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ABSTRACT

This study analyses the spatio temporal drought patterns in Sragen Regency, Central Java, by integrating meteoro-
logical and vegetation based indicators to evaluate climatic variability and its impact on agricultural productivity.
Using standardized precipitation index (SPI) derived from 30 years CHIRPS precipitation data and vegetation
health index (VHI) generated from Landsat 8 and 9 imagery, the analysis focused on three representative climatic
periods, 2015 (El Nifio), 2018 (Normal), and 2022 (La Nifia), covering the dry season months of June to October.
The results indicate that 2015 experienced the most severe drought, with extreme and severe drought areas in-
creasing from 3,781 ha in June to 16,600 ha in October, corresponding to SPI values between -1.21 and -2.5 and
a total drought affected area of approximately 46,000 ha (63%). During the 2018 normal period, extreme drought
expanded from 512 ha to 2,359 ha, while severe drought peaked at 13,687 ha, covering around 56,300 ha (76%),
reflecting moderate drought conditions due to partial rainfall recovery. Conversely, 2022 (La Nifia) exhibited pre-
dominantly wet conditions, with extreme drought areas fluctuating between 28-324 ha, severe drought between
583-920 ha, and nondrought areas dominating over 63,000 ha (86%). Validation using rice harvest data showed
a decline in 2015 (97,444 ha) compared to 100,492 ha in 2018 and 104,662 ha in 2022, aligning with drought in-
tensity trends. Spatially, droughts were concentrated in the northern and central regions, characterized by rainfed
paddy fields with limited irrigation infrastructure. Overall, the integration of SPI and VHI effectively captures both
meteorological and agricultural drought dynamics, highlighting that El Nifio amplifies drought severity while La
Nifia enhances vegetation recovery, thus emphasizing the potential of remote sensing indices in supporting drought
early warning systems and adaptive agricultural management in Sragen Regency.
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INTRODUCTION et al.,, 2021) and disease outbreaks (Asmall et
al., 2021). Historical records demonstrate that
Drought represents a multifaceted environ-  intense drought periods have caused substantial

mental challenge that can lead to agricultural adverse effects across both ecological and human
failures (Piao et al., 2010), nutritional deficits systems (Bajrai, 2025). Consequently, there is a
(Awasthi et al., 2024), widespread hunger (Gebre = pressing need to enhance our comprehension of
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how droughts develop spatially and temporally,
along with their progression patterns (W. Yu et
al., 2013). Drought dynamics knowledge would
establish a foundation for measuring drought
consequences and understanding how societies,
economies, and ecosystems adapt to water scar-
city across different geographical areas and time
periods (Letsoalo et al., 2023).

Drought phenomena are generally classified
into four distinct categories based on their primary
characteristics: meteorological drought (charac-
terized by reduced rainfall), agricultural or veg-
etation-based drought (marked by depleted soil
water content), hydrological drought (defined by
diminished surface water flow and underground
water reserves), and socioeconomic drought (rep-
resenting societal reactions to water availability
versus requirements) (Junior, 2002). Vegetation
based drought holds particular significance due to
its direct relationship with agricultural productiv-
ity, and evidence suggests that the geographical
scope of such drought conditions has been ex-
panding (F.N. Kogan, 1997). Projections indicate
that both the frequency and persistence of extreme
drought conditions will continue rising (Wang et
al., 2025). Developing effective methodologies to
identify vegetation drought occurrences and as-
sess long term drought vulnerability has become
critical (Uddin et al., 2020). Drought monitoring
tools could serve as valuable resources for deci-
sion makers seeking to deploy timely prevention
and response measures (Senay et al., 2023).

One of the widely adopted meteorological
drought indicator tools is the standard precipita-
tion index (SPI), which quantifies precipitation
deficits across multiple temporal scales (Gutt-
man, 1999). The SPI is calculated by fitting pre-
cipitation data to a probability distribution, which
is then transformed into a standardized normal
distribution (Mupepi & Matsa, 2023), this stan-
dardization enables comparison of drought con-
ditions across different geographical regions and
climatic zones, regardless of local precipitation
patterns (Mckee et al., 1993). SPI operates solely
on precipitation data, making it relatively simple
to compute and applicable in data scarce environ-
ments where other meteorological variables may
not be readily available (Fentaw et al., 2023). The
index can be calculated for various time periods
ranging from one month to several years, allow-
ing researchers to assess both short-term agricul-
tural impacts and long-term hydrological drought
conditions (Alahacoon & Amarnath, 2022).

