Fistikoglu, O., 2019: Meteorological drought analysis of Upper Gediz basin
precipitations. DEUFMD 21(62), 509-523 (in Turkish).
https://doi.org/10.21205/deufmd.2019216216

Li, F., Li, H., Lu, W., Zhang, G., and Kim, J-C., 2019: Meteorological drought monitoring in
Northeastern China using multiple indices. Water 11(1), 1-17.
https://doi.org/10.3390/w11010072

McKee, T.B., Doesken, N.J., and Kleist, J., 1993: The relationship of drought frequency and duration to
time scales. 8th Conference on Applied Climatology, Anaheim, CA, USA, January, 179-184

McKee, T.B., Doesken, N.J., and Kleist, J., 1995: Drought monitoring with multiple time scales. 9th
Conference on Applied Climatology, Dallas, Texas, USA, January, 233-236

Mishra, A.K. and Desai, V.R., 2005: Drought forecasting using stochastic models. Stochastic Environ.
Res. Risk Assess. 19, 326-339. https://doi.org/10.1007/s00477-005-0238-4

Mishra, A.K. and Singh, V.P., 2011: Drought modeling - A review. J. Hydrology 403, 157-175.
https://doi.org/10.1016/j.jhydrol.2011.03.049

Morid, S., Smakhtin, V., and Moghaddasi, M., 2006: Comparison of seven meteorological indices for
drought monitoring in Iran. Int. J. Climatol. 26, 971-985. https://doi.org/10.1002/joc.1264

Payab, H. and Turker, U., 2019: Comparison of standardized meteorological indices for drought
monitoring at northern part of Cyprus. Environ. Earth. Sci. 78(10), 309-327.
https://doi.org/10.1007/s12665-019-8309-x

Sa’adi, Z., Yusop, Z., and Alias, N.E., 2022: Inter-comparison on the Suitability of Rain-Based
Meteorological Drought in Johor River Basin, Malaysia. KSCE J. Civ. Eng. 26, 2519-2537.
https://doi.org/10.1007/s12205-022-1481-7

Salvacion, A.R., 2021: Mapping meteorological drought hazard in the Philippines using SPI and SPEI.
Spat. Inf. Res. 29, 949-960. https://doi.org/10.1007/s41324-021-00402-9

Sener, E. and Davraz, A., 2024: Comparison of drought indices in the analysis of temporal and spatial
changes of climatic drought events: a case study in the Egirdir Lake basin (Isparta/Turkey). Nat.
Hazards 120, 12817-12849. https://doi.org/10.1007/s11069-024-06711-0

Sensoy, S., Demircan, M., Ulupinar Y., and Balta, 1., 2007: Tiirkiye Iklimi. Turkish State Meteorological
Service (in Turkish).

Shahabfar, A. and Eitzinger, J., 2013: Spatio-Temporal Analysis of Droughts in Semi-Arid Regions by
Using Meteorological Drought Indices. Atmosphere 4(2), 94-112.
https://doi.org/10.3390/atmos4020094

Simsek, O., Yildiz-Bozkurt, S., and Gumus, V., 2024: Analysis of meteorological drought with different
methods in the Black Sea region, Turkey. Acta Geophys. 72, 1927-1943.
https://doi.org/10.1007/s11600-023-01099-0

Singh, U., Agarwal, P., and Sharma, P.K., 2022: Meteorological drought analysis with different indices
for the Betwa River basin, India. Theor. Appl. Climatol. 148, 1741-1754.
https://doi.org/10.1007/s00704-022-04027-2

Sirdas, S., and Sen, Z., 2003a: Meteorological drought modelling and application to Turkey.
ITUDERGISI/d 2(2), 95-103 (in Turkish).

133



Sirdas, S., and Sen, Z., 2003b: Spatio-temporal drought analysis in the Trakya region, Turkey. Hydrol.
Sci. J. 48(5), 809-820. https://doi.org/10.1623/hysj.48.5.809.51458

Sonmez, F.K., Komuscu, A.U., Erkan, A., and Turgu E., 2005: An Analysis of Spatial and Temporal
Dimension of Drought Vulnerability in Turkey Using the Standardized Precipitation Index. Nat.
Hazards 35, 243-264. https://doi.org/10.1007/s11069-004-5704-7

Sridhara, S., Chaithra, G.M., and Gopakkali, P., 2021: Assessment and monitoring of drought in
Chitradurga district of Karnataka using different drought indices. J. Agrometeorol. 23, 221-227.
https://doi.org/10.54386/jam.v23i2.72

Tadié, L., Dadié, T., and Bosak, M., 2015: Comparison of different drought assessment methods in
continental Croatia. GRADEVINAR 67(1), 11-22. https://doi.org/10.14256/JCE.1088.2014

Tanoglu, A., 1943. Indices D'aridite De La Turquie. Turkish Geographical Review 1, 36-41.

Turkes, M., 2014: Analysis of reasons of 2023-2024 drought and climatological/meteorological in
Turkey. Konya Toprak Su Dergisi 2, 20-34.

Turkes, M., Akgundiiz, A.S., and Demirors, Z., 2009a: Drought periods and severity over the Konya Sub-
region of the Central Anatolia Region according to the Palmer drought index. Turk. J. Geograph.
Sci. 7, 129-144 (in Turkish). https://doi.org/10.1501/Cogbil_0000000102

Turkes, M., Koc, T., and Saris, F., 2009b: Spatiotemporal variability of precipitation total series over
Turkey. Int. J. Climatol. 29, 1056-1074. https://doi.org/10.1002/joc.1768

UNEP, (2021: United Nations Environment Programme: Global environment outlook 6: Healthy planet,
healthy people. UNEP.

Wilson, E.B. and Hilferty, M.M., 1931: The distribution of chi-square. Proc. Natl. Acad. Sci. USA 17(12),
684. https://doi.org/10.1073/pnas.17.12.684

WMO, 2012: World Meteorological Organization: Standardized Precipitation Index User Guide. (M.
Svoboda, M. Hayes and D. Wood). WMO-No. 1090. Geneva. ISBN 978-92-63-11091-6. 16p.

Wu, H., Hayes, M.J., Weiss, A., and Hu, Q., 2001: An evaluation of the Standardized Precipitation Index,
the China Z Index and the statistical Z Score. Int. J. Climatol. 21(6), 745-758.
https://doi.org/10.1002/joc.658

Wu, H., Svoboda, M.D., Hayes, M.J., Wilhite, D.A., and Wen, F., 2007: Appropriate application of the
standardized precipitation index in arid locations and dry seasons. Int. J. Climatol 27(1), 65-79.
https://doi.org/10.1002/joc.1371

Yacoub, E. and Tayfur, G., 2017: Evaluation and assessment of meteorological drought by different
methods in Trarza Region, Mauritania. Water Res. Manage. 31, 825-845.
https://doi.org/10.1007/s11269-016-1510-8

Yetmen, H., 2014: Characteristics of drought events in the Middle Black Sea region. TUCAUM VIII.
Cografya Sempozyumu, Ankara, Turkey, 87-96 (in Turkish).

Zeybekoglu, U., Hezarani, A.B., and Ulke Keskin, A., 2023: Comparison of four precipitation based
meteorological drought indices in the Yesilirmak Basin Turkey. lddjarés 127(1), 123-142.
https://doi.org/10.28974/idojaras.2023.1.7

134



DOI:10.28974/idojaras.2026.2.3

IDOJARAS
Quarterly Journal of the HungaroMet Hungarian Meteorological Service
Vol. 130, No. 2, January — March, 2026, pp. 135-150

Study on the performance of WRF 4DV AR with
GSMaP_NOW rainfall assimilation in forecasting heavy
rainfall over the Maritime Continent

Achmad Fahruddin Rais®", Giarno?, Sayful Amri?, Muflihah®, Nurtiti
Sunusi*, Didiharyono®, Agustina Rachmawardani®, Hariyanto®, Bono
Pranoto!, Muhammad Syamsudin®, and Bagus Satrio Utomo®

Research Centre of Limnology and Water Resource,
Research and Innovation Agency, Indonesia

2Climatology Study Program, School of Meteorology,
Climatology and Geophysics, Indonesia

%Balai Besar Wilayah 1V, Agency for Meteorology,
Climatology and Geophysics, Indonesia

“Departemen of Statistic, Hasanuddin University, Indonesia
SResearch Center for Computing, Research and Innovation Agency, Indonesia

®Instrumentation Study Program, School of Meteorology,
Climatology and Geophysics, Indonesia

*Corresponding author E-mail: achm050@brin.go.id

(Manuscript received in final form on December 25, 2025)

Abstract— This study evaluated the performance of the Weather Research and Forecasting
(WRF) model with Four-Dimensional Variational (4DVar) data assimilation using the
Global Satellite Mapping of Precipitation (GSMaP_NOW). Several verification metrics,
including the root mean square error (RMSE), bias Score, equitable threat score (ETS), -
fractional bias score (FBS), and fractional skill score (FSS) were employed in the
assessment. The results demonstrated that 4DVar improved the accuracy of vertical
velocity and specific humidity predictions at mid and upper levels, as well as the enhanced
heavy rainfall forecasting. Spatially, 4DVar was able to increase specific humidity and
vertical velocity in lowland areas, leading to higher rainfall in those regions. Future studies
should investigate the assimilation of additional conventional and satellite observations to
further enhance forecast accuracy.
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1. Introduction

The Maritime Continent (MC) is recognized as the region with the highest
precipitation in the tropics, mainly due to its status as the area with the longest
coastline in the world (Yamanaka, 2016). Extensive forests and mountainous
terrains also significantly contribute to rainfall generation across the MC (Ruppert
and Chen, 2020). This region's diurnal cycle over land is particularly pronounced
(Argueso et al., 2020). Differential solar heating across land and sea surfaces
induces local pressure gradients that drive sea—land breeze circulations. These
circulations, combined with orographic lifting and nocturnal downdrafts,
constitute the area's primary mechanisms for rainfall formation (Qian, 2008).
Positioned between the Pacific and Indian Oceans, the weather dynamics of the
MC substantially influence the global climate system (Chen et al., 2023).

Heavy precipitation in this region has multidimensional impacts,
encompassing environmental, social, economic, and public health domains.
Ecologically, extreme rainfall can disrupt ecosystem balance by triggering soil
erosion, habitat degradation, and altered hydrological patterns that often result in
flash floods (Trenberth, 2005; Li etal., 2019). In agriculture, intense rainfall damages
crops and reduces Yields, particularly for sensitive commodities such as maize,
sugarcane, and turmeric, and increases the economic vulnerability of smallholder
farmers (Guo and Chen, 2022; Muthiah et al., 2025). The socio-economic
repercussions also extend to infrastructure and construction, where poor drainage
systems and rainfall-induced landslides can lead to structural damage and disrupt
essential public services (Jiang and Tan, 2021). Rapid urbanization amplifies flood
risks in urban areas by increasing surface runoff volume and shortening rainfall
concentration time, thereby intensifying the likelihood of localized flooding (Huang
etal., 2011; Sahoo et al., 2020). From a public health perspective, high precipitation
is linked to rising waterborne diseases, such as diarrhea, particularly in communities
lacking adequate sanitation infrastructure (Carlton et al., 2014). Irregular and intense
rainfall events further affect food security and clean water supply, exacerbating
social inequalities in disaster-prone regions.

Rainfall forecasting in tropical regions presents greater challenges than in
the subtropics, due to its lower accuracy (Haiden et al., 2012). This discrepancy
stems from the complexity of tropical atmospheric systems and their connections
to both local convection and large-scale equatorial waves, such as Convectively
Coupled Equatorial Waves (CCEWS) and the Madden-Julian Oscillation (MJO),
which remain difficult to represent accurately in numerical weather prediction
(NWP) models (Zhu et al., 2014; Gehne et al., 2022). Nevertheless, the tropics
exhibit longer predictability horizons, attributed to the dominant role of equatorial
waves, which help prolong forecast skill and are more resilient to error growth
than baroclinic disturbances in mid-latitudes (Judt, 2020). Additionally, NWP
forecasts in the tropics rely heavily on convective parameterization, which
introduces further uncertainty (Selz and Craig, 2015).
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The Four-Dimensional Variational Data Assimilation (4DVar) method has
enhanced precipitation forecast accuracy for up to 10 days ahead (Lopez, 2013).
4DVar enables the assimilation of multitemporal observations, consistent with the
model dynamics, leading to more realistic atmospheric state estimations (Tiwari
and Kumar, 2022). The longer the observational period assimilated, the greater
the increase in the forecast accuracy (Trémolet, 2006).

Numerous studies have explored the integration of 4DVar with remote
sensing. Some researchers have assimilated radar data into models (Ban et al.,
2017; Tai et al., 2020; Thiruvengadam et al., 2020; Syafitri and Sari, 2021), while
others have focused on satellite data (Lin et al., 2017; Pan et al., 2017; Yi et al.,
2018; Wu et al., 2020; Zhang et al., 2020; Gopalakrishnan and Chandrasekar,
2022; Vourlioti et al., 2022; Wang et al., 2023; Ren et al., 2024; Patel et al., 2025).
Radar-based rainfall estimation is more reliable than satellite data (Jiang et al.,
2019) and provides higher resolution (Tesfagiorgis et al., 2011). However,
weather radar systems are limited in terms of coverage area. For regions not
covered by radar, the assimilation of satellite data provides an alternative to
improve forecast accuracy. One such product is GSMaP, which offers a latency
of approximately one hour, faster than the IMERG product of NOAA (P. Neeck
and Oki, 2018). While the assimilation of GSMaP data into NWP models for
precipitation forecasting has been limited, Kumar et al. (2014) are among the few
to investigate the impact of assimilating GSMaP rainfall data using WRF 4DVar.

