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Importance of the work: Meteorological drought indices play a critical role in understanding

the impact of climate change on water resources.

Objectives: To assess meteorological drought indices under future climate change impact in the
Chi River Basin, a drought-prone region in northeast Thailand.

Materials and Methods: The responses to projected climate changes were elucidated

for the widely used standardized precipitation index (SPI) and standardized precipitation
evapotranspiration index (SPEI). Projections indicated shifts in rainfall and temperature based
on three regional climate models (ACCESS, CNRM and MPI) under two commonly used
climate change representative concentration pathways (RCP4.5 and RCP8.5).

Results: Analysis of the SPI and SPEI values derived from computed monthly data for 1 mth,
3 mth and 6 mth drought intervals indicated a temporal shift in drought conditions. Specifically,
SPI exhibited a dry-to-wet-to-dry pattern across the 2020s, 2050s, and 2080s, while SPEI showed
a persistent wet condition in the 2020s and 2050s, followed by a shift to dry conditions in the
2080s. Strong positive correlations (Pearson’s correlation coefficient = 0.86-0.97) between SPI
and SPEI were observed from the 1990s to the 2080s. The SPI signaled potential drought events
across all agricultural areas, while the SPEI indicated unaffected or wet conditions. However,
the SPEI had a slower response to changes in drought conditions compared to the SPI. Model
performance for both the SPI and SPEI showed unsatisfactory alignment with observed data
under RCP4.5 and RCP8.5 during 2011-2020.

Main finding: SPI and SPEI values can be used as components of a composite drought
indicator, aligning with recommendations from the World Meteorological Organization and the
Global Water Partnership in 2016 for a multi-indicator approach to provide a comprehensive
representation of all drought types.
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Introduction

In recent times, there have been marked changes in
global climate parameters, such as rainfall, temperature and
evaporation, as evidenced in Intergovernmental Panel on
Climate Change, 2021). For example, the mean global surface
temperature was approximately 1.09°C higher in 2011-2020
compared to 1850—1900, with a more pronounced increase
over land areas (1.59°C) than over the ocean (0.88°C).
Furthermore, global average rainfall over land areas has
slightly increased since 1950, with a more rapid increase
observed since the 1980s. Climate change has substantially
impacted water resources within the hydrological cycle and
natural disaster management (Schulze, 2000; Zhao et al., 2009;
Shrestha et al., 2016). The rise in greenhouse gas emissions
from human activities is a primary cause of current climate
change (Zhao et al., 2009; Yang et al., 2016; Shrestha et al.,
2021). Thailand has been severely affected by water-related
disasters, such as floods and droughts annually and these
are expected to become more unpredictable and challenging
to manage in the future. For example, in 2021, a drought
disaster in Thailand considerably reduced the total water
capacity in main rivers and reservoirs, leading to a loss of
soil moisture anomalies across land surface areas which had
a profound impact on the 11 million people engaged in farming
and crop production (Promping and Tingsanchali, 2025).
Historically, the Chi River Basin (CRB) has experienced
substantial droughts, impacting an estimated 1.54 million
people and 0.42 million households in 2014, with the impact of
droughts being particularly severe in 2008 and 2012, with more
than 2.5 million people affected each year (Department of
Disaster Prevention and Mitigation, 2025).
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Fig. 1 Number of drought-affected households and population
2008-2014; sourced: Department of Disaster Prevention and Mitigation
(2025)

Pei et al. (2020) reported on drought indices that involved
a comparative analysis of both the standardized precipitation
index (SPI) and the standardized precipitation evapotranspiration
index (SPEI), in Inner Mongolia, China. Their study analyzed
the drought hazard impact using data from 102 meteorological
stations over 1 mth, 3 mth, 6 mth and 12 mth time scales during
1981-2018. They found that both the SPI and SPEI tended
to increase slightly, with the SPEI being more suitable for
drought monitoring in Inner Mongolia. Homdee et al. (2016)
conducted a comparative performance analysis of three climate
drought indices (SPI, SPEI and the standardized precipitation
actual evapotranspiration index, SPAEI) during 1951-2009
in the Chi River Basin, Thailand. Their study concluded that
the SPEI and SPAEI had similar values and performed better
than the SPI regarding agricultural production. Given these
findings, the current study aimed to predict and compare
future drought indices (SPI and SPEI) under climate change
projections with different representative concentration
pathways. The climate projection method simulated daily
rainfall and maximum and minimum temperatures for
1970-2010 (historical) and 2011-2100 (future) periods, using
three regional climate models (ACCESS, CNRM, MPI) under
two representative concentration pathways (RCP4.5 and
RCPS8.5). However, the SPI and SPEI are generally used as
drought indices for monitoring present drought and shortage
impacts on agricultural areas with different drought time
scales: 1 mth for rice, 3 mth for field crops (cassava, maize,
sugarcane) and 6 mth for orchards or perennial crops (coconut,
longan, mango, rubber plantation). The sub-objectives of the
current study were: 1) to evaluate future climate projections
using a linear bias correction formula; 2) to estimate the SPI
from future monthly rainfall; 3) to investigate the SPEI using
monthly rainfall and maximum and minimum temperatures;
and 4) to compare both drought hazard indices with historical
and future time steps: past (the 1990s, 1981-2010); near-term
(the 2020s, 2011-2040); mid-term (the 2050s, 2041-2070);
and long-term (the 2080s, 2071-2100).

