SR LT NV P,
TP om nen sk

Jurnal Penelitian Pendidikan IPA

JPPIPA 12(4) (2026)

http:/ /jppipa.unram.ac.id/index.php/jppipa/index

Climate-Resilient Vegetation Monitoring in Malang Regency
Using Multi-Temporal Remote Sensing

Fatih Al Haq An Nashr Muhsin'", Brian Rahardi?, Estri Laras Arumingtyas!

1 Department of Biology, Faculty of Mathematics and Natural Sciences, Brawijaya University, Malang, Indonesia.

Received: February 09, 2026
Revised: March 15, 2026
Accepted: April 25, 2026
Published: April 30, 2026

Corresponding Author:
Fatih Al Haq An Nashr Muhsin
fatihalhaqg4@gmail.com

DOI: 10.29303 /jppipa.v12i4.14556

© 2026 The Authors. This article is
distributed under a (CC-BY License)

Introduction

Abstract: Malang Regency exhibits strong topographic and microclimatic contrasts
between northern (>500 m) and southern (<500 m), which drive distinct vegetation—
climate responses. This study uses MODIS MOD13Q1 NDVI/EVI (February 2000-
December 2024), Landsat 8/9 (2013-2024), CHIRPS rainfall, and BMKG stations,
processed in Google Earth Engine with cloud masking and compositing, to quantify
long-term vegetation trends and vegetation-rainfall relationships. Sen’s slope and
Mann-Kendall tests indicate significant greening in both zones (p < 0.01), with EVI
trends steeper than NDVI, reflecting EVI's greater sensitivity to biomass dynamics in
high-biomass canopies. Annual EVI-rainfall relationships are stronger in the Southern
Zone (R? = 0.545, p < 0.001) than in the Northern Zone (R? = 0.413, p < 0.01), indicating
that agro ecosystems in the south remain highly responsive to seasonal rainfall
fluctuations despite the presence of irrigation, whereas montane forests are more
buffered by groundwater and soil-water storage. ARIMA time-series models provide
baseline rainfall scenarios that suggest only a weak downward tendency within
historical variability and are interpreted cautiously given the strong influence of ENSO
and IOD. These findings offer a quantitative basis for climate-informed land-use
planning that simultaneously considers climatic drivers, irrigation management, and
ongoing urban expansion in Malang Regency.
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and generally wetter, with annual rainfall exceeding
2,500 mm and landscapes dominated by montane forests

Climate change is reshaping terrestrial ecosystems
by altering temperature and rainfall regimes and, in
turn, vegetation dynamics and agricultural production.
In tropical regions with pronounced wet-dry
seasonality, relatively small shifts in the timing and
amount of rainfall can generate large changes in canopy
greenness, crop yields, and drought or flood risk (Unsha
et al., 2025). Indonesia, as a humid tropical country with
high climatic vulnerability, has experienced increasing
rainfall variability associated with the El Nifio-Southern
Oscillation  (ENSO), which strongly modulates
vegetation condition and agricultural productivity
across the archipelago (Liu et al., 2024; Yan et al., 2025).

Malang Regency, covering approximately 3,530
km?, exhibits strong topographic and hydroclimatic
gradients. The northern highlands (>500 m) are cooler
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and agroforestry systems. In contrast, the lowlands and
southern slopes include warmer agricultural zones with
2-3 cropping cycles per year, but some southern districts
such as Tirtoyudo, Ampelgading, and Dampit also
experience very high rainfall and episodic extreme
events driven by orographic uplift from the Semeru
massif. This combination of elevation, orographic
effects, and east-west rainfall gradients produces
sharply contrasting land-cover mosaics and climate-
vegetation responses within a relatively small
administrative unit, creating a strong need for spatially
explicit analysis (Pambudi et al., 2024). Extreme rainfall
patterns in southern districts, including Ampelgading,
are likely driven by orographic lifting over the Semeru
massif. An extensive hydrological study by Marra et al.
(2022) demonstrates that the interaction between coastal
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water vapor flow and steep topography can
substantially  intensify = short-duration  extreme
precipitation. This mechanism accounts for the

persistence of high rainfall in the region during the
broader regional dry season.