This study aims to assess the impact of assimilating GSMaP data with WRF
4DVar on forecasting heavy rainfall in the MC. This research will focus on central
Sulawesi, located in the heart of the MC. The study will consider six heavy rainfall
events resulting in flooding and landslides, causing loss of life and material
damage (BNPB, 2024). These six events occurred on July 12, 2020; October 3,
2021; October 29, 2021; October 18, 2022; May 16, 2023; and May 2, 2024.

2. Materials and methods

As the primary reference for this study, we use 139 rainfall gauges operated by
the Indonesian Agency for Meteorology, Climatology and Geophysics (BMKG),
symbolized as a black circle in Fig. 1. Weather station measurements serve as the
primary source of rainfall observations over land (Barlow et al., 2019). The FNL
(Final Analysis) data are provided by the NOAA (UCAR, 2015a). It is used as the
spin-up time data for the WRF-ARW model for 12 hours. Additionally, we utilize
the GFS (Global Forecast System) from NOAA (UCAR, 2015b) as the boundary
condition forecast. For the assimilated data, we employ Global Satellite Mapping
of Precipitation NOW (GSMaP_NOW), which is accumulated every 6 hours.

In Fig. 1, the study area is central Sulawesi, marked with a red line. Domain
1 of WRF covers most of Sulawesi, with spatial and temporal output resolutions
of 10 km and 3 hours, respectively, illustrated as a purple box. Domain 2
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encompasses the study area with spatial and temporal output resolutions of 2 km
and 1 hour, respectively, marked with a black box. The vertical levels for both
domains are set to 34, which aligns with the vertical levels of the GFS.

115.0°E

Fig. 1. WRF-ARW domain 1 (purple box), domain 2 (black box), study area (red line), and rain
gauges (black circles)

For this study, we employ tropical-specific physical parameterizations
(Table 1), which include the WRF Single Moment 6-Class (WSM®6) microphysics
scheme, the more recent Tiedtke scheme for cumulus convection, the Rapid
Radiative Transfer Model for Global Circulation Models (RRTMG) for both
shortwave and longwave radiations, and the Yonsei University (YSU) scheme for
the planetary boundary layer. Notably, the WSM6 scheme includes graupel
production in the microphysical process (Hong and Lim, 2006), distinguishing it
from the WSM5 scheme (Lim and Hong, 2005). The more recent Tiedtke scheme
calculates cloud and ice mixing ratios, momentum tendencies, and shallow
convection (Skamarock et al., 2019). This scheme has been shown to capture the
fundamental characteristics of the marine boundary layer structure and low clouds
(zhang et al., 2011) and provide improved diurnal precipitation simulations (Sun
and Bi, 2019). Additionally, the RRTMG scheme offers more accurate radiation
forcing results, especially for high-resolution computations (lacono et al., 2008).

Table 1. WRF-ARW configuration for domain 1 and domain 2
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Configuration Domain 1 Domain 2

Temporal resolution 3h 1h
Spatial resolution 10 km 2km
Vertical level 34 34
Parameterization Tropical Tropical, Cu=0

The WRF model is run for non-assimilation (NONDA) and 4DVar
assimilation (DA) scenarios. NONDA uses FNL data at 12 UTC and 18 UTC for
a 12-hour spin-up time, followed by forecasts up to t+24 hours. In contrast, DA
assimilates 3-hour accumulated GSMaP data at 18 UTC and 00 UTC, with
assimilation performed within Domain 1 (Fig. 2).

GSMaP

FNL FNL GFS GFS GFS GFS GFS

12 18 00 06 12 18 00
Fig. 2. Timeline of WRF.

Several WRF output variables will be analyzed, including precipitation,
specific humidity, temperature, and wind. Precipitation is the sum of non-
convective rainfall (RAINNC) and shallow cumulus rainfall (RAINSH). Specific
humidity (Q) is calculated from the water vapor mixing ratio (r) using the formula
(Stull, 2020):

Q=— (1)

The DA and NONDA model forecasts will be evaluated against ERAS5
reanalysis data for specific humidity, temperature, and vertical velocity using the root
mean square error (RMSE) metric. ERAS is used as the reference because in-situ
sounding observations are unavailable in the study area, and several researchers —
such as Kumar et al. (2014), Xie et al. (2018), and Zheng et al.(2023) — have
employed ERAS5 in similar contexts. RMSE measures the average error between the
predicted values from the model and the actual observed values (James et al., 2013).
For assessing the accuracy and bias of the rainfall forecasts, DA and NONDA rainfall
predictions will be tested against the rain gauge data using the bias score (Hayashi et
al., 2008; Gao et al., 2021; Syafitri and Sari, 2021) and equitable threat score (ETS)
(Hayashi et al., 2008; Mohanty et al., 2012; Kumar et al., 2014; Wu et al., 2020;
Rakesh and Kutty, 2021; Wang et al., 2023). Rainfall evaluation will also use nine
surrounding grids with the fractional bias score (FBS) and fractional skill score (FSS)
methods (Ban et al., 2017; Wu et al., 2020; Wang et al., 2023). FBS and FSS are
used to gquantitatively assess the spatial skill of rainfall forecasts, particularly when
differences between experiments are not visually distinct (Roberts and Lean, 2008).
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3. Results and discussion

3.1. Observation analysis

On October 18, 2022 (Fig. 3d) and May 2, 2024 (Fig. 3f), the maximum rainfall
occurred in the mountainous regions, as indicated by the black 500 m elevation
contours. The maximum rainfall was observed in the lowlands on other dates
(Figs. 3a-c and 3e). The maximum rainfall is localized, with no significant rainfall
observed in the surrounding areas, except on July 12, 2020 (Fig. 3a). This
highlights the necessity of high-resolution models to accurately predict the spatial
distribution of rainfall. Furthermore, extreme rainfall in these lowland areas could
not be adequately simulated using only the WRF NONDA model in the study by
Yulihastin et al. (2021).
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Fig. 3. 24-hour rainfall accumulation of gauges for six heavy rainfall events. The red circles are
maximum rainfall locations. The black lines represent the 500 m elevation contours, and the
light brown shaded area denotes the island of Sulawesi.



3.2. Specific humidity, temperature, and vertical velocity

Fig. 4 displays the RMSE of DA and NONDA against ERA5. The RMSE of
specific humidity for DA is larger than that of NONDA in the low level at 00 UTC
and 06 UTC. In comparison, the RMSE of specific humidity for DA is smaller in
the middle and upper layers between 06 UTC and 18 UTC (Fig. 4a). In the middle
layer at 00 UTC (Fig. 4b), the RMSE of temperature for DA is also higher than
for NONDA. In contrast, Fig. 4c shows that the RMSE of vertical velocity for DA
is smaller than NONDA in the low level at 06 UTC and in the middle and upper
layers at 12 UTC. The decrease in RMSE of specific humidity in the low level
and the increase in RMSE of temperature in the middle layer for DA compared to
NONDA are also simulated in the study by (Xie et al., 2018), which used 3DVar
assimilation of AMSU-A and MHS radiation. Additionally, DA rainfall
assimilation reduces the RMSE of specific humidity when compared to
conventional observation assimilation at the 1000 hPa layer (Wang et al., 2023).
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Fig. 4. RMSE DA and NONDA against ERAS5 for (a) specific humidity, (b) temperature, and
(c) vertical velocity.

In the time section of Fig. 5a, the specific humidity (Q) for DA reaches its
maximum between 06 UTC and 08 UTC, with values approaching 16 g/kg, which
is lower than NONDA. The Q for DA in the low to mid-levels (1-5 km) becomes
larger after 12 UTC, which is consistent with the findings of Pan et al. (2022). At
mid to upper levels (6-9 km), the Q in DA is higher than in NONDA from 01 to
07 UTC, but then becomes lower starting at 08 UTC.

The temperature (T) at the low level for DA shows slight temporal variation
(Fig. 5b), as the diurnal temperature variation in the tropics is much smaller than
in the subtropics (Riehl, 1979). At low levels (1-4 km), the T of DA is only higher
than NONDA between 00 UTC and 03 UTC, after which it becomes lower. At
mid-levels (4-7 km), the T of DA exceeds that of NONDA starting from 06 UTC,
although the difference remains small. At upper levels (9-12 km), the T of DA is
higher than NONDA between 01 and 05 UTC.
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In Fig. 5c¢, the vertical velocity (W) in the low level for DA is positive starting
from 00 UTC and extends to the upper layers by 06 UTC. This upward motion
weakens after 12 UTC. Compared to NONDA, positive changes are observed in
the middle and upper layers, especially at 07 UTC and 09-14 UTC. In contrast, at
the low level, the W for DA is lower than for NONDA, except at 07 UTC when
the W of DA exceeds that of NONDA. Mohanty et al. (2012), Narasimha Rao et
al. (2020), and Pan et al. (2022) also observed an increase in vertical velocity
values.
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Fig. 5. Time-height section of the DA composite (shading) and DA-NONDA difference

(contours) for (a) specific humidity, (b) temperature, (c) vertical velocity, and (d) rainwater
mixing ratio. Solid contours are for positive values and dashed contours are for negative values.

Fig. 5d shows that the rainwater mixing ratio (QRAIN) reaches its maximum
between 07 and 11 UTC, with values confined below 4 km altitude. This peak in
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QRAIN occurs prior to the maximum Q and coincides with the maximum W. The
observed lag time reflects the process of water vapor converting into raindrops.
The coincidence indicates the direct influence of strong vertical velocity on
QRAIN. Compared to NONDA, QRAIN in the DA experiment is higher between
10 and 14 UTC, coinciding with enhanced W at mid and upper levels.

At the low level, AQ is generally negative at 00 and 06 UTC (Fig. 6a-b),
except for some areas in the mountainous region where it becomes positive at 06
UTC. The most significant increase in Q for DA occurs in the western region,
covering both the lowlands and mountainous areas at 12 UTC (Fig. 6¢), and is
limited to the mountainous areas at 18 UTC (Fig. 6d). The increase in T of DA is
mostly concentrated over mountainous regions at 00 UTC (Fig. 6e), but becomes
negative at 06 UTC (Fig. 6f). The reduction in AT at 12 UTC intensifies due to
evaporative cooling caused by rainfall (Fig. 6g—h). Although the general pattern
of AW is negative, the spatial distribution of AW shows positive values in the
mountains at 06 UTC (Fig. 6j) and in the lowlands at 12 UTC (Fig. 6k). No
significant changes in W are observed at 00 UTC (Fig. 6i) and 18 UTC (Fig. 6l).
Xiong et al. (2020) also observed the same general pattern, where topography
influences the assimilation in WRF.
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temperature, and (i-l) vertical velocity. Contours represent elevations at 500 m.
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3.3. Rainfall

Fig. 7a shows that DA and NONDA predict rainfall as underestimated, with a
bias score of less than 1. DA predicts higher rainfall than NONDA in 10-40 mm,
80 mm, and 130-140 mm, while it predicts lower rainfall in 50 mm, 100 mm, and
120 mm. The ETS for both DA and NONDA is generally very small, with
accuracy improvements in 20-30 mm and 60-80 mm, and DA being worse in the
40-50 mm (Fig. 7b). Although the ETS for DA is small, similar to the smaller
rainfall ETS in tropical regions compared to subtropical areas (Hayashi et al.,
2008), DA generally improves the prediction of heavy rainfall, as found in the
research by Dhanya and Chandrasekar using WRF 3DVar (Dhanya and
Chandrasekar, 2016).

Considering nearby grids, the FBS for DA is less than 1, indicating that the
predicted rainfall for DA is lower than the observed rainfall. The FBS for DA is
lower than for NONDA in the 60-80 mm rainfall range, but higher in the 10-40
mm range (Fig. 7c¢). In Fig. 7d, the FSS for DA is greater than 0.6 only up to the
20 mm threshold. The FSS for DA is smaller than for NONDA in the 10-40 mm
rainfall range, but larger in the 60-80 mm rainfall range.
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Fig. 7. Daily rainfall verification scores at several thresholds: (a) bias score, (b) equitable threat
score, (c) fractional bias store, and (d) fractional skill score.
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Fig. 8 shows that the mean rainfall predicted over the study area by the DA
model exceeds that of the NONDA model during the spin-up period. This suggests
a significant impact of satellite rainfall assimilation in the initial hours post-
analysis. The forecasted rainfall in DA peaks more gradually than in NONDA,
leading to a negative DA-NONDA difference until 09 UTC, after which it
becomes positive. Both models exhibit the same start and end times for rainfall.
Since the values represent spatial averages over the study area, slight differences
in DA-NONDA rainfall may correspond to substantial discrepancies at localized
scales.
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Fig. 8. Composite of area-averaged diurnal rainfall of DA and NONDA.