Materials and Methods

Study area and data collection

The Chi River Basin (CRB) is located in northeast Thailand
and has a population of 6.6 million people. It covers 14
provinces and drains from west to east, with a river length of
830 km, meeting the Mun River in Ubon Ratchathani province
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before flowing into the Mekong River. The drainage area is
approximately 49,000 km?, consisting of 60% agricultural
area, 31% forest area, 2.9% urban area, 2.5% water body area
and 3.5% other (Prakongsri and Santiboon, 2020). Rice and
field crops dominate the agricultural sector, covering more
than 41% of the paddy field area. The topography features
a large flat-sloped area in the middle and lower parts, with
a range of 103—-1,292 m above mean sea level (Fig. 2).
The Chi River originates from the Dong Phaya Yen Range,
located between the Pasak-Chi River Basin borders in
the upper part of the CRB. The middle and lower parts of
the CRB have extensive agricultural areas, mainly paddy fields,
field crops (cassava, maize, sugarcane), orchards (coconut,
longan, mango,) and rubber tree plantations. The region has
a tropical climate (Homdee et al., 2016) with annual average
rainfall of approximately 1,280 mm and average maximum
and minimum temperatures of 35.9°C and 16.9°C, respectively
(Hydro-Informatics Institute, 2025). The climate can be
divided into three seasons: winter (November—February),
summer (March-mid May) and rainy (mid May—October).
Climatic data for this study was gathered from six
meteorological stations, measured by the Thai Meteorological
Department (TMD) and the Royal Irrigation Department
of Thailand (RID) from Kuntiyawichai et al. (2020).
These data consisted of observed daily rainfall and
maximum and minimum temperatures during 1970-2010.
Three different regional climate models (RCMs) were
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applied to simulate future climate change projections:
ACCESS-CSIRO-CCAM, CNRM-CM5-CSIRO-CCAM and
MPI-ESM-LR-CSIRO-CCAM (Promping and Tingsanchali,
2020; Shrestha et al., 2020; Boonwichai et al., 2021) (developed
by the Collaboration for Australian Weather and Climate
Research, the National Centre for Meteorological Research
and the European Network of Earth System Modelling,
respectively) with high resolution (0.50° % 0.50°/d) under
two commonly used climate change representative
concentration pathways (RCP4.5 and RCP8.5) from
1970-2100. The data were obtained from the CORDEX
(South Asia) data portal (http://ccer.tropmet.res.in/home/
index.jsp) (Ghimire et al., 2021). Data on the affected areas
of past drought events (2011-2020) were collected as points
(approximately 434 and 263 locations for drought and
non-drought locations, respectively), based on Department
of Disaster Prevention and Mitigation (2025).

Methodology

The overall methodology was divided into four steps:
1) climate projection method from daily rainfall and maximum
and minimum temperatures; 2) investigating the SPI using
monthly rainfall; 3) evaluating the SPEI from monthly rainfall
and maximum and minimum temperatures; and 4) comparing
future drought indices (SPI and SPEI) under the different
RCP4.5 and RCP8.5 scenarios (Boonwichai et al., 2018).
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The first step involved bias correction and projection methods
using climatic parameters (daily rainfall, maximum and
minimum temperatures) for the periods 1970-2010 (historical)
and 2011-2100 (future), by applying a linear regression
formula. The future time steps were delineated into three
periods: the 2020s (2011-2040); the 2050s (2041-2070); and
the 2080s (2071-2100). Second, future monthly precipitation
data from the climate change projection method was used
to simulate the SPI, generated using RStudio version 4.4.0
(http://www.R-project.org/), an integrated development
environment for R, a programming language for statistical
computing and graphics (R Core Team, 2024). Third,
the SPEI values were derived from future monthly rainfall
and maximum and minimum temperatures under the RCP4.5
and RCP8.5 scenarios. Monthly SPEI values were simulated
using a standard R-package in the RStudio software for
both the SPI and SPEI indices (Vicente-Serrano et al., 2010;
Cadro and Uzunovic, 2013; Janecka et al., 2022). Fourth,
future SPI and SPEI values were compared at the six
meteorological stations located in the CRB. Drought durations
of 1 mth, 3 mth and 6 mth, corresponding to drought hazard
impacts on rice, field crops (cassava, maize, sugarcane)
and orchards or perennial crops (coconut, longan, mango,
rubber tree), respectively. The trends and differences in
the two drought indices (SPI and SPEI) under the RCP4.5
and RCP8.5 scenarios were determined based on Pearson’s
correlation coefficient values. For validation purposes,
statistical parameters —the coefficient of determination (R?),
Nash-Sutcliffe efficiency (NSE), percent bias (PBIAS) and
mean absolute error (MAE)—were used to compare simulated
SPI and SPEI data under the RCP4.5 and RCP8.5 scenarios
with observed data from 2011-2020.