402

Vegetation health index (VHI) ranks among
the most widely utilized remote sensing based
drought monitoring tools (Zeng et al., 2023). VHI
combines two components: the Vegetation Condi-
tion Index (VCI) and the thermal condition index
(TCI) (F. N. Kogan, 1995). This index accounts
for regional biological and climatic characteris-
tics, making it applicable for monitoring actual
plant water stress across diverse agricultural and
meteorological zones (Mupepi & Matsa, 2023).
The foundational concepts underlying VHI in-
clude: (1) diminished Normalized Difference
Vegetation Index (NDVI) (X. Yu & Guo, 2023) or
enhanced vegetation index (EVI) values coupled
with elevated Land Surface Temperature (LST)
readings indicate compromised vegetation condi-
tions (Amalo et al., 2017), and (2) VCI and TCI
are weighted equally in the VHI calculation.

Given the complementary nature of meteo-
rological and remotely sensed drought indices,
integrating the Standard Precipitation Index with
the Vegetation Health Index offers a comprehen-
sive approach to agricultural drought assessment
(Alahacoon & Amarnath, 2022). While SPI ef-
fectively captures meteorological drought condi-
tions by quantifying precipitation anomalies, it
does not directly reflect how vegetation responds
to water stress (Bhaga et al., 2023). VHI provides
real time information on actual vegetation health
status through satellite observations, but may
not fully capture the underlying meteorological
drivers of drought development. The combina-
tion of these two indices enables a more holistic
understanding of agricultural drought by linking
cause and effect where SPI identifies precipita-
tion deficits as the meteorological trigger, and
VHI reveals the resulting vegetation stress and
crop health impacts (Javed et al., 2021). This in-
tegrated approach is particularly valuable for rice
paddy systems, where crop growth stages have
varying sensitivities to both water availability and
thermal conditions (Sholihah et al., 2016).

Drought is a recurrent hydroclimatic hazard
that significantly affects agricultural productiv-
ity, water resources, and ecosystem stability, par-
ticularly in tropical regions characterized by high
climate variability (Rahmi & Dimyati, 2021). In-
donesia, drought events are strongly influenced
by seasonal monsoon dynamics and large scale
climate phenomena such as the El Nifio Southern
Oscillation (ENSO), which alter rainfall distribu-
tion and increase the vulnerability of rainfed ag-
ricultural systems (Turkington et al., 2019). As a
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major rice producing region, Sragen Regency in
Central Java is highly dependent on stable precip-
itation patterns, making it particularly sensitive to
prolonged dry season anomalies.

Various drought monitoring approaches have
been developed using meteorological and remote
sensing based indices. The standardized precipita-
tion index is widely recognized for its effective-
ness in detecting meteorological drought due to its
multi temporal flexibility and statistical robustness
(Prasetyo et al., 2021). Meanwhile, satellite derived
indices such as the VHI have been increasingly
utilized to assess agricultural drought by integrat-
ing vegetation vigor and thermal stress responses.
Previous studies have demonstrated that combin-
ing meteorological and vegetation based indicators
provides a more comprehensive representation of
drought conditions compared to single index ap-
proaches (Rahmi & Dimyati, 2021). However,
most drought studies in Indonesia still rely on sin-
gle source data or short term analyses, which limits
the understanding of spatio temporal drought vari-
ability at the regional scale. In addition, limited re-
search has specifically examined the integration of
long term precipitation datasets with multi temporal
remote sensing indices to assess both meteorologi-
cal and agricultural drought simultaneously, partic-
ularly at the regency level such as Sragen (Siswanto
et al., 2022). This limitation results in insufficient
spatial characterization of drought severity and its
relationship with agricultural impacts.

Therefore, this study aims to analyze the spa-
tio temporal drought patterns in Sragen Regency
by integrating the standardized precipitation in-
dex derived from long term CHIRPS rainfall
data with EVI based vegetation health index and
temperature condition index (TCI) derived from
multi temporal Landsat imagery during the dry
season. This approach is intended to provide a
more comprehensive assessment of drought dy-
namics by combining meteorological and vegeta-
tion based indicators. The expected contribution
of this study is to support a more consistent inter-
pretation of drought impacts on agricultural pro-
ductivity in a rice dominated agricultural region.