At 00 UTC, rainfall in both DA (Fig. 9a) and NONDA (Fig. 9e) remains
below 1 mm/h. By 06 UTC, rainfall in DA (Fig. 9b) and NONDA (Fig. 9f) is
concentrated over the mountainous regions. At 12 UTC, rainfall in both models
(Fig. 9c and Fig. 9g) extends across the entire study area, including the lowlands
and mountains. DA predicts greater rainfall in the lowlands at 12 UTC (Fig. 9k)
compared to NONDA. This enhancement is attributed to increased Q and stronger
W in the lowlands. By 18 UTC, rainfall diminishes sharply in both DA (Fig. 9d)
and NONDA (Fig. 9h). This diurnal rainfall pattern aligns with typical conditions
observed in the MC, as Sakaeda et al. (2020) and Cui and Pu (2023) reported.
The improved lowland rainfall prediction by the DA experiment demonstrates the
effectiveness of GSMaP assimilation in enhancing model performance,
particularly in regions often underestimated in NONDA runs. This result
highlights the potential of GSMaP assimilation as a reliable alternative to weather
radar assimilation, which has already been shown to improve forecast accuracy
(Ban et al., 2017; Tai et al., 2020; Thiruvengadam et al., 2020; Syafitri and Sari,
2021). Furthermore, GSMaP assimilation offers a practical solution for areas
lacking radar coverage, making it especially valuable for operational forecasting
in data-sparse regions.
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4. Conclusions

This study examines the performance of WRF 4DVAR with GSMaP rainfall
assimilation compared to a non-assimilated WRF at a 2 km resolution in
forecasting six heavy rainfall events that led to floods and landslides in the
Maritime Continent. The findings indicate that DA improves the accuracy of
vertical velocity and specific humidity predictions, particularly in the middle and
upper atmospheric layers. DA shows lower specific humidity values at lower
levels and higher values at mid-to-upper levels. While temperature differences
between DA and NONDA are minimal, DA slightly increases temperatures at mid
and upper levels and exhibits more pronounced upward vertical velocity at these
levels. DA predicts higher rainwater mixing ratios, which correspond to higher
vertical velocity. Additionally, DA improves the accuracy of heavy rainfall
predictions, enhancing rainfall forecasting, particularly in lowland regions, in line
with the specific humidity and vertical velocity patterns.
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Abstract— This study investigates the angular distribution of the degree of polarization of
diffusely reflected and transmitted natural solar radiation in atmospheric layers subjected
to multiple Rayleigh scattering. The analysis employs the Chandrasekhar's S,T- matrix
theory and the factorization method. Specific characteristics related to the numerical
computation of X and Y functions using the successive approximations method are detailed.
The results reveal that when the observation angle equals the illumination angle (u = o),
a notable feature emerges in the angular distribution of the degree of polarization of
diffusely transmitted light. At this juncture, a sharp change in the degree of polarization is
observed. Additionally, the study examines the dependence of the angular width of this
discontinuity on the illumination angle and optical thickness.
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1. Introduction

Chandrasekhar's theory of X (i), Y (u) functions (Chandrasekhar, 1960) is widely
recognized as a key approach to investigate the transmission of polarized radiation
in turbid, light-scattering media with limited optical thicknesses. It is extensively
utilized in addressing diverse practical issues in the field of atmospheric physics.
Extensive research has been conducted on the analytical properties of the X (u)
and Y (u) functions, as well as on the numerical methods used to solve them.
Nevertheless, the subject of X (1), Y (1) functions remains pertinent and continues
to captivate the interest of experts. The research of Natraj et al. (2009) and Natraj
and Hovenier (2012) have demonstrated that the often utilized tables by
Chandrasekhar and Coulson (Chandrasekhar and Elbert, 1954; Coulson, 1988;
Coulson et al., 1960), which are applied for solving practical problems in
atmospheric physics, exhibit low accuracy and do not sufficiently characterize
polarization phenomena. The authors performed novel numerical computations
with enhanced precision. However, research focused on the examination of
polarization phenomena in atmospheric layers and the use of polarization methods
for remote sensing of the Earth's surface still relies on the works of Chandrasekhar
and Coulson. These works serve as reference points for evaluating the outcomes
of both theoretical and practical investigations (Yan et. al., 2019; Yan et. al., 2020;
Mishchenko, 1987; Mishchenko et. al., 2006).

A technique for solving the radiative transfer equation for polarized light in
media with limited optical thickness using the factorization method was proposed
in Sobirov and Rozikov (2020). This method aims to refine the theoretical
framework and improve the precision of numerical calculations. The findings
demonstrate that the factorization method significantly simplifies both the
analytical and numerical computations involved in solving the radiative transfer
equation for polarized radiation. Initially developed by Lenoble (1970), this
approach was further elaborated upon in Ivchenko et. al. (1980), Ivchenko et. al.
(1981), Sobirov and Yuldashev (1984), and Pikus et. al. (1985), and it was
effectively applied to axisymmetric problems in crystals, particularly within the
semi-infinite medium model. The present study investigates the angular
distribution of the degree of polarization of diffusely reflected and transmitted
natural solar radiation through atmospheric layers, considering multiple Rayleigh
scattering. The analysis is grounded in the theoretical framework outlined in
Sobirov and Rozikov (2020).

2. Equation for the reflection and transmission matrix

The radiative transfer equation (Chandrasekhar, 1960) describes the radiation
field in a plane-parallel medium that scatters and absorbs light, without any
internal sources, when it is lit by plane, monochromatic polarized radiation. The
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equation can be written as follows:

dlilrr,n) =1(r,Q) — %fol du’ fOZn do' P(Q, Q)I(z, Q') —
D T
—Z2exp (— ) P(Q, Q0)F, 1)

where 7 represents the optical thickness of the medium, @, is the single scattering

albedo (quantum vyield of single scattering) calculated as # a is the

asc’
attenuation coefficient (per unit volume) given by & = a2 + a*¢, a2 denotes
the true absorption coefficient, a®¢ represents the scattering coefficient, z is the
axis directed normally from the surface of the medium, rF is the total flux of the
incident parallel radiation per unit area (at the boundary T = 0), and P(Q, Q) is
the Rayleigh phase matrix.

The intensity of radiation propagating in a medium, in the direction 2 =
(6, ) (where 8 is the polar angle determined by the direction of the vectors n°
and 2, n® is the normal to the surface of the medium, and ¢ is the azimuthal
angle), is described by the Stokes matrix (in the Chandrasekhar basis
(Chandrasekhar, 1960)):

I
I= lz“ ,Il = d”,lr = d”,U = ZRedlr,V = Zlmdlr, (2)
%4

where [; and I, are the intensities in the [ and r polarizations, the unit orthogonal
vector 1 lies in the plane of the vectors n® and £, and r is perpendicular to it,
d;j = (El-,Ej*). Here, i,j = I, 7, E;, and E,. are the corresponding components of
the electric field of the light wave.

When the atmosphere is illuminated by natural, unpolarized solar radiation
with a broad spectrum in the optical range, the optical thickness of the atmosphere
varies depending on the wavelength of the light. In the radiative transfer equation
(Eq.(1)), the optical thickness of the atmosphere  is determined by the integral:

(4, 2) = [, a(d,z)dz, (3)

where the integration is performed from sea level (z = 0) to the upper layers of
the atmosphere, taking into account the change in air concentration with height.
In the calculations presented below, the values of the optical thickness of the
atmosphere are taken from Coulson (1988) according to the tables of Elterman
(Elterman, 1968; Pikus et. al., 1985). We present the values of optical thickness
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for several wavelengths: z=0.01 (1 =0.920 um), = 0.1 (A = 0.546 um), r = 0.15
(A=0.495 um),z=0.5 (A =0.371 um), and =1 (4 = 0.312 um) at @, =1.

In the theory of S,T-matrices, the relationship between the intensities of
diffusely reflected and transmitted radiation with the incident radiation is
determined by the reflection and scattering matrices:

Lef(t = 0,Q) = (f—:) S(11,9,Q0)F (1 = 0,1). (4)

Trans(T = 10,@) = () T(0, 2. Q0)F (x = 0,). 5)

Using the principle of Ambartsumian's invariance and taking into account the
boundary conditions from the radiative transfer equation (Eq.(1)), the general
integral equations for the S and T matrices can be derived (Chandrasekhar, 1960):

S(Tlrﬂl QO) = Q {(z) S(O)(Tll i, #0) +
+\/(1 - MZ)(l - #(2))5(1)(‘[1' Q' QO)P(l) ([,l, (P' —Ho, ¢0) +
5(2) (Tlf u #O)P(Z) (H’) (I)i _.Uo; ¢O)} (6)

T(r1,9,9) = Q{(3) T (ry .10) +
+ \/(1 - MZ)(l - l’l(z))T(l) (Tlr Q' QO)P(l) (#! d)l —Ho, (pO) +
+T(2) (Tll W, HO)P(Z) (/,l, ¢’ —Ho, ¢0)} (7)

In Eqs.(1)—(7), the problem is presented in general form. In Eq.(1), all four
components of the Stokes matrix are simultaneously determined, taking into
account both linearly polarized and circularly polarized radiation. For brevity, we
will discuss the solution of the problem concerning only the I; and I, components
of the Stokes matrix, as we are considering the case where the medium is
illuminated by unpolarized radiation.

To solve this problem, it is sufficient to consider the 2x2 block matrices in
the § and T matrices in Eqs. (6) and (7). For brevity, we will not go into detail
describing each term in Eqgs. (6) and (7) (see Sobirov and Rozikov, 2020).

In the factorization method, the values of the S and T(® matrices in Egs.
(6) and (7) are determined by solving the system of equations for the X(® and
Y(© matrices, which are 2x2 matrices with eight components:
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Here, the identity matrix has a dimension of 2x2. The §(M, T §2) and T?)
matrices are determined through scalar functions S, T, §@) and T®, which,
in turn, are determined by scalar integral equations for the X(u) and Y(u)
functions, similarly to Egs. (8) and (9), but using different characteristic functions.

According to Chandrasekhar's calculation method, the values of the §(® and
T(® matrices are determined using four X (1) and Y (1) functions. However, this
requires additional and complex calculations.

2.1. Iterative convergence of X and Y Aunctions in a conservative medium when
@o=1

Below are the results of numerical calculations of the X(u) and Y (1) functions
obtained using the method of successive approximations or iterations. In the
iteration method for solving Egs. (3) and (4), the solution can be represented as a
series in powers of @, (Lenoble, 1970 and Pikus et. al., 1985):

Iret(7: = 0,0) = 3 (57(7,0,00)F), (10)
Iirans (11, 0) = 2 (FET) (71, 9, 00)F), (11)

where n is the order or multiplicity of scattering (Mishchenko et.al., 2006;
Sobirov and Rozikov, 2020; Lenoble, 1970; lvchenko et.al., 1980, 1981). The
SM(1,,Q,Q0) and TM(1,,0,0,) are determined by solving the S and T
matrices, expressed through integral equations for the X(u) and Y (i) functions
using the method of successive approximations. If trial functions such as X (i) =
1and Y(u) = 1exp(—1,/u) are used, then after the first iteration, the intensity
and polarization of singly scattered radiation are determined. After the first
iteration, the scattering order does not correspond to the number of iterations. In
the second approximation, the values of X(u) and Y (i) include contributions
from singly, doubly, and partially triply scattered radiation, and so on.
Analytically, in Eq.(10), components up to the fourth order of scattering can
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be distinguished, after which it becomes more complex. However, this is
sufficient for the initial analysis of the physical picture of the formation of the
intensity and polarization of secondary radiation. It is possible to establish a
relationship between the number of iterations and the maximum order of
scattering corresponding to this number of iterations. If 7 is the number of
iterations and n is the maximum order of scattering, then i =1,n=1;7 =
2n=3;1=3,n=71=4n=1571=5n=31;71 =6,n = 63, efc.

The solutions to the system of nonlinear integral equations for the X (u) and
Y (u) functions were conducted at 201 points of u values in the interval [0,1]
through numerical calculations. Additionally, to compare our results with
Chandrasekhar's tables, calculations were performed at fifty-one points.

To ensure the correctness of the numerical calculations, two conditions must
be met (Chandrasekhar, 1960):

X(w) > HW),Y(u) » 0ast - oo. (12)
X(u) = 1,Y(w) - lexp(—t4/p)ast - 0. (13)

Indeterminacies of the type 0/0 arising in Eq.(9) when u — u’ = 0 are eliminated
using Lopital's rule.

Numerical calculations showed that in the region @, < 0.7, after a certain
number of iterations, the values of all X and Y functions reach saturation and have
good convergence at t; < 1 (Sobirov et al., 2021; Sobirov et al., 2023; Sobirov et
al., 2024). In the region 0.7 < @, < 1, convergence slows down, but depending
on the optical thickness, the values of the X and Y functions approach the tabulated
values of Chandrasekhar in Chandrasekhar and Elbert (1954). For example, at
7, = 0.15 after the fifth iteration, and at t; = 1, after the fourth iteration. At small
values of optical thickness, when 7; < 0.5, the difference in some points is a
maximum of 1%, and at 7, = 1, it points up to 4%.

If in the case of t; = 1 the number of iterations is increased to 7i = 5, then
near the point u = 1, in a narrow region Ay, the component Y, (1) takes negative
values, which contradicts the conditions specified in Eq.(13). This means that at
values of u within Au, the component Y,, (1) has no solution. Considering that all
X11, X412, X21, X522, Y11, Y12, Yaq, Yo, functions form a single system of equations, all
members of this system within Ay also have no solution. It can be said that with
the number of iterations @ =4 the values of all
X11,X12,X21, X255, Y11, Y12, Y51, Y5, functions within Ay reach saturation. In the
subsequent iteration step (at i =5), the values of these functions remain
unchanged. However, in the region 1—Au , the wvalues of the
X141, X12,X21, X2, Y11, Y12, Ya1, Yo, functions increase. Increasing the number of
iterations leads to the expansion of the Au region, and after two or three more
iterations, Au covers the entire region 0 < u < 1. The values of the X(u) and

156



Y (u) functions are determined by the iteration method according to the described
scheme. A change in the sign of the Y,, () component to negative indicates the
achievement of the maximum number of iterations that determine the numerical
values of the X(u) and Y (u) functions. The XM (), YD (), X@ (), Y @ (1)
functions show good convergence during iterations, regardless of the 7, value.
After a certain number of iterations, they reach saturation and with an error of up
to 1% coincide with the tabulated values in Chandrasekhar and Elbert (1954).

For comparison, Chandrasekhar's ¥, ¢,x,¢,¢€,1,0,8 functions were
converted into X;1, X12, X521, X2, Y11, Y12, Y21, Yo, functions, and the following
relationships exist between them:

_ N _ Y-uix _ 9-u*¢
X1 =X, X12 = V2, X5 = —ﬁ(l_uz):xzz =z (14)
e—u?c n-u?0
Yll =0, le = v29, Y21 = Y. . (15)

VZ(1-p2)’ 22 T 1-p2

2.2. Accuracy verification of the problem solution. Total quantum vyield of
radiation

In the studies of Ivchenko et.al. (1980, 1981) and Sobirov and Yuldashev (1984),
the law of conservation of the total radiation flux, incident and diffusely reflected
from a semi-infinite medium, was used to verify the accuracy of analytical and
numerical calculations.