Climate change projection

Bias correction is a common technique used to compare
and correct simulated and observed climatic data to enhance
the accuracy of simulated climate data (Shrestha et al., 2016).
The linear scaling formula calculates corrected simulation data
from actual simulation data, adjusted by a monthly constant.
However, the simulated climate parameters from ACCESS,
CNRM and MPI are still inaccurate for use in the climate
change projection method and need correction using the linear
scaling formula for rainfall (Equations 1 and 2) and temperature
(Equations 3 and 4), according to Promping and Tingsanchali
(2020). Equations 1 and 2 correct rainfall from simulated
RCM data by multiplying by a monthly constant, calculated

from the observed daily rainfall divided by the simulated
daily rainfall for each RCM and then averaged over the
number of days per month, which converts the data from
daily to monthly units. Equations 3 and 4 are correction
formulas for the maximum and minimum temperatures,
calculating the corrected simulated temperature from the
simulated temperature plus a monthly constant, generated
from the observed daily temperature minus the simulated
daily temperature and averaged over the number of days
per month, ensuring consistency throughout the time scale.
These equations were separated into two time steps: historical
(1970—2010) and simulated RCM data (2011-2100), as shown
in Equations 1 and 3 and Equations 2 and 4, respectively.
All corrected simulated climatic data from the three RCMs
was checked for performance and accuracy using a sensitivity
performance index, namely the mean and = SD, to measure
the dispersion and central tendency of the corrected climatic
data.

Rainfall correction Equations:

R R

his,d — *his,d

“Xm; Xm=[R, /R, In, (1)

obs,d" ™ "his,d-

R =R _-Xm 2

sim,d sim,d

Maximum and minimum temperature correction Equations:

T}Ilis,d - This,d+ Ym ; Ym = [Tobs,d - This,d]/nd (3)
T:’im,d = 7—‘sim,d—"_ Ym (4)

where, R is the rainfall, T is the temperature (measured
in degrees Celsius, d is the daily unit, m is the monthly unit,
‘is the corrected value, n, is the number days in the month, obs
is the observed data during 1970—2010, X and Y are monthly
constants for rainfall and temperature and his and sim are
historical and simulated RCM data during 1970—2010 and
2011-2100, respectively.

Investigation of standardized precipitation index

The SPI is a relative drought index that is simple to use
for presenting drought hazard, intensity, duration and severity,
based on precipitation rates (McKee et al., 1993; Svoboda
and Fuchs, 2016). This study used simulated climate data
from three RCMs (rainfall) to simulate SPI1 for a 1 mth
drought duration, reflecting the drought hazard impact on rice,



T. Promping et al. / Agr. Nat. Resour. 59 (2025) 590411 5

assuming this crop can withstand up to 1 mth without rainfall.
SPI3 was used for a 3 mth drought duration to assess the
impact on field crops (cassava, maize, sugarcane) and SPI6
was used for a 6 mth drought duration to evaluate the impact
on orchard crops (Foyhirun and Promping, 2021). The SPI
was calculated using monthly average rainfall data from
three RCMs for 1980-2010 (past) and 2011-2100 (future).
The future time steps were divided into three periods:
the 2020s (2011-2040); the 2050s (2041-2070); and the 2080s
(2071-2100).

The observed and simulated daily rainfall data were
converted to monthly rainfall rates for January—December.
The gamma distribution function is typically used for monthly
rainfall distribution for SPI values and needs to be converted
to a standard normal distribution for monthly rainfall,
as suggested by Thom (1996) and Shah et al. (2015).
After conversion to a normal distribution, the monthly rainfall
was calculated as SPI values using Equation 5, which typically
ranges from -3 to 3, depending on the monthly rainfall rate.
All methods for generating SPI could be applied using the
RStudio and R integrated software packages.

The standardized precipitation index (SPI) is provided by
Equation 5:

SPI=(X,— X)/SD (5)

where is the normalized monthly precipitation, is the
long-term average monthly precipitation (measured in
millimeters) and SD is the standard deviation.

Standardized precipitation evapotranspiration index

The SPEI is an extension of the SPI that requires additional
climatic data on precipitation and potential evapotranspiration
(PET). The computed SPEI value was calculated using
Equation 6 and then input into Equation 5, following the
original SPI calculation method. However, the SPEI can also
refer to the impact of climate drought on water resources
(Begueria et al., 2013):

D, =Pr, —PET, (6)

where D is a simple measurement of the water deficits or
surpluses aggregated, PET is the potential evapotranspiration
(measured in millimeters per day), Pr is the precipitation
(measured in millimeters) and M is the monthly unit.

Potential evapotranspiration (PET, measured in millimeters
per day) was determined using the Hargreaves method
(Hargreaves and Allen, 2003) which is appropriate for studies
where only temperature data are available. The Hargreaves-
Samani equation is given as Equation 7:

PET=0.0023 (T, T, )*5(T,

mean

+17.8)R, (M

Toins T
and mean temperatures (measured in degrees Celsius),

where T,.., T Tmean are the maximum, minimum

respectively, R, is the extraterrestrial radiation (in millimeters
per day) using Equation 8, which is a function of latitude and
the month of the year.

R = [24(60)/7]G d[w_sin(p) sin(d) + cos(p) cos(d) sin(w )] (8)

where G, is the solar constant (0.0820/MJm?/min), d,
is the inverse relative Earth-Sun distance, w, is the sunset
hour angle (rad), ¢ is the latitude (rad) and § is the solar
declination (rad). The extraterrestrial radiation (R,) can be
converted to millimeters per day by multiplying by 0.408
(Allen et al., 1998).

The SPEI in this study was calculated using monthly
average simulated rainfall and maximum and minimum
temperatures from three RCMs. Three time scales were
analyzed: SPEI1 for rice, SPEI3 for field crops and SPEI6 for
orchards/perennials. The SPEI was presented in three time
steps: the 2020s, 2050s and 2080s under two representative
concentration pathways (RCP4.5 and RCPS8.5).