MATERIALS AND METHODS

Reseach area

Sragen Regency is located at coordinates
7°15°-7°30’ South Latitude and 110°45°—111°10°

East Longitude. This area is in the Bengawan
Solo River basin, which flows eastward. Most of
the region is lowland with an elevation ranging
from 70—480 meters above sea level. The north-
ern part consists of hilly areas that are part of the
Kendeng Mountain complex. A small part of the
southern region consists of hills that are the foot-
hills of Mount Lawu.

Sragen Regency consists of 20 subdistricts,
208 villages, 2,519 hamlets, and 5,228 neighbor-
hood associations (RT) with a total area of 94,155
hectares. Plupuh and Tanon subdistricts have the
most villages, with 16 villages each. Gesi, Tan-
gen, and Jenar subdistricts have the fewest vil-
lages, with only 7 villages each.

Sragen has a tropical climate with daily tem-
peratures ranging from 19 to 31°C. This area has
an average annual rainfall of less than 3000 mm
with no more than 150 rainy days per year. The
hydrological conditions of Sragen Regency are
characterized by the presence of various rivers
that flow within the Bengawan Solo River Basin
(DAS) and the Jratunseluna River Basin (a com-
bination of the Jragung, Tuntang, Serang, Lusi,
and Juana rivers). The waterways included in the
Bengawan Solo River Basin include the Mung-
kung, Kenatan, Jenar, Kedungaren, Tanggan,
Teseh, and Kedung Dowo rivers, while the Jra-
tunseluna River Basin includes the Serang River.

Methodology

This study employed a comprehensive remote
sensing and meteorological analysis framework
to assess rice paddy drought conditions in Sragen
Regency across three distinct climatic periods: El
Nifio (2015), normal conditions (2018), and La
Nifia (2022). The research workflow was sys-
tematically designed to integrate satellite derived
vegetation health indices with precipitation-based
drought indicators to characterize spatiotemporal
patterns of agricultural drought and their impacts
on rice productivity. The investigation com-
menced with extensive observation and literature
studies to establish the theoretical foundation and
identify appropriate methodological approaches.
Research tools and materials were subsequently
prepared, encompassing both satellite imagery
and meteorological datasets. Monthly satellite
images are used in the peak dry conditions from
June to October, unfortunately the 2022 satellite
data for October is unavailable due to the highly
cloud coverage that will affect the entirety of the
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research purposes. Landsat 8 imagery for 2015
and 2018, and Landsat 9 imagery for 2022 were
acquired as primary data sources for vegetation
health assessment. These images underwent rig-
orous preprocessing, including cropping to the
study area boundary, radiometric correction to en-
sure data consistency, and conversion from digi-
tal number (DN) to top of atmosphere (TOA) re-
flectance and radiance values following standard
Landsat calibration procedures (Danang et al.,
2014). For meteorological drought assessment,
monthly precipitation data spanning 1993-2023
were obtained and processed through the Climate
Hazards Group InfraRed Precipitation with Sta-
tion data (CHIRPS) dataset (Funk et al., 2015).
This extensive temporal coverage enabled robust
calculation of precipitation anomalies and estab-
lishment of climatological baselines. Additional-
ly, rice planting area, harvest area, and productiv-
ity datasets were compiled to facilitate validation
of drought impacts on actual agricultural output.

The VHI was derived through a multi-step
process involving several intermediate indices
(F. N. Kogan, 1995). Following atmospheric cor-
rection using the Fast Line-of-sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH) al-
gorithm (ENVI, 2009). Vegetation condition was
evaluated using the Enhanced Vegetation Index
(EVI), which improves sensitivity in high bio-
mass regions and reduces atmospheric and soil
background effects compared to NDVI (Amalo et
al., 2017). EVI was derived from Landsat surface
reflectance data using the following equation:
(NIR-Red)

EVI =G X (NIR+C; XRed—C,xBlue+L) O

where: NIR, Red, and Blue represent the reflec-
tance of near infrared, red, and blue bands
in Landsat satellite images, respectively G
is the gain factor (2.5), C1 and C2 are aero-
sol resistance coefficients (6 and 7.5), and
L is the canopy background adjustment
factor (Huete et al., 2002).