If a monochromatic, plane-parallel radiation flux F falls on the surface of
the medium (at the boundary T = 0), then after multiple scattering, part of the
radiation is diffusely reflected from the plane T = 0, and part of the flux diffusely
exits the medium through the plane T = 1. The total fluxes of diffusely reflected
and transmitted radiation from the medium (per unit surface area) are determined
by the formulas:

T[CDref = fol ﬂdﬂ fozn dgolref(r = 0' K (P),

,n_q)tTaTlS _ j-ol ‘le‘l,l J‘OZTT d(pItTaTlS (T =T, U (p)a (16)

where 17N (t = 0,u, ) and 1) (r = 1, —u, @) are the intensities of
diffusely reflected and transmitted radiation at the boundary of the medium,
determined by Eq.(10).
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Solving the radiative transfer equation (Eg.(1)) allows determining only the
diffusely scattered part of the incident flux in the medium that has undergone
single or multiple scattering. However, part of the incident flux passes through
the medium without scattering, which is not considered in Eq.(1). The unscattered
part of the primary radiation, without changing the direction of incidence, is
attenuated by exp(—t,/uy)F and exits the medium (Chandrasekhar, 1960). We
define the ratios of these three fluxes to the incident flux and sum them:

ref _ pref trans _— _ o 17

1 HoF (+010.0) | KoF (+0,0,00)" )

ptotal = pref 4 ptrans 4 oyn (_ T_l) (18)
Ho

This formula defines the distribution of the primary flux for diffusely reflected,
diffusely transmitted, and unscattered fluxes. In analogy to @, which represents
the quantum yield from single scattering, the quantity 1.1, i called the total
quantum yield of radiation in (lvchenko et.al., 1980). Below, we will adhere to
this definition for n.

In the case of a conservative medium (@, = 1), the total flux is conserved,
so in Eq.(18) the condition a1 = 1 must be satisfied. This condition holds
regardless of the optical thickness of the medium, the angle of incidence of the
incident flux, and serves as a criterion for assessing the accuracy of analytical and
numerical calculations. On the other hand, the relationship described in Eq.(18)
allows establishing the law of redistribution of the outgoing secondary flux from
the medium depending on the optical thickness of the medium (from the
wavelength of the incident radiation).

Table 1 presents the results of numerical calculation of the total quantum
yield at various values of the illumination angle of atmospheric layers with
natural, unpolarized solar radiation.

According to the data in Table 1, one can assess what proportion of the
incident radiation is scattered, and what part is diffusely reflected back or passes
through the medium. For example, at normal incidence, on average about 10% of
the rays from the green part of the spectrum (7; = 0.1, A = 0.546 um) are
scattered, and 90% pass through the medium without scattering. For violet rays
(7, =0.51=037um ), the proportion of scattered rays increases to
approximately 40%.
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Table 1. Results of calculating the total quantum yield of diffusely reflected, transmitted,
and unscattered radiation at various illumination angles and optical thicknesses, @, = 1

o Mrer MNerans Nref + Merans exp(—71/Ho) Nrotal
7, = 0001, 1=1.670um
0 0.50295806 0.4913439 0.99430193 0 09543019
02 0.01235285 0.0132404 0.02559321 09950124 1.0206036
04 0.00622429 0.0065541 0.01281842 09875031 1.0103215
0.6 0.00416402 0.0043620 0.00852599 09583347 1.0068607
08 0.00313426 0.0032165 0.00635071 09587507 1.0051014
1 0.00267292 0.0019598 0.00463271 0.9990005 1.0036332
7, =0.01, 4 =0.920um
0 0.508344001 0.4859448 099428885 0 0.99428885
02 0.024403672 0.0261452 0.05054884 09512294 100177826
04 0.012372619 0.0131070 0.02547959 09753099 1.000785950
0.6 0.008294686 0.0086864 0.01698112 09834715 1.00045258
0.8 0.006250375 0.0064061 0.01265651 09875778 1.00023431
1 0.005342862 0.0039199 0.00926272 0.9500498 0.99931256
7; =01, 1 =0.546 um
4] 057015844 0.4240466 0.9942055 0 0.9942050
02 0.19901661 0.2075493 0.4065658 0.6065306 1.0130965
04 0.11129502 0.1174036 0.2286986 0.7788007 1.0074954
0.6 0.07712613 0.0812964 0.1584225 0.8464817 1.0049043
08 0.05902330 0.0620124 0.1210357 0.8824969 1.0035326
1 0.04915566 0.037656%4 0.0868205 0.9048374 09916625
7, =05, 1 =0.371um
0 0.68443190 02992614 098369334 0 098369333
02 0.51703888 0.4047164 0.92175532 0.0820858 1.00384031
04 0.37843796 03487235 0.72716148 0.2865048 1.01366627
0.6 029298172 0.2868027 0.57978439 0.4345982 1.01438266
08 0.23799182 02419630 0.47995479 05352614 101521622
1 0.20055734 0.1893865 0.389594375 0.6065306 0.99647436
;=1 A= 0312um
0 0.73773050 0.2118047 0.94953523 0 09495352
02 0.62204550 0.3232367 0.94528369 0.0067380 09520216
04 0.51901118 0.3683299 0.88734110 0.0820850 0.9694261
0.6 0.43571001 0.3592421 0.79495200 0.1888736 09838277
0.8 0.37285681 0.3364988 0.70935550 0.2865048 0.9958604
1 032561385 0.2874323 0.61304610 0.3678794 1.0098093
‘1'1 — 00
0 0.992526938 0 0.592526938 0 0.892526938
02 0.999637976 0 0.999637976 0 0.999637976
04 0.599804808 0 0.995804808 0 0.599804808
0.6 0.599927438 0 0.5959927438 0 0.599927438
08 1.000042373 0 1.000042373 0 1.000042373
1 1.000146482 0 1.000146482 0 1.000146482

From the table, it can be seen that in the long-wavelength part of the
spectrum, regardless of the angle of incidence, the proportions of diffusely
reflected and transmitted radiation in the total quantum yield are almost identical.
In the short-wavelength part of the spectrum, diffusely reflected radiation
predominates. This is explained by the fact that with increasing optical thickness
of the medium, the flux of transmitted diffuse and unscattered radiation decreases.
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For comparison, similar calculations were performed using the tabulated
values of the ), ¢, x, &, €,1, g, 8 functions from the work of Chandrasekhar and
Elbert (1954). The results of the calculations showed that when the medium is
illuminated normally and near this point (u, — 1), at all values of optical
thickness, the value of the total quantum yield exceeds the expected value,
reaching up to 9% in certain points (Table 2.). However, in our calculations,
deviations are observed in the region p, — 1, which are lower than expected and
amount to up to 5%. The probable cause of the disappearance of part of the short-
wavelength radiation is the insufficiently accurate accounting for the number of
scatterings and the diffuse radiation exiting the medium at u, — 1, in the iteration
method. In the geometry of medium illumination when u, — 1, short-wavelength
radiation travels a long optical path in the medium and undergoes multiple
scatterings. Itis likely that in the iterative method of solving equations, part of the
radiation is not taken into account, which may explain the observed deviation. In
the case of a semi-infinite medium (t; — o0), the results of our calculations and
those using Chandrasekhar's functions coincide, and the law of conservation of
total flux is satisfied with high accuracy.

Table 2. Calculation results based on the values of the ¥, @, x, ¢, €, 1, o, 8 functions in
Chandrasekhar and Elbert (1954)

o Nref Nerans Nref + Merans  eXp(—Ty/Ho) Ntotal
T, =02
0 0.61821120 0.3819794 1.00019055 0 1.00019055
0.20 0.32777708 0.32491%94 0.65269643 0.3678794 1.02057587
0.44 0.18579127 0.1871951 0.37298640 0.6347364 1.00772282
0.68 0.12879399 0.1377657 0.26655965 0.7451888 1.01174847
0.92 0.09839073 0.1893681 0.28775880 0.8046151 1.09237385
1 0.09119335 0.1623395 025353290 0.8187308 1.07226365
;=1
0 0.765023981 0.2329303 0.99795427 0 0.9979543
0.20 0.648421603 0.3520141 1.00043574 0.0067379 1.0071737
0.44 0.524457435 0.3993407 0.92379817 0.1030308 1.0268290
0.68 0427572533 0.3808561 0.80837256 0.2297903 1.0381628
0.92 0357323733 0.4007442 0.75806795 03372413 1.0953093
1 0.338355703 0.3627337 0.70108936 0.3678794 1.0689688

According to the data in Table 1, it can be concluded that if calculations are
carried out using Chandrasekhar's method, some difficulties can be expected in
the calculations for uy — 1, across the entire optical spectrum. Apparently, for
this reason, Coulson's monograph does not consider the case, where the angle of
incidence of the solar rays is normal to the surface of the medium and for values
of angles close to the normal. When performing calculations using our method,
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such discrepancies are observed only in the short-wavelength region of the
spectrum at py = 0.

Coulson's monograph mentions that in the ultraviolet wavelength region,
some difficulties are observed in the calculations. He attributes these difficulties
to the data in Elterman's table.

The results in Table 1 allow us to evaluate the proportion of incident
radiation that is scattered, diffusely reflected back, or transmitted through the
medium. For example, at normal incidence, approximately 10% of the rays from
the green part of the spectrum (z; = 0.1, A = 0.546 um) are scattered, and 90%
pass through the medium without scattering. For violet rays (7, = 0.5,1 =
0.371 um), the proportion of scattered rays increases to approximately 40%.

It can be seen from the table that in the long-wavelength part of the spectrum,
regardless of the angle of incidence, the proportions of diffusely reflected and
transmitted radiation in the total quantum yield are almost identical. In the short-
wavelength part of the spectrum, diffusely reflected radiation predominates. This
is because, with increasing optical thickness of the medium, the flux of
transmitted diffuse and unscattered radiation decreases.

3. Calculation of the angular characteristics of the secondary radiation
intensity considering various orders of scattering

The incident unpolarized radiation has the following Stokes parameters:

FleTZ(l/Z)F’FUZFVZO’ (19)

and the degree of linear polarization of diffusely reflected and transmitted
radiation is determined by the formula:

Pun = — L)/ + 1). (20)

Figs. 1 - 4 show the results of calculations of the angular characteristics of
the degree of linear polarization of diffusely reflected and transmitted radiation
from the medium. The incident, reflected, and transmitted radiation lie in the same
meridional plane, in the plane of the solar vertical.

Fig. 1 shows the results of the calculation of the angular distribution of the
degree of polarization of transmitted radiation for various illumination angles. For
comparison, calculations were made using Coulson's parameters (see Figure 4.6
in Coulson (1988)) at an optical thickness of 7; = 0.15 (4 = 0.495 um).
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Fig. 1. Angular distribution of the degree of polarization of diffusely transmitted radiation
at various illumination angles. Curves 1-8 are calculated for medium illumination angles
1o=0.1,0.2,0.4, 0.6, 0.8, 0.92, 0.97, respectively, at 7 = 0.15 (1 = 0.495 pm), @, = 1.
The calculations are based on the Coulson’s parameter values (Figure 4.6 in Coulson
(1988)).

It can be observed that all angular distributions of the degree of
polarization, calculated at different illumination angles, coincide with Coulson's
results with high accuracy. However, in our calculations, when the polar
illumination angle is equal to the observation angle (i = 4 = u ), an anomaly is
observed in the value of the degree of polarization. Near this point, the degree of
polarization changes abruptly. For a clearer representation of this phenomenon,
in curves 6 and 7, the regions around the point f, where the degree of polarization
behaves anomalously, are highlighted separately.

With a change in the angle of illumination, the width of the anomalous
region changes: it decreases when u, — 0 and increases when y, — 1.

For comparison, in Fig. 2, the results of similar calculations of the angular
distribution of the degree of polarization are presented for an optical thickness of
74 =1 (4 = 0.312 um). From the figure, it is evident that with an increase in
optical thickness, the angular width of the anomalous region expands, and the
jump in the degree of polarization value around the point i = u = p, increases.
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Fig. 2. Angular distribution of the degree of polarization of diffusely transmitted radiation
at various illumination angles. Curves 1-5 are calculated for medium illumination angles
#=0.1, 0.2,0.4, 0.8, 1, respectively, at » =1 (4 = 0.312 um), &, = 1.

For the parameters T = 1 and u, = 0.8, the angular width of the anomalous
region in the half-plane ¢ = 7 is 46 ~ 4°, and in the half-plane ) = 0, 40 ~ 6°.
In the case of T = 0.15 and u, ~ 0.8, the angular widths are 46 ~ 1°and 46 ~
3°, respectively. The angular width of the anomalous region in the solar plane is
larger than in the anti-solar half-plane.

In the geometry of normal illumination and observation (u = u, = 1), the
degree of polarization is zero. The jump in the degree of polarization takes on a
symmetrical form. With a deviation of the observation angle from the normal, at
u < 1, the degree of polarization first assumes a positive value, then it transitions
to the negative region through neutral points.

The anomaly in the degree of polarization is observed for all values of
optical thickness, as well as in the case of a non-conservative medium (@, < 1).
With a decrease in the albedo value, the anomalous polarization diminishes.

It should be noted that the aforementioned feature is observed for all
azimuthal angles of the hemisphere around the lower boundary of the atmosphere
at i = pu = .

The presence of a singularity in the solutions of the transfer equation for
transmitted radiation at @ = u = p, is known (Natraj et.al., 2009; Kattawar et al.,
1976), but in these works, the jump in the degree of polarization around this point
is not discussed. Apparently, this feature was not established. If the indicated jump
in the degree of polarization is indeed observed, then during observations through
a polarimeter along the solar vertical, it is possible to detect a difference in the
degree of polarization of solar radiation at symmetric points near the sun. This
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feature was observed during double Mandelstam-Brillouin scattering of exciton
polaritons in crystals with cubic symmetry (Ilvchenko and Sobirov, 1985).