Interrelationship between standardized precipitation index

and standardized precipitation evapotranspiration index

Drought, unlike flooding, has a high likelihood of
occurring every summer season. It directly affects various
hydrological processes such as precipitation, runoff,
evapotranspiration and infiltration. The comparative
analysis of the SPI and SPEI was conducted using Pearson’s
correlation coefficient (r), according to Tefera et al. (2019)
and Ojha et al. (2021). Pearson’s correlation coefficient,
ranging from -1 to 1, is a straightforward statistical parameter
used to calculate and measure the relationship between
two datasets, indicating a total negative or positive linear
correlation, respectively.



Performance and verification of drought indexes

The past drought indices (SPI and SPEI) were validated
using statistical performance parameters—R? and NSE (Nash
and Sutcliffe, 1970; Walz et al., 2015; Asare-Kyei et al., 2017).
R? is a measure frequently used in regression analysis, but it
has its limitations as it only evaluates the linear relationship
between observed and simulated values (Legates and McCabe,
1999). An R? value close to 1 is considered very good. An NSE
efficiency of 1 signifies a perfect match between the simulated
and observed data, while an NSE efficiency of 0 indicates that
the model’s simulations are as accurate as the mean of the
observed data (Gebre, 2015; Cardoso de Salis et al., 2019). MAE
(Rashid and Beecham, 2019; Yal¢in et al., 2023) and PBIAS
(Nouri, 2023) have been used widely in evaluating the accuracy
and central tendency of model performance. MAE measures the
average absolute difference between the simulated and observed
values (Wang and Lu, 2017), while PBIAS measures the average
tendency of the simulated values to be larger or smaller than the
observed ones (Gupta et al., 1999; Moriasi et al., 2007).

Results and Discussion
Evaluated climate change projection

The projection of future climate change was analyzed
using three regional climate models (ACCESS, CNRM and
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MPI) under the RCP4.5 and RCP8.5 scenarios by applying
bias regression methods. Climate data from six meteorological
stations (381201, 381301, 387401, 388401, 403201 and
405301) were collected from the TMD and RID (Fig. 2). The
climate change projection method applied linear downscaling
formulas, as shown in Equations 1-2 (for rainfall) and 3-4
(for temperature), to compare and correct the simulated
climate data from past and future time steps. Additionally,
statistical performance indexes (standard deviation and mean)
were analyzed to recheck the similarity level of both observed
and simulated climate data during the historical decade
(Table 1).

The statistical performance of the corrected simulation and
observation including rainfall and maximum and minimum
temperatures, is shown in terms of mean and + SD values for
each meteorological station. The mean and SD refer to the
dispersion and central tendency of ACCESS, CNRM and MPI
compared to the historical data (1970-2010). Table 1 shows
that both the mean and SD of rainfall, maximum and minimum
temperatures from MPI were more similar to historical values
than those from ACCESS and CNRM. However, stations
381201, 381301, 387401 and 388401 had lower rainfall
dispersion levels for all RCMs than the historical period. The
mean and SD values of maximum and minimum temperature
tended to have similar levels for all stations. Overall, the
performance of the climate change projection could be used to
predict future rainfall, maximum and minimum temperatures
under three RCMs with different RCPs.

Table 1 Performance of downscaling method (ACCESS-CSIRO-CCAM, CNRM-CM5-CSIRO-CCAM, MPI-ESM-CSIRO-CCAM)

Station 381201 381301 387401 388401 403201 405301
ID Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
Rainfall (mm)

Historical 3.41 10.51 3.20 10.54 3.73 11.46 4.00 12.69 3.02 9.54 3.59 11.11

ACCESS 3.62 7.22 331 7.52 3.86 7.71 4.36 7.60 322 8.16 3.88 10.99

CNRM 3.51 7.63 3.38 7.16 3.72 7.29 4.38 8.99 3.07 7.44 3.65 12.21

MPI 2.95 5.78 3.12 6.13 3.58 6.88 4.01 8.52 2.96 7.98 3.63 10.92
Maximum temperature (°C)

Historical ~ 32.57 3.11 3245 3.11 32.02 3.01 32.27 2.99 32.60 3.08 32.18 3.05

ACCESS 32.06 3.42 32.02 341 31.53 341 31.90 3.94 31.62 3.49 30.41 3.63

CNRM 31.72 3.29 31.85 3.50 31.53 341 32.80 4.32 31.82 3.39 30.80 3.51

MPI 32.24 3.35 32.02 3.39 31.52 3.11 32.07 3.25 31.99 3.28 30.32 3.88
Minimum temperature (°C)

Historical ~ 22.13 3.54 21.80 3.76 22.27 3.64 22.12 3.56 22.53 3.03 22.13 3.67

ACCESS 21.72 3.66 21.55 3.61 21.91 3.74 21.92 3.63 22.07 3.27 21.61 3.74

CNRM 20.85 391 21.38 3.87 21.91 3.80 22.76 3.64 22.16 3.29 21.98 3.57

MPI 21.90 3.51 21.54 3.67 21.55 3.52 21.78 3.50 22.32 3.11 21.60 3.75

ACCESS-CSIRO-CCAM, CNRM-CM5-CSIRO-CCAM and MPI-ESM-LR-CSIRO-CCAM = three different regional climate models used to simulate
future climate change projections: (from the Collaboration for Australian Weather and Climate Research, the National Centre for Meteorological Research
and the European Network of Earth System Modelling, respectively)