Table 1. Statistical rice stages in Sragen Regency

Vegetation condition index was computed by
normalizing EVI values against their long-term
minimum and maximum values, thereby quanti-
fying vegetation conditions relative to historical
ranges (Amalo et al., 2018). The VCI formula is
expressed as,

Vel = (EVIg—EVInin)

= EVmar—EV i) 100

2

where: EVIa is the EVI value at a given time,
and EVI min and EVI max represent the
minimum and maximum EVI values dur-
ing the study period.

Lower VCI values indicate higher vegeta-
tion stress and potential agricultural drought con-
ditions. Thermal components were extracted
through a parallel processing chain (F. N. Kogan,
1997). Brightness temperature (BT) was derived
from thermal infrared bands, followed by calcu-
lation of the proportion of vegetation (PV) and
land surface emissivity (F. N. Kogan, 1995). Land
surface temperature (LST) was then retrieved us-
ing established algorithms that account for atmo-
spheric effects and surface emissivity variations
(F. N. Kogan, 1997). LST is a critical param-
eter for detecting thermal stress associated with
drought conditions (Weng et al., 2004). Subse-
quently, brightness temperature and land surface
temperature is calculated as,

K2
N ln(lz—;+1)

3)

where: K1 and K2 are band-specific thermal con-
version constants provided in the Landsat
metadata, and LA is the top of atmosphere
spectral radiance.

The resulting BT is expressed in Kelvin (K)
(Weng et al., 2004).
BT

AXBT
p

LST = 1+ln( )ln(e) (4)

Rice cultivation, harvest, production and productivity in Sragen Regency
Year
Rice Stages

2015 2018 2022
Cultivation (ha) 98,145 101,482 108,610
Harvest (ha) 97,444 100,491 106,933
Production (Ton) 628,743 634,454 678,575

Productivity (ha/Ton) 6.45 6.31 6.35

Note: data achieved from the Sragen Regency Food Security, Agriculture, and Fisheries Agency.
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where: BT is the brightness temperature (K), 4
is the effective wavelength of the thermal
band in Landsat, p is a constant derived
from Planck’s law, and & represents land
surface emissivity (Sobrino et al., 2004).

Emissivity was estimated using a vegetation
based approach derived from the enhanced vege-
tation index (EVI) to ensure consistency with the
vegetation indicator used for drought assessment.

The temperature condition index (TCI) was
subsequently computed by normalizing LST val-
ues against their historical extremes, representing
thermal stress conditions (Bento et al., 2020). The
TCI formula is expressed as:

TCI = (LSTymax—LSTy)
(LSTmax—LSTmin)

X 100 (5)

where: LSTa denotes land surface temperature at
a specific time, while LST max and LST
min represent the maximum and mini-
mum LST values within the observation
period.

The final VHI was synthesized by integrating
VCI and TCI with equal weighting (o) of 0.5 (F. N.
Kogan, 2001), providing a composite indicator that
captures both vegetation vigor and thermal stress
conditions. The VHI formula is expressed as:

VHI = aVCI + (1 — a)TCI (6)

where: « is the weighting coefficient, commonly
set to 0.5, assuming equal contributions
of vegetation and temperature conditions
(Bento et al., 2018).

Lower VHI values indicate severe to extreme
drought stress, while higher values reflect health-
ier vegetation conditions. VHI values were clas-
sified according to the Kogan VHI classification
(F. Kogan, 2002), ranging from extreme drought
(VHI < 10) to no drought conditions (VHI > 40).

The SPI was calculated using the compre-
hensive CHIRPS precipitation dataset spanning

Table 2. VHI drought classification

VHI value Drought category
0-10 Extreme drought
10-20 Severe drought
20-30 Moderate drought
30-40 Mild drought

>40 No drought

three decades (1993-2023) (Funk et al., 2015).
Monthly precipitation data underwent interpola-
tion to ensure spatial continuity across the study
area. SPI values were computed at multiple tem-
poral scales, with particular emphasis on the
S5-month SPI (SPI-5) to capture medium term
precipitation deficits relevant to rice growing
seasons (Fentaw et al., 2023). The SPI calcula-
tion followed the standard methodology involv-
ing fitting of precipitation data to a gamma prob-
ability distribution, followed by transformation
to a normal distribution (Mckee et al., 1993).
The SPI formula is expressed as:

SPJ = Xij—Xim)

(N

where: Xij represents precipitation at a given
time, Xim is the long term mean precipi-
tation, and o is the standard deviation.