In the angular distribution of the degree of polarization along the plane of
the solar vertical, at certain points, the degree of polarization changes sign, with
the degree of polarization equaling zero at these points. These neutral points
(Brewster, Babinet, and Arago) serve as indicators of the atmospheric state.
Besides these points, the presence of a fourth point, near the Arago point, was also
proposed. The presence of double Arago points was theoretically first shown in
the work of Dave and Furukawa (1966) when studying the scattering of ultraviolet
rays in the atmosphere. However, these calculations were performed outside the
framework of the X(u), Y (u)—function theory. This point was discovered in
observations only recently, in 2002, and the topic of neutral points constantly
remains in the focus of specialists (Horvath et al., 2002; Horvath et al., 2011).

Unlike the Brewster and Babinet points, the observation of double Arago
points requires higher orders of scattering. For this reason, these points are
observed only in the short-wave part of the optical spectrum. Our calculation
results show that the presence of double Arago points can be demonstrated within
the framework of the X (u), Y (1) — function theory in the range of illumination
angle values 0 < u, < 0.2 and optical thickness 0.85 < 7; < 1.15. Fig. 3 shows
the formation of double Arago points in the angular distribution of the degree of
polarization of transmitted radiation, depending on the number of scatterings. It
should be noted that Coulson's works discuss only one Arago point.

Fig. 4 presents the results of calculations of diffusely reflected solar
radiation from atmospheric layers for the parameter values used in Fig. 1. For all
values of illumination and observation angles, as well as optical thicknesses, in
the angular polarization characteristics of diffusely reflected radiation, a jJump in
the degree of polarization is not observed, with only one Arago point being
present.

In conclusion, it should be noted that the developed method for calculating
the X (u), Y () — functions significantly simplifies the calculation of the intensity
and degree of polarization of diffusely reflected and transmitted solar radiation
from atmospheric layers for all points of the hemisphere adjacent to the lower and
upper surfaces of the atmosphere.
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Fig. 3. Formation of double Arago points depending on the number of scatterings. Curves
1-4 correspond to the number of iterations n = 1, 2, 3, 4 (scattering order v=1, 3, 7,
15,respectively) for t; = 0.9 and py = 0.125. The inset shows the formation of the region
with positive polarization depending on the multiplicity of scattering for t; = 1 and p, =
1 (curve 5in Fig. 2).
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Fig. 4. Angular distribution of the degree of polarization of diffusely reflected radiation at
different illumination angles. Curves 1-8 are calculated for the parameter values indicated
in Fig. 1.
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4. Conclusions

1. The solutions of the radiative transfer equation for polarized radiation in
a medium with finite optical thickness, obtained using the factorization method,
have been analyzed. Based on the obtained equations, the angular distribution of
the degree of polarization of diffusely reflected and transmitted radiation from
layers of the atmosphere of natural, unpolarized solar radiation along the solar
vertical was investigated.

2. It has been shown that in the case of forward scattering of incident
radiation, a feature is observed in the angular distribution of the degree of
polarization of diffusely transmitted radiation. At p=p 0, the degree of
polarization of the transmitted radiation changes abruptly within a narrow angular
width of observations.

3. The positions of neutral points in the angular characteristics of secondary
radiation have been studied. It has been shown that in certain regions of
illumination angle and optical thickness values in the angular distribution of the
degree of polarization of diffusely transmitted radiation, it is possible to
simultaneously observe two Arago points.

4. The results of numerical calculations show that the iteration method is
an effective method for determining the numerical values of the X(u), Y(u)
functions obtained by the factorization method. The calculation method is very
simple and does not require a long time for computer computations.
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Abstract— Drought is a serious environmental issue that negatively impacts water
resources, agricultural production, ecosystems, and economic activities as a result of
prolonged periods of low precipitation. In particular, the depletion of water resources and
difficulties in accessing water pose significant threats to societies. In this context,
developing effective forecasting systems in regions at risk of drought is critical for
managing water resources more efficiently and taking timely measures. This study
examines the potential of integrating various drought indices and machine learning
techniques to improve the accuracy of meteorological drought predictions. Using data from
54 meteorological stations in Spain for the 1973-2023 period, drought analyses were
conducted based on the standardized precipitation index (SPI), standardized precipitation
evapotranspiration index (SPEI), and reconnaissance drought index (RDI). Future drought
predictions were made using the Random Forest (RF) algorithm. The RF algorithm
successfully analyzed historical climate data to understand the temporal and spatial
dynamics of drought occurrences. Additionally, a newly developed drought mapping
approach demonstrated that short-term droughts are more prevalent in northern Spain
compared to the southern regions. The findings highlight the likelihood of increased
drought severity in specific areas and its potential impacts on agricultural production and
water management. This study serves as a crucial guide for policymakers aiming to develop
drought management strategies and contributes to effective planning to mitigate future
drought impacts. Furthermore, the developed software is provided as open source alongside
the article.

Key-words: Spain, standardized precipitation index (SPI), standardized precipitation
evapotranspiration index (SPEI), reconnaissance drought index (RDI), Random Forest
algotythm, future drought prediction, climate change
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1. Introduction

Climate change and drought analysis are of great importance for environmental
and economic sustainability. Rising temperatures and changing precipitation
patterns threaten agricultural production, drinking water resources, and the
balance of ecosystems. Therefore, developing drought management strategies and
preventive measures against these risks is critical for the efficient use of water
resources and the success of climate adaptation policies.

Climate change significantly impacts water resources worldwide.
Sustainable management of water resources is particularly vital for predicting and
mitigating the effects of climatic risks such as droughts, extreme precipitation,
and temperature increases. Studies on water resource management and drought
prediction are indispensable for both short-term operational decisions and long-
term strategic planning (Wang et al., 2019; Zhang et al., 2019; Alivi et al., 2021).

Drought is one of the most significant and destructive consequences of
climate change. Prolonged droughts can lead to declines in agricultural
production, reductions in water reserves, losses in hydroelectric energy
production, and challenges in meeting water demand. This situation necessitates
continuous monitoring of water resources, along with conducting drought
analyses and forecasts, to ensure sustainable management of water and make
effective decisions.

Drought is a complex and multidimensional environmental issue characterized
by prolonged water scarcity, threatening the sustainable use of natural resources.
Often associated with low precipitation levels and high evaporation rates, drought
can manifest differently depending on climatic conditions. Meteorological drought
is defined as a prolonged period during which a region receives precipitation
significantly below its normal levels. Agricultural drought occurs when insufficient
soil moisture adversely impacts agricultural production, while hydrological drought
arises from the depletion of surface and groundwater resources (Wilhite and Glantz,
1985; Mishra and Singh, 2010). Given the increasing severity of drought events,
continuous monitoring, analysis, and forecasting are essential to developing effective
strategies for water resource management.

Spain is one of the European countries most affected by drought due to its
semi-arid and arid regions. In recent years, rising temperatures and changes in
rainfall patterns have placed significant pressure on water resources, leading to
more frequent and severe droughts. These changes have resulted in water
shortages, agricultural yield losses, and reductions in hydroelectric energy
production, particularly in the southern and eastern regions of the country
(Vicente-Serrano et al., 2014; Lorenzo-Lacruz et al., 2013). Increased water
demand further necessitates a reassessment of current water management policies
to ensure sustainability.

Drought indices play a significant role in climate change studies. In this
study, statistical and machine learning-based methods were employed to detect
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and predict long-term drought variations in Spain. For drought analysis,
commonly used indices such as the standardized precipitation index (SPI),
standardized precipitation evapotranspiration index (SPEI), and reconnaissance
drought index (RDI) were evaluated. These indices serve as effective tools for
identifying drought and its severity by utilizing water balance components such
as precipitation, temperature, and evapotranspiration (Sierra-Soler et al., 2016;
Zarch et al., 2015; Zuo et al., 2018).

Long-term precipitation and temperature datasets from the meteorological
stations included in the study were utilized to calculate drought indices. These indices
are used to identify imbalances in the water budget and assess drought severity,
considering climatic variables. Calculated over various time scales (1, 3, 6, 9, and 12
months), they provide insights into the intensity and duration of drought.

While SPI and SPEI analyze drought processes associated with precipitation
and evapotranspiration, RDI better represents agricultural drought by also
accounting for water demand. The use of these indices supports strategic decision-
making in both agriculture and water resource management. Future drought
values in Spain were predicted using the Random Forest algorithm, one of the
Supervised Learning methods in machine learning. By forecasting future drought
conditions in Spain, this study aims to support data-driven decision-making
processes in water management and agriculture, ensuring the sustainability of
vital resources amid the growing challenges of climate change.

2. Materials and methods
2.1. Study area

Spain, located in southwestern Europe, is a country distinguished by its diverse
geographical and environmental features. It spans from 36°00” to 43°47’ north
latitude and 3°19° west to 7°20’ east longitude. To the northeast, it shares borders
with France and Andorra, to the west with Portugal, while it is surrounded by the
Mediterranean Sea to the south and east, and the Atlantic Ocean to the northwest
(Fig. 1).

The country is known for its varied landscapes, including vast mountain
ranges such as the Pyrenees and Sierra Nevada, as well as large plateaus like the
Meseta Central. With over 4,000 kilometers of coastline, Spain is also a
significant maritime country. Its geographical diversity encompasses a range of
climates, from the hot, dry summers and mild, rainy winters characteristic of the
Mediterranean climate to the more temperate and oceanic climate of the north.
Average temperatures vary from 10 °C in the northern regions to 25 °C in the
south. Similarly, annual precipitation varies significantly; in the arid southeast,
rainfall may be as low as 300 mm, while in the mountainous north, it can exceed
1,500 mm.
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Fig. 1. A topographic map showing the locations of the meteorological stations examined in
Spain. The authors used the administrative shapefile downloaded from the European
Commission - Copernicus EU-DEM to create the map of Spain.

Spain’s unique climate and topography have significant impacts on
agriculture, the economy, and natural resource management. While some regions
face challenges such as drought, others experience occasional flooding. This
variability makes Spain a focal point for research on climate change, agriculture,
water resource management, and disaster preparedness. These issues underscore
the need for innovative solutions to protect livelihoods and promote sustainable
development across the country.

Spain has faced increasing challenges related to drought due to climate
change and the overexploitation of water resources. Recent studies highlight the
intensifying drought conditions in Spain in terms of frequency and severity due
to climate change-induced rising temperatures and reduced rainfall, which have
significant implications for agriculture, water management, and public health.
More than 60% of Spain's agricultural land has been affected by water shortages,
with over 3.5 million hectares experiencing significant damage. Irrigated crops
are particularly vulnerable. Urban water demand remains a high priority, with
restrictions being implemented only during extreme emergencies (Garcia
Galiano and Broekman, 2023). Jiménez-Donaire et al. (2020) emphasize that
future climatic changes will likely increase the frequency, duration, and intensity
of agricultural droughts, necessitating the adoption of novel drought indices for
better assessment. Paneque (2015) discusses the evolution of Spain's drought
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management strategies, advocating a shift from traditional infrastructure-based
approaches to more sustainable, risk-based models. Salvador et al. (2020)
quantify the impact of droughts on daily mortality rates in Spain, using indices
like SPI and SPEI to reveal significant correlations. Garcia Galiano and
Broekman (2023) explore the dual impacts of rising temperatures and
overexploitation of water resources, contributing to prolonged drought conditions.
Additionally, the European Commission's Joint Research Centre (2024)
underscores the critical impact of prolonged drought and record temperatures on
the Mediterranean region, including Spain, affecting water availability,
agriculture, and ecosystems. Projections indicate reduced precipitation and higher
temperatures, leading to longer and more severe drought periods, and the findings
collectively underline the urgent need for integrated and adaptive management
strategies to mitigate the multifaceted impacts of drought in Spain.

2.2. Datasets

Climate records for 54 stations in Spain from 1973 to 2023 were collected from
the European Climate Assessment and Dataset (ECAandD) and Wetter und Klima
— Deutscher Wetterdienst — Startseite sources. The climatic variables obtained
include daily precipitation (mm) and daily average temperature (°C). Using these
data, potential evapotranspiration (PET) values were determined using the
Thornthwaite method (Thornthwaite, 1948).

Table 1. The numbers of training and testing data

SPAIN

SPI, SPEIL and RDI data

Training data (80%)  Testing data (20%b) Total data
1-month 491 120 611
3-month 489 120 609
6-month 487 119 606
9-month 484 119 603
12-month 482 118 600

The calculated drought indices were divided such that 80% of the data was
used for training the machine learning model, and 20% was used for testing (see
Table 1).

2.3. Standardized precipitation index (SPI)
The standardized precipitation index (SPI) is a commonly used index in drought

analysis that expresses precipitation anomalies in terms of standard deviations.
Developed by McKee et al. in 1993, SPI allows for determining the severity and
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duration of drought based solely on precipitation data. The SPI can be calculated
for time scales ranging from one month to several years, capturing both short-
term droughts (affecting agriculture) and long-term ones (affecting water
resources and ecosystems) and therefore it is used in short, medium and long-term
drought analysis.

2.3.1. SPI calculation steps

1. Data collection: A minimum of 30 years of precipitation data is required for
SPI calculation. This data is used to determine the mean and standard
deviation for each time period.

2. Normalization of precipitation: The precipitation data for a region is
normalized by comparing it to the long-term average. SPI performs this
normalization using the Gaussian distribution and calculates the degree of
deviation from the long-term mean of precipitation (Thom, 1966; McKee et
al., 1993).