Satellite remote sensing using vegetation indices
such as the Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI) provides
an efficient, cost-effective means to monitor vegetation
dynamics over complex terrain (Unsha et al., 2025).
NDVI is widely used but saturates at moderate to high
leaf area index (LAI), limiting its sensitivity in dense
canopies. EVI, which incorporates atmospheric
correction and blue-band information, mitigates (rather
than completely removes) saturation effects and can
retain greater sensitivity at intermediate to high LAI
values, although both indices approach asymptotic
limits in very dense forests (Xue & Su, 2017; Yan et al.,
2025). The availability of long-term, freely accessible
archives from MODIS and Landsat, together with
cloud-based platforms such as Google Earth Engine,
now allows multi-sensor validation and trend analysis
of vegetation responses at high spatial and temporal
resolution (Meviana & Sari, 2017; Pambudi et al., 2024).

Beyond descriptive trends, robust statistical
frameworks are needed to quantify how vegetation
indices respond to interannual rainfall variability and to
anticipate near-term changes relevant for local planning.
Correlation and regression analyses can be used to
estimate the sensitivity of NDVI and EVI to rainfall
anomalies, while time-series models such as
autoregressive integrated moving average (ARIMA)
offer a transparent baseline for short-horizon forecasts of
rainfall and vegetation indices. Recent work in
Indonesia and other tropical regions, however, shows
that purely univariate ARIMA models have limited skill
under highly volatile hydroclimate conditions and are
often extended with exogenous predictors (ARIMAX) or
combined with machine-learning approaches such as
support vector regression and neural networks to better
capture ENSO-related anomalies (Abd-elhamid et al.,
2024; Khan et al, 2023). In this study, ARIMA is
therefore used as a baseline empirical tool to explore
predictability, with explicit recognition that ocean-
atmosphere circulation indices (e.g., Nifio 3.4) and more
complex models are needed for fully operational
hydrological planning.

Although global and regional studies have
intensively examined vegetation-rainfall relationships,
there is still a lack of fine-scale analyses that disentangle
agroecological responses between the cool, forested
highlands and the heterogeneous, high-rainfall lowland
and southern landscapes within Malang Regency
(Furusawa et al., 2023; Ramdani et al., 2024). Existing
monitoring seldom separates these zones or explicitly
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evaluates vegetation behaviour during strong ENSO
events, despite their importance for local crop calendars
and disaster risk management (Mahyuddin & Arif, 2025;
Yuniasih et al., 2023).

This research addresses that gap by combining
multi-sensor NDVI and EVI time series with rainfall
records and ENSO phase information to (i) compare
climate-vegetation sensitivities between northern
highlands and lowland/southern agroecosystems, and
(i) assess the short-term predictability of vegetation
condition using ARIMA-based baselines under varying
hydroclimatic conditions. In doing so, the study
provides spatially explicit evidence to support
climate-sensitive agricultural and land-use planning in
one of East Java’s key agricultural regencies.

REGENCY MAP
IN MALANG
2024

e

Figure 1. Map of Malang Regency showing northern and
southern zones, administrative boundaries, and sampling
areas

Method

Study Area

Malang Regency (7°54'41"-8°23'54"S, 112°16'41"-
112°57'48"E) spans approximately 3,530 km? with
complex volcanic and montane topography.
Agroecological zones were delineated using elevation,
watershed boundaries, and land-cover transitions. A
central contour at 500 m was used to distinguish
highland and lowland systems, but a transition band
between 400-600 m was explicitly identified and treated
cautiously in subsequent analyses to reduce blurring
across ecotones. The northern highlands (>500-600 m)
are generally cooler and wetter, with annual rainfall
often exceeding 2,500 mm and landscapes dominated by
montane forests and agroforestry, whereas lowland and
southern slopes (<400-500 m) comprise warmer
agricultural zones with intensive paddy and mixed
cropping systems. Some southern districts, however,
also experience very high rainfall and episodic extremes
due to orographic uplift from the Semeru massif,
reinforcing the need for spatially explicit, zone-based
analysis.
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Figure 2. Comparison of vegetation types and local climatic
conditions between zones. (A-B) The Southern Zone (Dampit)
features an agricultural landscape characterized by paddy
fields and coffee plantations. (C-D) The Northern Zone is
distinguished by agroforestry systems and mountain forests,
with high cloud cover intensity observed in the Bromo
Tengger Semeru region

Data Sources

Satellite data comprised MODIS Terra MOD13Q1
Version 6.1 16-day NDVI and EVI composites at 250 m
spatial resolution (2000-2024) and Landsat 8/9 OLI
surface reflectance products at 30 m resolution (2013-
2024). Climate data consisted of CHIRPS gridded rainfall
estimates at 0.05° resolution and daily /monthly rainfall
observations from BMKG stations within and around
Malang Regency. All datasets were accessed and
processed in Google Earth Engine, which enabled
efficient handling of multi-decadal archives without the
need for local high-performance computing.