Resulting SPI values were than classified
according to USDM categories, with negative
values indicating drought conditions and posi-
tive values representing wet conditions (Mckee
et al., 1993). Both VHI and SPI outputs under-
went rigorous validation procedures. VHI results
were validated against rice productivity datasets
to assess the correspondence between remotely
sensed vegetation stress and actual yield impacts.
SPI values were validated through comparison
with observed precipitation patterns and known
drought events documented in historical records.
Cross validation between VHI and SPI provided
additional confidence in the drought characteriza-
tion, as these indices derived from independent
data sources should exhibit spatial and temporal
concordance during drought episodes.

The validated VHI and SPI datasets for 2015,
2018, and 2022 were integrated with land use
maps to conduct comprehensive spatial analysis
of rice paddy drought patterns. Geographic infor-
mation system (GIS) techniques were employed
to overlay drought indices with rice cultivation
areas, enabling identification of vulnerable zones
and quantification of drought affected areas (Rao
et al., 2017). Temporal comparisons across the
three study years facilitated assessment of how
different climatic conditions influenced drought
severity, spatial extent, and agricultural impacts
(Alahacoon & Amarnath, 2022).
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Table 3. SPI drought classification

SPI drought classification table (USDM)

SPI Range USDM category Classification Description
1.91 to 2.5+ w4 Exceptional wet Exceptionally wet conditions
1.511t01.9 W3 Extremely Wet Extremely wet conditions
1.21t01.5 W2 Severe Wet Severely wet condition
0.71t0 1.2 WA1 Moderately Wet Moderately wet conditions

0.5t00.7 WO Abnormally Wet Abnormally wet conditions
-0.5t0-0.7 DO Abnormally Dry Going into or coming out of drought
-0.71t0-1.2 D1 Moderate Drought Some damage to crops and pastures
-1.21t0-1.5 D2 Severe Drought Crop or pasture losses likely
-1.51t0-1.9 D3 Extreme Drought Major crop/pasture losses
-2.0to-2.5 D4 Exceptional Drought Exceptional and widespread losses
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RESULTS AND DISCUSSION

The analysis of VHI across three distinct cli-
matic periods revealed substantial variability in
rice paddy drought conditions in Sragen Regency.
El Nifio 2015 demonstrated the most severe agri-
cultural drought, with areas experiencing extreme
drought (VHI < 10) expanding from 488.43 ha
in June to 5,040.50 ha by October a more than
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Conclusion

Figure 1. Methodological flowcart for modelling spatial and temporal drought

tenfold increase. Severe drought areas (VHI 10—
20) exhibited an even more dramatic escalation,
from 3,292.99 ha to 11,560.39 ha, with the most
pronounced intensification occurring between
August and October. The spatial distribution anal-
ysis indicated that drought conditions were perva-
sive across the regency, with particularly severe
impacts concentrated in the eastern, northern, and
central regions. By October 2015, approximately
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Table 4. VHI are width Kogan classification

VHI area width (ha)
vear Month Ifj):(t)ruegr?:te Severe drought “g?gj;tte Mild drought No drought Cloud
June 488.43 3,292.99 8,221.44 13,106.64 48,252.98 -
July 741.62 2,789.01 10,949.17 16,423.72 40,588.70 1,870.27
2015 August 1,851.38 6,262.63 11,191.43 13,113.73 40,870.16 73.16
September 3,011.65 9,617.22 13,284.09 11,652.78 34,898.96 897.78
October 5,040.50 11,560.39 13,218.34 14,743.84 27,148.14 1,651.27
June 512.91 2,260.29 6,591.29 15,280.27 48,717.64 0.09
July 638.51 2,050.94 8,392.64 19,792.23 42,487.98 0.18
2018 August 1,648.93 3,932.08 7,998.55 12,327.16 47,455.23 0.54
September 2,692.81 6,955.12 11,802.79 12,200.84 34,775.36 4,935.56
October 2,359.01 13,687.83 20,480.18 17,816.38 17,176.93 1,842.16
June 256.34 583.38 1,581.00 3,352.49 66,579.49 1,009.80
2022 July 28.43 614.30 5,448.89 8,820.58 58,449.48 0.81
August 324.87 656.60 1,821.83 5,295.68 65,263.14 0.36
September 311.68 920.48 2,541.18 6,053.23 63,535.92 -