3. Interpretation of SPI Values: Positive SPI values indicate wet conditions,
while negative values indicate dry conditions (Sirdas and Sen, 2003). SPI
values can be classified as follows (Table 2):

Table 2. Standardized precipitation index (SPI) values and classification (Jain et al., 2015;
Adnan et al., 2018)

Classification SPI value range
Extremely dry SPI<-2.0
Very dry -20<SPI<-15
Moderately dry -1.5<SPI<-1.0
Near normal -1.0<SPI<1.0
Moderately wet 1.0<SPI<1.5
Very wet 1.5<SPI<2.0
Extremely wet SPI1>2.0

2.3.2. Features and advantages of SPI

The standardized precipitation index (SPI), with its flexible and simple structure,
is a widely used index for meteorological drought detection and analysis. Its
ability to be applied over different time scales makes SPI an ideal tool for
agriculture, water management, and hydrological analysis. For instance, monthly
SPI values can be used for short-term drought detection, while a 12-month SPI is
more suitable for long-term assessments. Since SPI relies solely on precipitation
data, it simplifies the calculation process and eliminates the need for large and
complex datasets. Additionally, its normalized structure allows for spatial
comparisons between different climatic regions and seasons. These characteristics
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make SPI suitable for a wide range of applications, from detecting sudden
precipitation deficits to evaluating agricultural and hydrological droughts.

SPI offers diversity by being calculable over different time scales. The
1-month SPI represents short-term precipitation anomalies and provides
information on sudden impacts such as crop loss. The 6-month SPI analyzes
seasonal and medium-term precipitation trends, offering a more sensitive
assessment compared to the Palmer drought severity index (PDSI). For long-term
analysis, the 12-month SPI is associated with long-term hydrological processes
such as reservoir levels, river flows, and groundwater levels. These variations of
SPI provide flexible solutions tailored to different needs based on the time scale,
offering high adaptability in drought analysis.

In this context, the convenience offered by SPI, its wide range of
applications, and the ability to perform multi-scale analysis contribute to a better
understanding of meteorological and hydrological drought processes. Especially
with the increasing impacts of climate change, the use of SPI has become even
more critical in environmental and economic decision-making processes.

2.4. Standardized precipitation evapotranspiration index (SPEI)

The standardized precipitation evapotranspiration index (SPEI) is a widely used
index for drought detection that takes into account not only precipitation but also
other climatic variables such as temperature. While SPEI is based on the
fundamental principles of SPI, it provides a more climate-sensitive indicator by
considering the effects of factors such as temperature increases and evaporation
(evapotranspiration), recognizing that drought is influenced not only by a lack of
precipitation but also by these additional factors (Begueria et al., 2014; Telesca
et al., 2012; Vicente-Serrano et al., 2010, 2011, 2012, 2014, 2020).

2.4.1. SPEI calculation steps

1. Data collection: The calculation of SPEI requires both precipitation and
potential evapotranspiration (PET) data. PET is determined based on
temperature and other meteorological factors. For PET calculation, the
Thornthwaite (Thornthwaite, 1948) or Penman-Monteith (Allen et al., 1998)
methods are commonly used.

2. Water budget calculation: SPEI determines the water budget by calculating
the difference between precipitation and PET for each time period (e.g., 1,
3, 6, 12 months). When this difference is positive, it indicates a water surplus,
while a negative difference indicates a water deficit, representing drought
conditions.
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3. Probability distribution and standardization: The water budget differences
are standardized to fit a normal probability distribution, which results in the
calculation of the SPEI value. This standardization allows for the
comparison of drought events across different time periods and spatial
locations.

Co+ CLW + C,WW?2 )

SPEI =W — ,
1+ d,W +d,W? + dW3

where Co = 2.515517, C; = 0.802853, C, = 0.010328, d; = 1.432788,
d, = 0.189269, d; = 0.001308 are constants.

If P<0.5 then W = /—2In[P]
If P>05then W = ,/—2In[1 — P]

P is the probability of exceeding a specific D value (Wang et al., 2021).

4. Interpretation of SPEI values: Similar to SPI, the SPEI can have positive or
negative values, and based on these values, drought or excessive rainfall
conditions are classified in the same manner as shown in Table 2.

2.4.2. Features and advantages of SPEI

The standardized precipitation evapotranspiration index (SPEI) is a powerful tool
for assessing the impact of climate change on drought by considering temperature
increases. By incorporating factors such as precipitation, temperature, and
evapotranspiration, SPEI becomes more sensitive to climate change. This
comprehensive approach not only allows for a more accurate detection of drought
severity but also provides a significant advantage for climate change studies. Like
the SPI, the SPElI can be calculated over both short (e.g.,
1 month) and long (e.g., 12 months or more) time scales, offering flexible
applications for both meteorological and agricultural drought analyses.

The SPEI has a wide range of applications in meteorological, agricultural,
and hydrological drought analyses. By considering not only precipitation deficits
but also the effects of temperature and evaporation, it allows for a more accurate
assessment of the impacts of drought on agricultural production and water
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resources. This feature makes the SPEI an ideal indicator, especially for climate
change studies. Over the long term, the effect of temperature increases on drought
severity can be effectively analyzed using the SPELI.

The different time scales of the SPEI provide an opportunity for detailed
assessment according to specific needs. The one-month SPEI is ideal for detecting
short-term precipitation and evaporation imbalances, highlighting immediate
drought conditions. The six-month SPEI focuses on seasonal and medium-term
water balance analyses, playing a crucial role in agricultural and irrigation
planning. The twelve-month SPEI, on the other hand, analyzes long-term trends
in precipitation and evapotranspiration, relating to long-term hydrological
processes such as reservoir levels, river flows, and groundwater.

Overall, the versatile nature of the SPEI and its sensitivity to climate change
make it a unique tool for drought analysis and resource management. By
addressing the effects of temperature increases and changes in water balance, it
provides valuable contributions to both scientific research and policy
development processes.

2.5. Reconnaissance drought index (RDI)

The reconnaissance drought index (RDI) is an index used in drought analysis,
based on the relationship between precipitation (P) and potential
evapotranspiration (PET), which better represents situations where variables like
temperature affect drought. RDI was developed to identify conditions like
agricultural and hydrological drought, where water demand exceeds supply, and
is one of the indices analyzing the water balance (precipitation —
evapotranspiration difference) (Tsakiris and Vangelis, 2004, 2005; Tsakiris et al.,
2007). There are three different expressions of RDI: the RDI starting value (o),
the Normalized RDI (RDI,), and the Standardized RDI (RDls) (Zarei et al., 2016).

2.5.1. RDI calculation steps

1. Data collection: To calculate the RDI, precipitation (P) and potential
evapotranspiration (PET) data are required. PET data is typically calculated
using meteorological variables such as temperature, wind speed, humidity,
and solar radiation. These data can be obtained using models like
Thornthwaite or Penman-Monteith.

2. Climatic water budget: The RDI calculates the water budget by dividing the
total precipitation (P) by the total potential evapotranspiration (PET) for a
specific time period. The basic formula is as follows:

j=k
W _ _Zj=1 Py

= — i=1toN 3)
k ]:k ’1
Y-, PET};
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The RDI initial value (ay,) is calculated in a time basis of k (months) as the
following equation. where Pj and PET; the precipitation and potential
evapotranspiration of the jth month of the hydrological year and the
precipitation and potential evapotranspiration of the ith year and N is total
number of years. The hydrological year for the Mediterranean region starts
in October, hence for October k=1. Here, RDI, represents the RDI value for
a specific time period. This formula measures the capacity of precipitation
to meet evapotranspiration.

L0
RDIPV ==k _1 (4)
294

3. Gamma distribution and standardization: RDI values are standardized
according to the Gamma distribution to analyze the anomalies in the water
budget for a specific region and period (Tigkas et al., 2013). This
standardization process results in the calculation of the Standardized RDI
(RDlIg). RDIg allows for the comparison of drought events across different
geographic regions and time periods (Tsakiris and Vangelis, 2005).

o _ y,E‘) — Vi _ 0 ©)
RDIY) == —==In ()
y

where y; is the In(ay), ¥ is the arithmetic mean of y, and oy, is its
standard deviation.

5. Interpretation of RDI values: Like SPI and SPEI, RDI also has positive and
negative values and uses the same classification (Table 2).

2.5.2. Features and advantages of RDI
The reconnaissance drought index (RDI) reflects drought severity in a more
realistic manner by considering not only precipitation data but also meteorological
variables such as temperature and evapotranspiration. Its ability to account for the
increase in evapotranspiration caused by rising temperatures makes RDI a suitable
tool for analyzing the impacts of climate change. Like SPI and SPEI, RDI can be
used for both short-term (e.g., 1 month) and long-term (e.g., 12 months or longer)
drought analyses. This flexibility provides a wide range of applications in
meteorological and agricultural drought assessments. Furthermore, RDI’s
combined evaluation of water supply (precipitation) and water demand
(evapotranspiration) offers a unique advantage, particularly in the context of
agricultural and water resources management.

The RDI plays a critical role in agricultural and hydrological drought
analyses. In terms of agricultural drought, it directly measures the water demand
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of plants, allowing for a detailed assessment of the impact of drought on
agricultural production. In the context of hydrological drought, it serves as an
important decision support tool in managing reservoirs, lakes, and groundwater
resources. Additionally, in climate change studies, RDI stands out as an effective
indicator for analyzing the long-term effects of rising temperatures and changing
water budgets.

The different time scales of the RDI allow for a more detailed and scaled
analysis of drought processes. A one-month RDI is used to assess short-term water
imbalances, particularly effective in monitoring sudden impacts such as
agricultural water stress. A six-month RDI reveals seasonal water imbalances,
supporting critical decisions in agriculture and natural resource management. A
twelve-month RDI analyzes long-term changes in the water balance, providing a
foundation for strategic planning regarding reservoir levels, groundwater, and
river flows.

Overall, the multidimensional structure of the RDI and its comprehensive
approach, which incorporates climate variables, make it a valuable tool for the
sustainable management of water resources and the mitigation of agricultural
drought impacts. The flexibility it provides in both short-term and long-term
applications makes the RDI a key component in drought analysis and
management.

2.6. Machine learning

Machine learning is a field of technology capable of analyzing large amounts of
data, discovering patterns, and predicting future events. In drought analysis and
prediction, machine learning plays a crucial role, especially in the sustainable
management of water resources. The machine learning models used in this field
aim to predict future drought conditions by analyzing past trends in climate data.
These predictions help develop strategies to reduce drought risk and manage water
resources more effectively. In this study, the Random Forest algorithm has been
chosen to make future drought predictions. The reason for this choice is its ability
to handle complex and multivariable data. Primarily, it offers strong performance
in regression problems, allowing for accurate predictions of drought intensity and
duration based on drought indices. Additionally, this model stands out for its
ability to identify important features in high-dimensional datasets, which helps
select the most effective meteorological and environmental factors for analysis,
thus improving the model's accuracy. Furthermore, since Random Forest can
detect anomalies, it is effective in identifying extreme drought events and unusual
climate conditions. With these capabilities, it emerges as a reliable and flexible
method for drought analysis and prediction.

Random Forest is a powerful and flexible machine learning method used for
both classification and regression problems within supervised learning algorithms.
This algorithm is an ensemble model made up of multiple decision trees (Breiman,
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2001). Random Forest aims to make more accurate and balanced predictions by
reducing the weaknesses of individual decision trees. The term "random" refers to
the model's process of making random selections between both data subsets and
features, which helps reduce the risk of overfitting (Pedregosa et al., 2011).

2.6.1. The basic features of the Random Forest algorithm

Ensemble structure: Random Forest combines multiple independent decision
trees. Each tree is trained on a randomly selected subset of data and a random
subset of features. As a result, the trees make different predictions, which
enhances the overall performance of the model.

Bagging (bootstrap aggregating): Bagging is a technique where the model is
trained on different subsets of data. In Random Forest, each decision tree is
trained using random samples drawn from the original dataset. This method
reduces the model's variance and helps achieve more generalized results.
Random feature selection: When building each decision tree, a random
subset of features is considered at each node, rather than using all features.
This increases the diversity of the model, reduces the dependence between
the trees, and enhances the overall performance.

2.6.2. Working steps of Random Forest algorithm

1.

Creating trees with subsets of the dataset: Random Forest creates multiple
decision trees using randomly selected subsets of the original dataset through
the bootstrap method.

Training the trees: Each tree is trained independently based on these subsets.
At each node of the tree, a random subset of features is selected, and the best
feature for splitting is chosen.

Combining predictions: The model combines the outputs of each decision tree.
In classification problems, the majority vote of the trees is considered. In
regression problems, the average of the predictions made by all trees is taken.
Determining the final result: The model produces the final result by majority
vote (for classification) or by averaging the predictions (for regression).

2.6.3. Advantages of Random Forest
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Prevention of overfitting: Decision trees are prone to overfitting, but
Random Forest mitigates this issue. When multiple different trees are
created, the model’s overall tendency prevents it from becoming overly
sensitive to noise in the dataset.

Low variance: Trees trained on different subsets of data through bagging
reduce variance, which enhances the model’s ability to generalize.

Feature importance ranking: Random Forest can measure the importance of
each feature in the model. This is particularly useful for identifying key
features as well as irrelevant ones in the dataset.



« Success with imbalanced datasets: Random Forest can yield effective results
when working with imbalanced datasets. Some trees may give more weight
to the rarer classes, improving performance on these classes.

. Parallel processing capability: Since the trees are trained independently,
Random Forest can be run in parallel, which provides a time advantage when
working with large datasets.

2.6.4. Disadvantages of Random Forest

« Slower predictions: Since Random Forest uses a large number of decision
trees, the prediction time may be longer compared to individual decision
trees.

. Memory usage: The creation of multiple trees requires more memory, which
can be demanding, especially with large datasets.

« Interpretability: While a single decision tree is relatively simple and
interpretable, the hundreds or even thousands of trees in a Random Forest
model make it less interpretable.

2.6.5. Application areas of Random Forest

« Classification problems: It is commonly used in classification problems such
as medical diagnosis, customer segmentation, and credit risk assessment.

« Regression problems: Random Forest is also highly successful in regression
problems where predictions need to be made, such as in climate change
studies, housing price forecasting, and agricultural productivity.

« Feature selection: Random Forest can be used to identify important features
in high-dimensional datasets.

« Anomaly detection: It is an effective method for detecting anomalous data
points.

2.6.6. Parameters of Random Forest
n_estimators: It specifies the number of decision trees to be used in the model.
Recommended value range:

« 5-30 (for small datasets).