T. Promping et al. / Agr. Nat. Resour. 59 (2025) 590411 7

The climate change projection was analyzed until the
twenty-first century and separated into three time steps: the
2020s (2011-2040), the 2050s (2041-2070) and the 2080s
(2071-2100), used to represent near-term, mid-term and
long-term periods. The annual rainfall and maximum and
minimum temperatures at the Khon Kaen Meteorological
Station, Khon Kaen province, Thailand, located in the middle
part of CRB, show a fluctuating trend in annual rainfall and
a slight increase in both maximum and minimum temperatures
(Fig. 3). The historical annual rainfall and maximum and
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Fig. 3 Annual rainfall and maximum and minimum temperatures at Khon Kaen Meteorological Station (381201) under two commonly used climate
change representative concentration pathways from 1970 to 2100: (A, C, E) RCP4.5; (B, D, F) RCP8.5 , where ACCESS-CSIRO-CCAM, CNRM-
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Standardized precipitation index

The projected monthly rainfall was used to generate SPI
values using Equation 5 with three time steps from the 1990s to
the 2020s, 2050s and 2080s, with RCP4.5 and RCP8.5. The six
meteorological stations located in the CRB had different drought
hazard levels depending on the drought duration (1 mth, 3 mth
and 6 mth). The results of the SPI value from the investigated
SPI generation method are presented in Table 2. The range of
SPI values normally varies between -3 and 3, with the SPI values
tending to change from negative (near-term) to positive (mid-term)
and then back to negative (long-term) for the three case studies
( SPI1, SPI3 and SPI6). However, during the 2020s, all values were
near zero, indicating a mild drought level. SPI6 tended to have
a higher drought hazard level than SPI3 and SPI1, respectively.

Standardized precipitation evapotranspiration index

The climate change projection estimated future monthly
rainfall and maximum and minimum temperatures that
were used to calculate the SPEI. Both the average monthly
maximum and minimum temperatures were evaluated for

evapotranspiration (PET), using Equations 7-8, which was
used to evaluate the SPEI values as input to Equation 6.
All trends of the SPEI from the six meteorological stations
showed a similar change from positive to negative values
during the 2020s and 2080s, indicating a change from wet to
drought levels in the future (Table 2). Additionally, the drought
hazard level in SPEI6 had higher negative values than SPEI3
and SPEI1, respectively. The drought duration in SPEI6 had
a longer water shortage period with RCP8.5 than with
RCP4.5. The gap differences between RCP4.5 and RCP8.5
was widely observed in the monthly rainfall and maximum
and minimum temperatures.

Comparison of standardized precipitation index and standardized

precipitation evapotranspiration index

In terms of temporal analysis, the SPI values showed
similar trends and results to those analyzed from only
the monthly rainfall data. However, unlike the SPI values,
the SPEI values required input data from monthly rainfall
and maximum and minimum temperatures. Both these
temperature values had a greater effect on the SPEI trend,

Table 2 Standardized precipitation index (SPI) and standardized precipitation evapotranspiration index (SPEI) values for different monthly values at six

meteorological stations for different modelled periods

Station 1990s 2020s 2050s 2080s
number RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5
SPI1 SPEI1 SPI1 SPEII SPI1 SPEI1 SPI1 SPEII SPI1 SPEII SPI1 SPEII SPI1 SPEII1
381201 0.14 0.03 -0.06 0.10 -0.08 0.17 0.04 0.04 0.07 0.06 0.09 -0.08 0.00 -0.25
381301 0.14 0.01 -0.06 0.12 -0.07 0.18 0.03 0.03 0.07 0.05 0.08 -0.09 0.01 -0.26
387401 0.12 0.01 -0.06 0.07 -0.10 0.17 0.12 0.09 0.09 0.06 -0.02 -0.15 0.04 -0.25
388401 0.03 0.01 -0.05 0.12 -0.06 0.17 0.04 0.04 0.08 0.06 0.03 -0.15 0.02 -0.26
403201 0.14 0.02 -0.08 0.12 -0.06 0.21 0.03 0.04 0.06 0.03 0.11 -0.12 0.02 -0.26
405301 0.11 0.00 -0.08 0.07 -0.07 0.11 0.07 0.04 0.08 0.08 0.05 -0.10 0.02 -0.21
SPI3 SPEI3 SPI3 SPEI3 SPI3 SPEI3 SPI3 SPEI3 SPI3 SPEI3 SPI3 SPEI3 SPI3 SPEI3
381201 0.00 0.00 -0.06 0.11 -0.09 0.20 0.02 0.03 0.12 0.11 0.13 -0.07  -0.10 -0.40
381301 0.00 0.00 -0.05 0.11 -0.09 0.20 0.03 0.04 0.12 0.11 0.10 -0.09  -0.10 -0.40
387401 0.01 0.00 -0.09 0.06 -0.13 0.20 0.13 0.11 0.14 0.11 -0.07 -0.21 -0.02 -0.40
388401 0.02 0.01 -0.1 0.09 -0.04 0.20 0.08 0.06 0.1 0.11 0.01 -0.14  -0.12 -0.39
403201 0.00 0.00 -0.08 0.11 -0.07 0.22 0.03 0.04 0.09 0.08 0.13 -0.09  -0.05 -0.35
405301 -0.01 -0.01 -0.12 0.02 -0.09 0.12 0.09 0.06 0.14 0.14 0.06 -0.08  -0.11 -0.34
SPI6  SPEI6 SPI6 SPEI6  SPI6  SPEI6 SPI6 SPEI6  SPI6  SPEI6 SPI3 SPEI6  SPI6  SPEI6
381201 -0.02 -0.01 -0.04 0.12 -0.04 0.26 0.03 0.04 0.13 0.14 0.13 -0.07  -0.26 -0.54
381301 -0.02 -0.01 -0.04 0.12 -0.04 0.25 0.05 0.06 0.14 0.15 0.10 -0.09  -0.25 -0.53
387401 -0.02 -0.01 -0.06 0.11 -0.12 0.26 0.14 0.13 0.17 0.14 -0.12 -0.28  -0.11 -0.54
388401 0.02 0.02 -0.05 0.10 0.04 0.27 0.09 0.10 0.13 0.14 -0.06 -0.19  -0.28 -0.53
403201 -0.01 0.00 -0.07 0.09 -0.05 0.25 0.04 0.06 0.10 0.10 0.13 -0.06  -0.14 -0.42
405301 -0.01 0.00 -0.10 0.04 -0.01 0.19 0.11 0.08 0.16 0.18 0.00 -0.14  -0.27 -0.49