63% of the total area (46,214.86 ha) experienced
varying degrees of drought stress, leaving only
27,148.14 ha (37%) in non-drought conditions.
In contrast, the normal year 2018 presented a
paradoxical drought pattern that challenges con-
ventional assumptions about climate classifica-
tion. Despite the absence of extreme climate phe-
nomena, extreme drought areas increased from
512.91 ha in June to 2,692.81 ha in September,
while severe drought expanded dramatically to
13,687.83 ha by October. The non-drought area
declined precipitously from 48,717.64 ha (66.4%)
in June to merely 17,176.93 ha (23.4%) in Octo-
ber, indicating more extensive agricultural stress
than initially anticipated for a climatically normal
year. Spatial analysis revealed that while drought

2015
m VVHI area width (Ha) Extreme Drought
VHI area width (Ha) Moderate Drought
m VHI area width (Ha) No Drought

70,000.00
60,000.00
50,000.00
40,000.00
30,000.00
20,000.00
10,000.00

June

July
August
September
October
June

initiation was more localized compared to 2015,
the subsequent expansion was remarkably rapid,
particularly affecting eastern and northern agri-
cultural zones that demonstrated heightened vul-
nerability to precipitation deficits.

The La Nifia year 2022 exhibited markedly
different characteristics, with vegetation health
remaining predominantly robust throughout the
observation period. Extreme drought areas re-
mained minimal, ranging only from 256.34 ha
to 324.87 ha, while severe drought peaked at
920.48 ha in September substantially lower than
both 2015 and 2018. Critically, non-drought areas
maintained consistently high coverage, fluctuating
between 58,449.48 ha (79.7%) and 66,579.49 ha
(90.8%) across the monitoring period. The spatial

July
August
September
October
June

July
August
September

2018 2022
m VHI area width (Ha) Severe Drought
VHI area width (Ha) Mild Drought

m VVHI area width (Ha) Cloud

Figure 2. VHI Kogan classification area width graph
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VHI June 2022 VHI July 2022 VHI August 2022 VHI September 2022

VHI June 2018 VHI July 2018

VHI August 2018 VHI September2018

VHI October2018

VHI June 2015 VHI July 2015 VHI September2015

Description
VHI

I oto 10

10 to 20
20 to 30

[ 30t0 40
I 40 to 100

[ ] Kabupaten Sragen

VHI October2015

Figure 3. Sragen regency monthly spatiotemporal VHI map (c) 2015 (El Nino), (b) 2018 (Normal)
and (a) 2022 (La Nina)

distribution demonstrated that drought stress, vegetation conditions throughout the season. This
when present, was largely confined to the eastern spatial pattern underscores the protective influence
and southeastern sectors, with western regions of existing water infrastructure and natural water
proximate to water bodies maintaining healthy  resources during favorable climatic conditions.
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Land use Classification

- Water Body
:] CLOUD

Forest Plantation

[ Buit Land
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\:] Kabupaten Sragen

Figure 4. Sragen regency land use map

Meteorological drought characteristics
and precipitation dynamics

SPI analysis at the 5-month scale (SPI-5) pro-
vided crucial insights into the meteorological driv-
ers underlying the observed vegetation stress pat-
terns. The El Nifio year 2015 was characterized by
persistently negative SPI-5 values ranging from
-2.5 to -1.6 across most of the regency, classifying
the period as experiencing extreme to exceptional
drought (D3-D4 categories) according to USDM
standards. Monthly precipitation data corroborated
these findings, revealing critically low rainfall dur-
ing the June-October period, with values plummet-
ing to 13.38-28.39 mm per month, far below the
threshold necessary to support rice cultivation (Luo
et al., 2022). This severe precipitation deficit, oc-
curring during critical rice growth stages including
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flowering and grain filling, created cumulative
water stress that persisted despite relatively high
rainfall in the preceding months (January-April
totaling >1,000 mm) and subsequent months (No-
vember-December totaling 572.35 mm).