. 10-100 (for large and complex datasets).
max_depth: It limits the maximum depth of each decision tree.
Suggested value range:

« 5-30 (for small datasets).

« 10-100 (for large and complex datasets).
random_state: It is a fixed seed value used in random number generation.
Recommended value range:

« It can be any fixed number.
In the modeling process with the Random Forest algorithm, the steps in the
flowchart in Fig. 2 have been followed.
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Climatic variables such as precipitation,

L minimum temperature, maximum

PR AEL e temperature, average temperature, sunshine
duration, relative humidity, wind speed,

evaporation, and water balance.

- Correction of data and preparation
in the appropriate format.

- Splitting into training and testing
datasets (80% Training - 20%
Testing).

Data Processing

Applying algorithms to select features and
determine the optimal settings for the model.

- Metrics  for  evaluating model
performance:
0 Mean Absolute Error (MAE),
Root Mean Square Error
—¥ (RMSE), R2, MDA, MDG, etc.
- Model calibration and validation ensure
the reliability of the results.
/ - Feature Selection: \
0 The relative importance of
climatic variables is
determined using partial

dependence plots.
- Drought Prediction:
0 Estimating drought severity
using SPEI.
0 Mapping drought frequency.

J

o

Fig. 2. Flowchart of the Random Forest algorithm implementation.
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In this study, the Random Forest algorithm was applied using a Python-based
code developed to model time series data and make future drought predictions
(see Appendix 1). The model was designed to work with drought indices such as
SPI (standardized precipitation index), SPEI (standardized precipitation
evapotranspiration index), and RDI (reconnaissance drought index). In the first
step, the datasets for these indices were scaled, and input (features) and target
variables were created using 12 months of historical data. The dataset was split
into 80% training and 20% testing subsets.

The regression variant of the Random Forest algorithm, the
RandomForestRegressor, was configured as an ensemble model consisting of 10
decision trees (n_estimators=10). Each decision tree was trained on different
subsets of the dataset and branched up to a maximum depth of 55 (max_depth=55)
to enhance prediction performance. After the model training was completed,
predictions were made on the test data and compared with the actual SPI, SPEI,
and RDI values through inverse scaling. The predicted values were visualized
along the time axis, generating graphs to understand drought trends in past and
future periods.

The model generated monthly predictions covering a 50-year future period,
presented as a continuous time series. In addition to the forecasts, the model's
performance was evaluated using Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and R2 metrics. For instance, the RMSE value was low on
the training data, and the R2 score exceeded 0.85, indicating the model's strong
accuracy and predictive capability.

The obtained results provide a comprehensive evaluation for validating past
drought trends and generating future projections. All predictions and analysis
outcomes were saved in an Excel file along with graphical representations,
enabling researchers to examine the data more conveniently. This approach once
again highlights the effectiveness of the Random Forest algorithm in handling
multidimensional climatic variables.

2.7. Model evaluation metrics

Model validation is an important step in testing the accuracy and reliability of
machine learning models. In this process, researchers have utilized various
statistical metrics (Nabavi-Pelesaraei et al., 2018; Chen et al., 2021). To evaluate
the performance and reliability of the applied models, we used RMSE, MAE, and
R2 metrics:
« Root mean square error (RMSE): The square root of the average of the
squared errors of prediction. A low RMSE value indicates that the model has
more accurate predictions.
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2
RMSE = JZ&L(YMN ~ Yprea) (6)

« Mean absolute error (MAE): The average of the absolute differences
between the actual and predicted values. A low MAE indicates better model
accuracy.

E?’:1|Yobs - Ypredl (7)

MAE =
N

« R2 (coefficient of determination): Represents how much of the variance in
the data is explained by the model. The closer Rz is to 1, the higher the
accuracy of the model.

Zliv=1(Yobs - m) (Ypred - pred)

RZ_
\/ZI.V (Yops — Y, )ZJZN (Yprea — Y, )2
i=1\Yobs obs i=1\Ipred pred

(8)

In the above equations, Yqps represents the actual dependent variable, Ypred
represents the predicted dependent variable, and N denotes the number of
observations. As a general rule, models with lower RMSE and MAE values, and
higher R2 values, are considered more accurate and reliable for prediction during
the testing phase.

3. Results and discussion
3.1. Frequency analysis of drought indices

The frequency analysis results of SPI, SPEI, and RDI values for the selected time
scales at the Spanish stations have been calculated, and the relative frequency
results are presented in Tables 3 to 19 of Appendix 2. The results have been
classified according to the dry and wet categories. For all frequencies, considering
dryness, the range of values has varied from 0% to 32% for SPI, 16% to 33% for
SPEI, and 6% to 26% for RDI.

Upon detailed examination, according to the SPI analysis results, the highest
relative frequency in the moderate dryness category is 12%, observed at the
Huesca station on the 12-month timescale. Meanwhile, the highest relative
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frequency in the extreme dryness category is 8%, observed at the Barcelona and
Sevilla stations, also on the 12-month timescale.

According to the SPEI results, the highest relative frequency in the moderate
dryness category is 12%, observed at the Valladolid and Huesca stations on the
1-month and 3-month timescales, respectively. In the extreme dryness category,
the highest relative frequency is 6%, observed at the Barcelona station on the
12-month timescale.

According to the RDI analysis results, the highest relative frequency in the
moderate dryness category is 14%, observed at the Bilbao station on the 6-month
timescale. In the extreme dryness category, the highest relative frequency is 6%,
observed at different stations across all timescales.

3.2. The observed and future changes of meteorological drought events
according to time series.

For each station examined in Spain, time series graphs containing observed data,
training data, test data, and forecast values determined by the Random Forest
method were generated for each 1, 3, 6, 9, and 12-month time period by the
developed software (a total of 810 graphs for 54 stations). As an example, the SPI,
SPEI, and RDI time series graphs for the 1-month calculation period at the Ibiza
station are presented in Fig. 3. Upon examining the SPI, SPEI, and RDI outputs,
it was observed that, as the time scale increased, the drought trend generally
became more pronounced, the frequency of drought periods decreased, but there
was a relative increase in the duration and severity of drought.

The wet and dry periods, which were relatively ambiguous at the one- and
three-month time scales, began to become more distinct starting from the six-
month time scale. When comparing the SPI, SPEI, and RDI values at the selected
time scales, although the temporal development of both indices showed
similarities, some small differences were observed in the characteristic features
of drought periods (frequency, magnitude, and severity). The differences in the
fluctuations and continuity characteristics of these indices representing drought
features tend to decrease as the time scale increases.
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Fig. 3. Time series graphs for the Ibiza Station: a) 1-month SPI, b) 1-month SPEI, c) 1-month
RDI.
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3.3. The temporal and spatial pattern of drought intensity and frequency.

Using the selected model based on region-specific SPI, SPEI, and RDI, as well as
the influential meteorological parameters, drought intensity was mapped for Spain
from 1973 to 2023 based on observed data and from 2024 to 2073 based on
predicted future data across different time scales (Figs. 7, 8, and 9).

By summing the dryness values (SPI <= -1) experienced in the region and
dividing by the total time, the SPI-based temporal drought values proposed in this
study were determined. According to the SPI-based temporal drought values,
spatially, it was found that short-term drought intensity occurred in the northern
part of the country, while longer-term drought occurred in the central, eastern, and
southern regions. For longer periods, the calculations indicated that drought
shifted to the central and southern areas of Spain, and in future predictions,
drought risks were observed to emerge particularly in the western regions. In the
periodic evaluation, it was determined that the intensity of drought predicted to
occur in the future would increase (Fig 4).

When looking at the SPEIl-based temporal drought values, it has been
determined that short-term drought observed spatially is more prominent in the
central and southern parts of the country, while longer-term drought is more
pronounced in the western and northern regions. Future predictions indicate that
the intensity of drought is shifting from the southern part of the country towards
the eastern and western regions. In the periodical assessment, the SPEI-based
temporal drought value is expected to peak at -1.43 during the 12-month period
(Fig 5).

Looking at the RDI-based temporal drought values, it has also been
determined that short-term drought events are particularly impactful in the
northern regions of the country, while longer-term drought, as seen in the maps,
is more intense in the eastern and western regions, affecting the entire country. In
the periodical assessment, it has been concluded that the intensity of future
droughts is expected to increase compared to the observed drought intensity (Fig
6).
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Fig. 4. Detection of drought over time based on SPI (a) observed (b) future
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Fig. 5. Detection of drought over time based on SPEI (a) observed (b) future
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Fig. 6. Detection of drought over time based on RDI (a) observed (b) future.
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3.4. Performance of machine learning models

Among machine learning methods, Random Forest is highly successful
modeling multiple variables and complex relationships. In this study, the Random
Forest algorithm was used to predict drought indices and make future drought
predictions. 80% of the data was used for training, while 20% was reserved for
testing. The performance of the obtained test data was evaluated. To assess the
model's performance, the Rz, MAE, and RMSE performance metrics were used.
The results obtained are shown in Figs. 10, 11, and 12. It was found that the R?
values for the 1-month results were lower compared to other time scales.
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Fig. 9. Evaluation metrics for stations a) evaluation for 1-month RDI, b) evaluation for 3-month
RDI, c) evaluation for 6-month RDI, d) evaluation for 9-month RDI, €) evaluation for 12-month
RDI (continued)
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3.5. Correlation of stations

The correlation coefficients between the stations in Spain were calculated for SPI,
SPEI, and RDI values across 1, 3, 6, 9, and 12-month time scales (Appendix 3,
Figs. 14, 15, and 16). The relationships between meteorological stations were
examined across different time scales. The results show that many stations have
very high correlation values in terms of drought behavior.

4. Summary and conclusions

This study combines SPI, SPEI, and RDI indices (Zhou et al., 2013; Tao et al.,
2014; Nandgude et al., 2020) with the Random Forest machine learning algorithm
to understand the meteorological drought dynamics in different regions of Spain
and make future predictions. One of the most unique contributions of the study is
the introduction of a new mapping approach applied for the first time in drought
analysis. This method, by identifying the temporal and spatial patterns of drought
with high accuracy, offers significant advantages both scientifically and
practically.

The results indicate that drought intensity and duration will increase in
different regions of Spain, particularly in the southern and central areas, where
long-duration drought events will become increasingly severe. Additionally, the
northern regions are found to be at a higher risk of short-term droughts. The new
drought mapping method, by visualizing these spatial differences, has allowed for
the development of region-specific intervention strategies for decision-makers.
The maps provide more detailed information about drought intensity and
frequency at the regional level, facilitating effective planning at the local scale.
Based on time series, this method offers a powerful tool for understanding the
temporal variations in drought trends and it can be adapted to different drought
indices and time scales, creating a wide range of applications for various
environmental and climatic scenarios.

The findings suggest that different regions of Spain should be classified
based on their drought risk. With the new mapping method, the following
recommendations can be made for developing short- and long-term water
management strategies:

1. Drought management strategies: In southern regions, investments in
water-saving technologies and sustainable agricultural practices should be
prioritized to reduce the risk of prolonged droughts. In northern regions,
early warning systems and crisis management plans can be developed to
mitigate the impacts of short-term droughts.

2. Guidance for policymakers: The new mapping method provides concrete
guidance for regional policymakers in the process of creating risk reduction
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strategies. For example, the distribution and prioritization of water resources
can be optimized based on these maps.

3. Advancement of machine learning methods: The success of the Random
Forest algorithm could be enhanced by incorporating more complex models
(e.g., Deep Learning) in the future. This would improve the accuracy of
predictions and the reliability of regional forecasts.

4. Addressing climate change: The findings show that the drought mapping
method is an effective tool for identifying the regional impacts of climate
change and developing adaptation strategies for these impacts. It can serve
as a fundamental data source for climate change adaptation plans.

5. Future research: The drought mapping method can be generalized by
testing it in different geographical areas and drought conditions.
Additionally, integrating this method with different meteorological datasets
and modeling techniques will allow for more comprehensive results.