Numeral in SPI and SPEI terms indicates monthly drought duration modelled, where 1 = 1 mth, 3 = 3 mth and 6 = 6 mth.
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resulting in different gaps in the simulated values for the SPI
and SPEI (Fig. 4). The difference in gaps tended to change
from widely negative (in the 2020s) to near zero (in the 2050s)
and widely positive (in the 2080s) for the three SPIs under
RCP4.5 and RCP8.5. This indicated that both the SPI and SPEI
values were very different during the 2020s and 2080s but were

similar during the 2050s. The drought interval based on the
6 mth period generally had a longer water shortage duration
with similar fluctuation dynamic trends as in the 1 mth and
3 mth drought intervals. RCP4.5 had lower levels of positive
and negative fluctuations and longer drought duration gaps
compared to RCP8.5, similar to the drought duration intervals.
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Fig. 4 Temporal evolution during 2020s, 2050s and 2080s (A, C, E, G, 1, K) and their differences (B, D, F, H, J, L) for standardized precipitation index
(SPI) and standardized precipitation evapotranspiration index (SPEI) values using climate change representative concentration pathways (RCP4.5 and
RCP8.5), where numeral in SPI and SPEI terms indicates monthly drought duration modelled for 1 = 1 mth, 3 = 3 mth and 6 = 6 mth at Khon Kaen

Meteorological Station (381201) in the Chi River Basin
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The difference between the SPI and the SPEI at Khon Kaen
Meteorological Station, located in the middle part of the CRB,
was analyzed for three time periods (the 2020s, the 2050s and
the 2080s). There were relatively small differences during the
1990s period, with values of approximately 0.11, 0.00 and
-0.01 for SPI1 and SPEII, for SPI3 and SPEI3 and for SPI6
and SPEI6, respectively. Under RCP4.5, the differences were
approximately -0.15, -0.16 and -0.14 in the 2020s; 0.00, -0.01
and -0.01 in the 2050s; and 0.17, 0.20 and 0.19 in the 2080s for
SPI1 and SPEI1, for SPI3 and SPEI3 and for SPI6 and SPEI6,
respectively. Similarly, under RCP8.5, the corresponding
differences were -0.23, -0.29 and -0.30 in the 2020s; 0.02, 0.00
and -0.01 in the 2050s and 0.25, 0.30 and 0.28 in the 2080s.
These values indicated that the SPEI had higher values than
SPI in the 2020s, as reflected by the negative differences.

T. Promping et al. / Agr. Nat. Resour. 59 (2025) 590411

In the 2050s, the SPI and SPEI values were nearly equal, with
differences close to zero. In contrast, the SPI values exceeded
SPEI values in the 2080s, as shown by the positive differences.

The correlation analysis between the SPI and the SPEI at
different time scales at the Khon Kaen Meteorological Station
(381201) indicated strong positive linear correlations for both
past data (the 1990s) and projected data (the 2020s, 2050s
and 2080s). The Pearson’s correlation coefficient (#), which
measures the relationship between two variables (based on
values in the range from -1 to 1), was used in this analysis. This
correlation coefficient was very high between SPI and SPEI
for the 1990s period (» = 0.89, 0.97 and 0.97 at significance
levels of 0.01, 0.05 and 0.05, respectively, for the 1 mth, 3 mth
and 6 mth timescales, respectively) or near-perfect (Fig. 5).
The correlation values for RCP4.5 and RCPS8.5 were: in the 2020s,
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Fig. 5 Pearson correlation coefficients at Khon Kaen Meteorological Station (381201) for different modelling periods using standardized precipitation
index (SPI) and standardized precipitation evapotranspiration index (SPEI) values: (A) 1990s; (B) 2020s; (C) 2050s; (D) 2080s, where numeral in SPI
and SPEI terms indicates monthly drought duration modelled for 1 = 1 mth, 3 =3 mth and 6 = 6 mth.
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7=0.90 and 0.90, respectively; in the 2050s, »=0.91 and = 0.94,
respectively; and in the 2080s, »=0.93 and » = 0.89, respectively.
For the 3 mth duration, the correlation values for SPI3 and
SPEI3 were: in the 2020s, » = 0.90 and 0.88, respectively; in
the 2050s, » = 0.91 and r = 0.93, respectively; and in the 2080s,
r=0.94 and r = 0.86, respectively. For the 6 mth duration,
the linear correlations for SPI6 with SPEI6 were in the ranges
r = 0.93-0.96 (RCP4.5) and 0.90-0.95 (RCP8.5) during the
2020-2080 period. All correlation values for SPI and SPEI with
the different drought durations were in the range » = 0.86-0.96
and were significant at the 0.01 and 0.05 levels for both RCP4.5
and RCP8.5 (2-tailed test), indicating strong positive correlations
between the two indices for both past and future periods.