The 2018 precipitation pattern exhibited
extreme temporal variability that explains the
unexpectedly severe drought impacts despite
normal climate classification. SPI-5 values pre-
dominantly ranged from -1.29 to -0.8, indicating
moderate drought conditions (D0-D1 categories).
However, monthly precipitation data revealed
an acute crisis in July with only 13.91 mm the
lowest recorded value across all study years fol-
lowed by persistently low values through October
(71.13 mm in June, 21.63 mm in August, 28.29
mm in September). This midseason precipitation
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collapse, occurring after adequate early-year rain-
fall (January-March totaling >900 mm), created a
critical water deficit during peak crop water de-
mand periods. The delayed onset of substantial
rainfall (423.92 mm in November, 312.02 mm in
December) arrived too late to prevent accumu-
lated agricultural stress, explaining the extensive
drought affected areas observed in VHI analysis.

La Nifia 2022 demonstrated contrasting me-
teorological conditions with predominantly posi-
tive SPI-5 values (1.201-1.5) across the regency,

classifying the period as extremely wet (W3 cat-
egory). Monthly precipitation analysis revealed
consistently adequate to abundant rainfall through-
out the critical growing season, with June-Sep-
tember values ranging from 66.20 mm to 223.96
mm. The early-year period (January-May) accu-
mulated >1,400 mm, providing substantial soil
moisture reserves, while peak rainfall occurred in
November (607.38 mm) followed by high values
in October (404.81 mm) and December (354.99
mm). This well distributed precipitation pattern,

SPI-5 2015

SPI-52018

SPI-5 2022

Figure 6. Sragen regency yearly spatiotemporal SPI-5 map 2015 (El Nino), 2018 (Normal) and 2022 (La Nina)
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Figure 7. Sragen regency monthly spatiotemporal SPI-1 map 2015 (El Nino), 2018 (Normal)
and 2022 (La Nina)
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characteristic of La Nifia influence, maintained
adequate soil moisture throughout rice phenologi-
cal stages, explaining the minimal drought stress
and optimal vegetation health indices observed
throughout the monitoring period.

Correlation between drought indices and
agricultural productivity

The integration of VHI and SPI-5 data with
actual rice productivity statistics revealed com-
plex relationships between climatic stress and
agricultural outcomes. Contrary to expectations
based solely on drought severity indices, the 2015
harvest yielded 628,743 tons with productivity of
6.45 ton/ha surprisingly higher than 2014 (585,503
tons, 5.85 ton/ha) despite experiencing the most
extreme meteorological and agricultural drought
conditions. This apparent paradox can be attribut-
ed to several mitigating factors. First, the presence
of substantial reservoir infrastructure and irriga-
tion networks in Sragen Regency provided critical
water supplementation during the acute drought
period, partially compensating for precipitation
deficits (Zhang et al., 2020). Second, the timing
of extreme drought onset (intensifying from Au-
gust onward) may have missed the most sensitive
early phenological stages for some rice cultivation
cycles, particularly in areas with staggered plant-
ing schedules. Third, farmers likely implemented
adaptive measures including increased reliance on
irrigation, adjustment of planting dates, and pri-
oritization of water allocation to productive fields,
thereby maintaining yields despite challenging
conditions. The 2018 productivity data (634,454
tons, 6.31 ton/ha) similarly exceeded expectations

Table 5. Rice productivity in Sragen Regency

given the extensive drought-affected areas, though
showing slight decline from 2017 (647,263 tons,
6.32 ton/ha). This relatively stable productivity
despite 76.6% of the area experiencing drought
stress by October further emphasizes the critical
buffering role of irrigation infrastructure. How-
ever, the spatial analysis revealed that eastern and
northern zones areas with historically limited irri-
gation access experienced more substantial yield
reductions, though these localized impacts were
partially masked in aggregate statistics. The July
precipitation crisis (13.91 mm) occurred during
a transitional period between planting cycles for
many farmers, potentially reducing its impact on
the primary harvest while significantly affecting
secondary or delayed plantings.