In conclusion, this study makes significant contributions to both scientific
literature and practical policies. The newly developed drought mapping method
provides a clearer representation of Spain's drought conditions and risks, aiding
in the development of sustainable water management and agricultural policies.
Such innovative approaches not only offer a strong model for Spain but also serve
as a valuable tool for other regions facing similar climatic challenges.
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APPENDIX 1

import numpy as np

import pandas as pd

from sklearn.ensemble import RandomForestRegressor

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

from sklearn.model_selection import train_test_split

import matplotlib.pyplot as plt

import os

# Load data
data = pd.read_csv('spi_data.csv")

# Convert to DateTime format
data['date] = pd.to_datetime(data['date'])
data.set_index('date’, inplace=True)

# Extract SPI values
spi_values = data['spi‘].values.reshape(-1, 1)

# Scale data
scaler = MinMaxScaler(feature_range=(0, 1))
spi_scaled = scaler.fit_transform(spi_values)

# Prepare training and test data
def create_dataset(dataset, look_back=1):
X, Y=0.1
for i in range(len(dataset) - look_back):
a = dataset[i:(i + look_back), 0]
X.append(a)
Y .append(dataset[i + look_back, 0])
return np.array(X), np.array(Y)

look_back =12 #1 year
X,y = create_dataset(spi_scaled, look back)

# Split into training and test sets
X train, X test, y train, y test = train_test split(X, y, test size=0.20,
shuffle=False)
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# Create and train the model

model = RandomForestRegressor(n_estimators=10, = max_depth=55,
random_state=900)

model.fit(X_train, y_train)

# Make predictions
train_predict = model.predict(X_train)
test_predict = model.predict(X_test)

# Inverse scale the predictions

train_predict = scaler.inverse_transform(train_predict.reshape(-1, 1))
y_train = scaler.inverse_transform(y_train.reshape(-1, 1))
test_predict = scaler.inverse_transform(test_predict.reshape(-1, 1))
y_test = scaler.inverse_transform(y_test.reshape(-1, 1))

# Add predictions to the time axis

train_predict_plot = np.empty_like(spi_values)

train_predict_plot[:, :] = np.nan

train_predict_plot[look _back:len(train_predict) + look_back, :] = train_predict

test_predict_plot = np.empty_like(spi_values)

test_predict_plot[:, :] = np.nan

test_predict_plot[len(train_predict) + look_back:len(test_predict) +
len(train_predict) + look_back, :] = test_predict

# Plot the predictions

plt.figure(figsize=(15, 6))

plt.plot(data.index, spi_values, label="Actual VValues')
plt.plot(data.index, train_predict_plot, label="Training Predictions')
plt.plot(data.index, test_predict_plot, label="Test Predictions’)
plt.legend()

plt.savefig('prediction_results_spi.png")

plt.show()

# Create a list for future predictions
future_predictions =[]
last_data = spi_scaled[-look_back:].reshape(1, look back)

for _inrange(50 * 12): # 50 years, monthly predictions
future_pred = model.predict(last_data)
future_predictions.append(future_pred[0])
last_data = np.append(last_data[:, 1:], future_pred.reshape(1, -1), axis=1)
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# Inverse scale future predictions
future_predictions =
scaler.inverse_transform(np.array(future_predictions).reshape(-1, 1))

# Combine future predictions with time series

future_dates = pd.date_range(start=data.index[-1] + pd.DateOffset(months=1),
periods=50*12, freq='"M")

future_spi = pd.DataFrame(data=future_predictions, index=future_dates,
columns=['spi'])

# Create a new DataFrame to show results from 2023 onward
start_date ='2023-12-01"'

result_index = data.index.append(future_spi.index)

results = pd.DataFrame(index=result_index)

# Add actual values
results['Actual Values'] = np.nan
results['Actual Values'].loc[data.index] = data['spi']

# Add training and test predictions
results[' Training Predictions'] = np.nan
results[' Test Predictions'] = np.nan

train_predict_index = data.index[look_back:len(train_predict) + look_back]
test_predict_index = data.index[len(train_predict) +
look_back:len(train_predict) + look_back + len(test_predict)]

results.loc[train_predict_index, "Training Predictions'] = train_predict.flatten()
results.loc[test_predict_index, 'Test Predictions'] = test_predict.flatten()

# Add future predictions
results['Future Predictions'] = np.nan
results.loc[future_spi.index, 'Future Predictions'] = future_predictions.flatten()

# Save results to Excel
results.to_excel('spi_prediction_results_1.xlsx")

# Plot future predictions separately

plt.figure(figsize=(15, 6))

plt.plot(future_spi.index,  future_spi['spi],  label="Future  Predictions,
color="red")

plt.title("Future Predictions’)
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plt.xlabel('Date")

plt.ylabel('SPI Value')

plt.legend()
plt.savefig(‘future_predictions_spi.png')
plt.show()

# Plot combined results

plt.figure(figsize=(15, 6))

plt.plot(results.index, results['Actual Values'], label="Actual Values")
plt.plot(results.index,  results['Training  Predictions],  label="Training
Predictions")

plt.plot(results.index, results['Test Predictions'], label="Test Predictions")
plt.plot(results.index, results['Future Predictions'], label="Future Predictions")
plt.legend()

plt.savefig('SPI1_1.png’)

plt.show()

# Calculate performance metrics

train_rmse = np.sqrt(mean_squared_error(y_train, train_predict))
train_mae = mean_absolute_error(y_train, train_predict)
train_r2 = r2_score(y_train, train_predict)

print(f"Training RMSE: {train_rmse}")
print(f"Training MAE: {train_mae}")
print(f"Training R2: {train_r2}")

# Create folder for saving plots
os.makedirs(‘plots_spi', exist_ok=True)

# Save plots to folder

plt.figure(figsize=(15, 6))

plt.plot(data.index, spi_values, label="Actual Values')
plt.plot(data.index, train_predict_plot, label="Training Predictions’)
plt.plot(data.index, test_predict_plot, label="Test Predictions’)
plt.legend()

plt.savefig('plots_spi/prediction_results_spi.png’)

plt.show()

plt.figure(figsize=(15, 6))

plt.plot(results.index, results['Future Predictions'], label="Future Predictions")
plt.legend()

plt.savefig('plots_spi/future_predictions_spi.png")

plt.show()
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plt.figure(figsize=(15, 6))

plt.plot(results.index, results['Actual Values'], label="Actual Values')
plt.plot(results.index,  results['Training  Predictions],  label="Training
Predictions')

plt.plot(results.index, results[ Test Predictions'], label="Test Predictions')
plt.plot(results.index, results['Future Predictions'], label="Future Predictions")
plt.legend()

plt.savefig(‘plots_spi/SPI_1.png")

plt.show()
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APPENDIX 2

Table 3. Percentage classification values of drought based on 1-month SPI results (%)
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Table 4. Percentage classification values of drought based on 3-month SPI results (%)
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Table 5. Percentage classification values of drought based on 6-month SPI results (%)
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Table 6. Percentage Classification Values of Drought Based on 9-Month SPI Index Results (%)
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Table 7. Percentage classification values of drought based on 12-month SPI results (%)
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Table 8. Percentage classification values of drought based on 1-month SPEI results (%)
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Table 9. Percentage classification values of drought based on 3-month SPEI results (%)%)
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Table 10. Percentage classification values of drought based on 6-month SPEI results (%)%)
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Table 11. Percentage classification values of drought based on 9-month SPEI results (%)
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Table 12. Percentage classification values of drought based on 12-month SPEI results (%)
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Severely Dry 5| 82[ 98] 93] 92 68 7.

Extremely Dry

<-2.0
Total %
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Table 13. Percentage classification values of drought based on 1-month RDI results (%)

Extremely Wet

Near Normal

Dry

[Severely Dry

Extremely Dry <20

Total %) 100
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Murcia-San Javier

Palma de Mallorca

Pamplona-Noain
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oo
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Near Normal
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Severely Dry
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Total %| 100

100

100

100
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100
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Table 14. Percentage classification values of drought based on 3-month RDI results (%)

Extremely Wet

Near Normal

Castellon-Alamazora

Guadalajara

Jerez de Ia Frontera

Leon-Virgen del Camino

29 79| 7.4l 123]

Logrono-Agoncillo

Moderately Dry [ 118[ 153] 11.3] 18] 11.8] 12.3] 94 108] 90|
Severely Dry [ 64["50] 64 [ 5.9
Extremely Dry
2 . © ] a
s g g gl = ® £ w
R I I ) |3
z © < = © © 2 v 2
s| 3| 3 5 s| Bl Bl 8 ¢ g 3| 8 & . A s
2| | B| Bl E| Bl B| Bl B gl 2 3| E| % f| E| s 2| el 2| B B 2| i gl g ok
S| 2| 2 3| 3| §| 3| s & 2| & &| a| & & 3| & & 8| 5| 2| 5| 5| £ £ & 4§
Extremely Wet >2.0 3.9] 3.9 3.0 3.0]
Very Wet 1.5-2.0 5.4 4.9] 34| 44| 39| 7.4 6.4 44| 34| 39| 4.4 49| 39 39| 39 3.4 39| 34 5.9
Moderately Wet 10-15] 16.7| 89 94| 79| 103 108 89| 44| 59| 94| 94| 94| 84| 59[ 125 79| 84 59/ 59| 103| 54 153| 3.9| 13.3| 115 9.4| 103
Near Normal
Moderately Dry 10.5| 9.9 11.8| 10.8) 99| 6.4| 7.4| 7.9| 13.8 89| 115/ 10.0( 12.8| 13.8| 10.8| 9.9| 11.8| 89| 9.9 89| 94| 74| 12.3] 10.3| 9.4| 13.8| 10.8
7.9 5.9 5.9 7.4 5.4 99| 74| 59 6.9 6.4]
100| 100 100| 100| 100| 100| 100| 100| 100 100| 100| 100| 100| 100| 100{ 100{ 100 100/ 100| 100| 100| 100| 100{ 100 100 100| 100
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Table 15. Percentage classification values of drought based on 6-month RDI results (%)

Castellon-Alamazora

serez de Ia Frontera

Leon-Virgen del Camino
ﬂg Logrono-Agoncil

Barcelona
Caceres
Cordoba
Granada
Guadalajara
La Coruna

5

Albacete
Asturias

Extremely Wet
Very Wet .0 5. 3.0 40] 40 40[ 50 | s.9] [ 39

| 40l 69] 30l
Moderately Wet | 10-1.5 | 89| 3 | 56| 119] 99| 59| 89 11.9] 66] 50| 158 | 09 99| s 89| 139] 99|

Near Normal

Moderately Dry 10] 109] 11.6] | 79] [ 139] so] 79|
[severely Dry. | s.0] | 5.0 69 59| 50
[ 59

Extremely Dry

[ 5[ sof [ 50|
200[ 100] 100] 100] 100 100[ 100] 10 200 100] 100] 100] 100[ 100[ 100] 100] 100] 100] 100[ 1200] 100] 100] 100]

Moron de la Frontera
Murcia-San Javier
Pamplona-Noain
Pontevedra

San Sebastian-lgueldo
santander

santiado de Compostela
Valencia Viveros
Valladolid
Vigo-Peinador

£ |Palma de Mallorca

Extremely Wet >2.0
Moderately Wet | 1.0-1. 1 I ] . X .9 79| 40| so| 129 79| 6.9 s 106[ 30] 69 7.9 | so| 89[ 69 59 59| 96] 9.9 7.9
Near Normal

[Moderately Dry 5L 0| 99| 119 99| 11.9] 99 7.9 11 | 99| s9[1 99| 9 | 109] 11.9]
2.0--1. . of s.9] so| sof 79 9| 59 9.9] 0| 5.9] 99 8
[ o] [ so]

Table 16. Percentage classification values of drought based on 9-month RDI results (%)

P
£
[ o E
H g 2
) £ 5 3 2
g 3 © &
M ] 3 g Sloe| 8 2
gl o 9| % 5 W el & gl . sl ® o o S| £ ° -
8§ 5| S &l sl B gl =| Bl sl E| < g B| | 2 B o 5 & Il el g E| B 2
2| E| g B 5| 2 5 B 8 3 s| 3| 2| £ ¢ s 3 3 8 = - gl 3| 2| 2| = 7}
< < < @ @ o @ O o v] o o [9) [c) ] [5] I E =2 ] ) 3 =1 3 = 2 >
Extremely Wet >2.0 4.0] 4.0 4.0 4.0] 4.0] 4.0[ 4.0]
Very Wet 1.5-2.0 4.0] 40( 40[ 40[ 8.0 10.0| 10.0f 6.0] 6.0 6.0] 4.0]
Moderately Wet 10-15 40| 80/ 80| 139 80| 6.0/ 80| 139) 139/ 80| 60/ 40/ 80| 119] 6.0 11.9| 139 10.0| 6.0 13.9| 4.0/ 6.0/ 139 10.0] 8.0] 4.0]
Near Normal
Moderately Dry 80| 80| 10.0| 8.0[ 11.9) 80[ 13.9| 13.9] 6.0 10.0{ 17.9 13.9] 13.9] 8.0] 10.0| 10.0] 13.9] 10.0| 8.0 119 10.0] 11.9|
|Severely Dry - 6.0| 8.0| 10.0{ 13.9 6.0 6.0| 10.0| 6.0 10.0 6.0) 8.0 10.0]
Extremely Dry <-2.0 6.0/ 6.0
Total%| 100( 100{ 100| 100| 100| 100 100/ 100| 100| 100| 100| 100| 100| 100/ 100| 100| 100| 100| 100| 100 100( 100| 100| 100| 100| 100| 100

Molina di Aragon
Moron de la Frontera
Murcia-San Javier

Palma de Mallorca
pamplona-Noain

an Sebastian-Igueldo
Santiado de Compostela

Vigo-Peinador

Ponferrada
Pontevedra
Santander

0|

v

~

o
S
o

Extremely Wet
Very Wet 15-20 | aol 20[ o[ 20 cof 4o[ o720 sof 4o [ 69|

Moderately Wet [ 1.0-1.5 | 11.9] a0l 60] 119] 199] 12.9] 60[ 159/ 60l 20] 60 119] 8o[ 80| 119]
Near Normal

Moderately Dry X | 100] 8o 60| 8.0] 11.9] 8.0[ 81| 100[ 6.0[ 11 10.0[ 10.0 10.0] 10.0[ 10.0|
6.0] 6.0] 6.0[ 13.9 60| 6.0 6.0] 6.0] | 8.0
| 60l

Severely Dry . | so[ 6o 40 0]
<-2.0

Toul%

Extremely Dry
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Table 17. Percentage classification values of drought based on 12-month RDI results (%)

Castellon-Alamazora
serez de la Frontera
Leon-Virgen del Camino
Logrono-Agoncillo

Extremely Wet >2.0
Very Wet 1.5-2.0 | 80[ s0f [ 40]
Moderately Wet [117] [ 10.0]

Near Normal -1 X
Moderately Dry _|-1. 13.7]_14.0] 10.0] 100[ 12.0] 100] | 12.0] 60|
Severely Dry .0--1. 6.0 60| 60 6.0] 60 | 6.0

Extremely Dry

Oviedo
Palma de Mallorca
o
g M
g m
Salamanca
gsannada de Compostela

Moron de la Frontera
Pamplona-Noain

Valencia Viveros
Vigo-Peinador

Menorca
Ponferrada

Extremely Wet >2.0
Very Wet
Moderately Wet

Near Normal 4 i

Moderately Dry _|-1. | 120[ 160 80| 100] 100 120] 12.0] 80[ 140] 120] 40| 100[ 100 100] 180] 80| 60| 17.7] 100 97| 120 120] 120 80|
Severely Dry | 6.0 | 6.of B0 6o 40| 6.0[ 100] | 60l 60[T30] sol 6oll00 6]

Extremely Dry
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9, and 12 months) (a, b, ¢, d, and €)
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papers in any field of meteorology and
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