The SPI and SPEI values were simulated and mapped
using the inverse distance weighted technique, as described
by Bagheri (2016) and Kuntiyawichai and Wongsasri (2021).
These values were assessed from monthly values during the
dry seasons (November—April) from 2011 to 2020 (Fig. 6).
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The drought intervals of 1 mth, 3 mth and 6 mth corresponded
to the drought situations for rice, field crops and orchards/
perennials, respectively. The simulated SPI1 maps under
both RCP4.5 and RCP8.5 indicated potential drought events
across all paddy field areas. For RCP4.5, SPEII tended to
show unaffected drought areas, while for RCP8.5, it showed
a mix of affected areas and areas not affected by drought. For
field crop lands, SPEI3 under RCP4.5 indicated unaffected or
wet conditions. SPI3 under RCP4.5 and SPEI3 under RCP8.5
showed one-half of the area as dry, while the other half was not
affected by drought. However, SPI3 under RCP8.5 indicated
completely dry conditions across all areas. For orchards/
perennials, SPEI6 under both RCP4.5 and RCP8.5 showed only
unaffected or wet conditions, except for SPI6 under RCP8.5
which indicated drought conditions. In summary, the SPI1,
SPI3 and SP16 maps under RCP8.5 mostly showed agricultural
areas affected by dry conditions. In contrast, these same maps
under RCP4.5 mostly showed unaffected or wet conditions.
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Fig. 6 Spatial distribution maps of drought/non-drought maps using standardized precipitation index (SPI) and standardized precipitation
evapotranspiration index (SPEI) values with climate change representative concentration pathways (RCP4.5 and RCP8.5) during 2011-2020:
(A) 1 mth drought duration for paddy field areas; (B) 3 mth drought duration for field crop areas; (C) 6 mth drought duration for orchards/perennials areas,
where numeral in SPI and SPEI terms indicates monthly drought duration modelled for 1 = 1 mth, 3 = 3 mth and 6 = 6 mth
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The areas affected and unaffected by drought during
2011-2020 were categorized into three types based on
the duration of the drought (1 mth, 3 mth and 6 mth),
as shown in Table 3. These areas were simulated under
two representative concentration pathways (RCP4.5 and
RCP8.5). Under RCP4.5, the areas affected by drought
for durations of 1 mth, 3 mth and 6 mth based on the SPI
were 15,182 km?, 6,485 km? and 0 km?, respectively.
For RCPS8.5, the corresponding areas were 15,182 km?,
12,803 km? and 2,957 km?, respectively. The unaffected
areas under RCP4.5 for 3 mth and 6 mth based on the SPI
were 6,318 km? and 2,957 km?, respectively. Based on
the SPEI, under RCP4.5, all of these areas were classified
as non-drought. The unaffected areas for drought durations
of 1 mth, 3 mth and 6 mth were 2,906 km?, 5,424 km? and
2,957 km?, respectively, under RCP8.5. For SPEI under
RCP8.5, the affected areas for drought durations of 1 mth
and 3 mth were 12,276 km? and 7,379 km?, respectively. In
other words, the SPI has had a great impact on drought events
over the past decade in most agricultural areas. This impact
was greater than that of the SPEI, particularly in detecting
drought severity in regions classified as unaffected by drought.
This trend has also been observed in several parts of the world,
such as Burkina Faso (Bontogho et al., 2023), Chile (Meseguer-
Ruiz et al., 2024), Indonesia (Suroso et al., 2021) and Zambia
(Tirivarombo et al., 2018), where the SPI has consistently
produced higher drought severity estimates compared to the
SPEI.

The model performance was evaluated using R?, NSE,
PBIAS and MAE to verify and compare the simulated
and observed drought areas. This comparison was done
using location-by-location techniques (Table 4). The observed
data involved 434 locations for affected areas and 263
locations for unaffected areas. For the SPI under RCP4.5,
547 locations were affected and 150 locations were
unaffected. Under RCP8.5, all 697 locations were clearly
affected. For the SPEI, all 697 locations under RCP4.5
were clearly unaffected, while 493 and 204 locations
were affected and unaffected under RCPS.5, respectively.
Comparing observed and simulated data, several locations
showed consistency and differences. For the SPI values
under RCP4.5 and RCP8.5, 418 and 279 locations were
consistent, whereas 434 and 263 locations were different.
For the SPEI values predicted under RCP4.5 and RCPS.5, 263
and 340 locations were consistent, whereas 434 and 357
locations were different. These results are illustrated in Fig. 7.

The R2, NSE, RMSE and MAE values for SPI were 0.01,
-0.70, 0.16 and 0.40, respectively, for RCP4.5 and 0.00, -0.61,
0.38 and 0.38 for RCP8.5, respectively. For SPEI, based
on RCP4.5 and RCP8.5: the R? values were 0.00 and 0.02,
respectively; the NSE values were -1.65 and -1.18, respectively;
the PBIAS values were -0.62 and 0.09, respectively; and
the MAE values were 0.62 and 0.51, respectively.