The La Nifa year 2022 achieved the highest
recorded production (678,575 tons) though pro-
ductivity (6.35 ton/ha) was marginally lower than
2015, reflecting the influence of favorable moisture
conditions throughout the growing season. The
consistently high VHI values and positive SPI-5
indices translated into optimal crop development
with minimal stress induced yield losses. Notably,
the 2023 data showed a curious pattern with pro-
ductivity increasing to 6.49 ton/ha yet total produc-
tion remaining nearly static (678,940 tons) due to
reduced harvest area (104,660 ha versus 106,933
ha in 2022), suggesting possible land use changes
or delayed planting schedules influenced by resid-
ual La Nina effects or other socioeconomic factors.

Rice productivity in Sragen Regency exhib-
its noticeable interannual variability that gener-
ally corresponds with the observed drought pat-
terns during the dry season. Years characterized
by higher drought severity, particularly those

Rice harvest area and production in sragen regency
Harvested area (ha)
Year
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
100,044 | 100,061 | 97,444 | 102,183 | 102,466 | 100,491 | 102,744 | 103,629 | 108,199 | 106,933 | 104,660
Production (Ton)
Year
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
601,040 | 585,503 | 628,743 | 654,709 | 647,263 | 634,454 | 649,015 | 668,553 | 703,458 | 678,575 | 678,940
Productivity (Ton/ha)
Year
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
6.01 5.85 6.45 6.41 6.32 6.31 6.32 6.45 6.50 6.35 6.49
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associated with lower SPI values and reduced veg-
etation health, tend to show a decline in harvested
area and productivity. This pattern suggests that
precipitation deficits and increased thermal stress
play a significant role in influencing agricultural
performance in predominantly rice based systems.

The spatial comparison indicates that sub dis-
tricts with stronger vegetation stress (lower VHI
and EVI values) tend to coincide with areas expe-
riencing reduced rice productivity. This relation-
ship highlights the sensitivity of rice cultivation
to moisture availability and surface temperature
conditions during critical growth periods. How-
ever, the decline in productivity is not uniformly
distributed across the region, indicating that local
irrigation infrastructure and water management
practices may mitigate the direct impacts of me-
teorological drought such as the availability of
reservoir in the region.

Furthermore, the relatively stable productivity
observed in certain years despite moderate drought
signals suggests the presence of adaptive agricul-
tural practices, such as irrigation scheduling and
cropping adjustments, which can buffer drought
impacts. This finding implies that agricultural re-
silience in Sragen Regency is not solely controlled
by climatic variability but also influenced by man-
agement and technological interventions in rice
farming systems such as irrigation systems.

Overall, the integration of drought indices and
agricultural statistics demonstrates that severe
drought conditions are generally associated with
decreased rice productivity, although the relation-
ship is not strictly linear. This non linear response
reflects the combined influence of climatic stress,
irrigation availability, and local agronomic prac-
tices, emphasizing the importance of integrated
drought monitoring for sustainable agricultural
planning in Sragen Regency.

CONCLUSIONS

This study demonstrates that the integration
of SPI and EVI based VHI provides a consistent
framework for assessing spatio temporal drought
dynamics in Sragen Regency during the dry sea-
son. The multi temporal analysis indicates that
drought severity varies interannually, with stronger
meteorological deficits reflected in reduced veg-
etation health and increased surface thermal stress.
The spatial patterns reveal that drought impacts
are more pronounced in rainfed agricultural areas,
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while irrigated zones exhibit relatively stable veg-
etation conditions despite precipitation variability.
The comparison between drought indices and
rice productivity suggests a general correspon-
dence between higher drought intensity and fluc-
tuations in agricultural performance, although the
response is not uniform across years. This indi-
cates that climatic stress interacts with irrigation
availability and local agricultural management,
resulting in a non linear relationship between
drought indicators and productivity outcomes.
Methodologically, the use of long term
CHIRPS precipitation data combined with Land-
sat derived EVI and emissivity corrected LST im-
proves the reliability of drought characterization
by capturing both meteorological and agricultural
dimensions. The findings confirm that single in-
dex approaches may not fully represent drought
impacts in heterogeneous agricultural landscapes.
Overall, the integrated SPI, EVI and VHI
approach provides a spatially explicit basis for
drought monitoring and supports more informed
agricultural mitigation strategies in climate sensi-
tive rice producing regions such as Sragen Regen-
cy. Future studies should incorporate higher tem-
poral resolution data and irrigation-specific vari-
ables to enhance the accuracy of drought impact
assessment and agricultural resilience evaluation.
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