Table 3 Affected and unaffected drought areas (km?) simulated under two representative concentration pathways (RCP4.5 and RCP8.5) during

2011-2020 based on standardized precipitation index (SPI) and standardized precipitation evapotranspiration index (SPEI) data.

RCP 4.5

8.5

Interval (mth) 1 3

1 3 6

SPI
Non-drought
Drought

6,318

15,182 6,485

2,957

15,182 12,803 2,957

SPEI

Non-drought 15,182 12,803

Drought

2,957

2,906
12,276

5,424
7,379

2,957

Table 4 Performance of standardized precipitation index (SPI) and standardized precipitation evapotranspiration index (SPEI) data under two
representative concentration pathways (RCP4.5 and RCP8.5) during 2011-2020.

Parameter RCP Number of locations Comparison Statistical indicator
Affected Unaffected Consistent Different R? NSE PBIAS MAE
SPI 4.5 547 150 418 279 0.01 -0.70 0.16 0.40
8.5 697 0 434 263 0.00 -0.61 0.38 0.38
SPEI 4.5 0 697 263 434 0.00 -1.65 -0.62 0.62
8.5 493 204 340 357 0.02 -1.18 0.09 0.51

R? = coefficient of determination; NSE = Nash-Sutcliffe efficiency; PBIAS = percent bias; MAE = mean absolute error.
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Fig. 7 Differences between simulated values under two representative concentration pathways (RCP4.5 and RCP8.5) during 2011-2020 based on
standardized precipitation index (SPI) and standardized precipitation evapotranspiration index (SPEI) data: (A) SPI and RCP4.5; (B) SPI and RCP8.5;

(C) SPEI and RCP4.5; (D) SPEI and RCPS.5.

Conclusions

Drought indicators and indices can be widely applied to
analyze meteorological, hydrological, moisture content and
remote sensing data (WMO and GWP, 2016). The current study
focused on the meteorological aspect, as it is straightforward
to define drought hazard levels from precipitation,
evapotranspiration and temperature. The SPI and SPEI are
common meteorological drought parameters that accurately
reflect the impact of shortages on agricultural areas (Pathak and
Dodamani, 2019; Oz et al., 2024). The aim of the current study
was to compare predicted drought indices based on climate
change projections under two representative concentration
pathways.

Based on the current results, projected future climate
change will alter rainfall from 1,241 mm to 1,235 mm under
RCP4.5 and from 1,258 mm to 1,301 mm under RCP8.5 during
the simulated periods from the 2020s (2011—2040) to the 2080s
(2071-2100). The maximum and minimum temperatures
for both RCPs were projected to increase from 33.12°C to

34.44°C and from 22.62°C to 23.82°C under RCP4.5 and
from 33.31°C to 36.04°C and from 22.76°C to 25.52°C under
RCP8.5 from the 2020s until the 2080s. The SPI values were
projected to change from negative (dry conditions) in the 2020s
to positive (wet conditions) in the 2050s and back to negative
(dry conditions) in the 2080s. The SPEI values showed
a different trend from the SPI, changing from positive
(wet conditions) in the 1990s, 2020s and 2050s, to negative
(dry conditions) in the 2080s. The highest drought values
for both SPI and SPEI were for SPI6/SPEI6, which were
higher than for SPI3/SPEI3 and SPI1/SPEII, respectively.
The difference between these indices was wide during the
1990s, 2020s and 2080s and narrowed during the 2050s.
The linear correlation analysis between SPI and SPEI at
different time scales at Khon Kaen Meteorological Station
(381201) with the 1990s, 2020s, 2050s and 2080s data was in
the range 0.86—0.97, indicating a strong positive correlation
between the two indices for both past and future periods.
The results indicated that the SPI and SPEI produced similar
trends and values in the CRB, for both past data and projected
periods. However, the linear correlation analysis also suggested
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that the SPI could be used as a substitute for the SPEI across
all time scales, given that the two indices had a certain degree
of agreement. This was consistent with other studies that
compared the SPI and SPEI in the Euphrates basin, Turkey
(Katipoglu et al., 2020) and in the Tigray region, Northern
Ethiopia (Tefera et al., 2019). Therefore, if there were a lack
of temperature data or suitable tools for conducting an SPEI
analysis, it would be reasonable to conclude that the SPI
could be effectively used to evaluate drought conditions at all
investigated time scales in this study area.

The SPI simulations under RCP8.5 suggested potential
drought events or dry conditions across all agricultural areas.
However, the SPI under RCP4.5 and the SPEI under RCP8.5
presented a combination of areas affected and unaffected
by drought. The SPEI under RCP4.5 indicated areas unaffected
or experiencing wet conditions. In summary, over the past
decade, the SPI and SPEI have had a minimal impact on
predicting drought events in most agricultural areas. The
model performance approach used revealed that the SPI
and SPEI did not align well with observed data, resulting in
an unsatisfactory performance rating. Notably, neither the
SPI nor SPEI could serve as a standalone drought hazard
indicator for the CRB. This was consistent with the 2016
recommendation from World Meteorological Organization
and Global Water Partnership (2016), which stated that
no single indicator could represent all types of drought
(hydrological, agricultural and socioeconomic). The approach
applied in the current study should provide valuable guidance
for drought assessment in other regions of Thailand.
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