Data Preprocessing and Cloud Masking

Preprocessing of satellite imagery included
cropping to the Malang Regency boundary (Region of
Interest, ROI), applying cloud and shadow masking
using quality assurance (QA) bands, and generating
cloud-reduced composite images. For NDVI and EV],
median compositing was applied over 16-day to
monthly windows to suppress residual cloud and haze
outliers, producing analysis-ready surface reflectance
and vegetation index time series. Geometric correction
ensured consistent geolocation across sensors, while
atmospheric correction (MOD09/MOD13 and LaSRC
for Landsat) minimized effects of scattering and
absorption on reflectance values. For rainfall, CHIRPS
daily data were aggregated by temporal summation to
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monthly and annual totals, consistent with the definition
of CHIRPS products as total precipitation per period,
rather than using median values which would distort
volumetric rainfall estimates.

The selection of CHIRPS v2.0 satellite rainfall data
for this study is supported by its robust validation
record within the study area. Satellite precipitation
products were evaluated in the Brantas watershed,
demonstrating that CHIRPS effectively captures the
spatiotemporal variability of monsoon and orographic
rainfall with sufficient accuracy for hydro-climatological
assessments (Syaifullah et al., 2025). However, local
calibration remains advisable in regions characterized
by extreme topography.

Vegetation Index Calculation

The Normalized Difference Vegetation Index
(NDVI) was calculated after radiometric and geometric
correction using the standard formula: NDVI = (NIR -
Red) / (NIR + Red), where Red and NIR denote surface
reflectance in the red and near-infrared bands,
respectively. NDVI values range from -1 to 1, with
higher values indicating denser and healthier vegetation
canopies (Belhaj et al., 2025).

The Enhanced Vegetation Index (EVI) was
computed as EVI = G x (NIR — Red) / (NIR + C; X Red
— C; x Blue + L), where G is the gain factor, C; and C;
are aerosol resistance coefficients, L is the canopy
background adjustment, and NIR, Red, and Blue are
surface reflectance in the corresponding bands.
Standard MODIS-type coefficients were adopted (G =
2.5, Cy =6, C; =75, L =1), ensuring consistency with
widely used global products unless otherwise stated.
Compared to NDVI, EVI mitigates (rather than
completely eliminates) saturation in high-biomass
conditions and reduces soil and atmospheric
background effects, which is particularly relevant for
dense agricultural canopies and montane forests in
Malang.

Statistical Analysis
Vegetation index and rainfall time series were
spatially averaged for each agroecological zone
(highland, lowland, and 400-600 m transition band, the
latter analysed separately where appropriate). Monthly
NDVI and EVI anomalies were computed relative to the
2000-2019 baseline and related to corresponding rainfall
anomalies. Pearson correlation coefficients quantified
the strength and direction of vegetation-rainfall
relationships, while simple and multiple linear
regression models estimated the sensitivity (slope) of
NDVI and EVI to rainfall variability at monthly and
seasonal scales. Model performance metrics (R?, RMSE)
were calculated for each zone to assess differences in
climate-vegetation coupling across the landscape.
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Cross-Sensor Validation

Cross-sensor validation between MODIS and
Landsat was restricted to the overlapping period 2013-
2024 using synchronous monthly NDVI and EVI values.
To ensure comparable spatial support, Landsat 8/9 30 m
vegetation indices were aggregated to the MODIS 250 m
grid by averaging all Landsat pixels within each MODIS
cell before comparison. Pairwise monthly values from
the overlapping period were then used to compute R?,
RMSE, and systematic bias between sensors. Where a
consistent linear bias was detected, simple
inter-calibration functions (slope and intercept) were
estimated and, where necessary, applied to harmonize
the series used in regression analysis, thereby reducing
artefacts that arise from differences in spatial resolution,
spectral response, and atmospheric correction
algorithms.
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Figure 3. Overall methodological workflow for analysing

vegetation-rainfall relationships in Malang Regency. The
procedure includes (i) study area zoning based on elevation

and agroecological characteristics, (ii) acquisition and

preprocessing of MODIS, Landsat, CHIRPS, and BMKG

datasets in Google Earth Engine, (iii) computation of NDVI
and EVI and zonal time-series extraction, (iv) statistical

analysis of vegetation-rainfall relationships and cross-sensor

validation, and (v) ARIMA-based baseline forecasting of

rainfall for 2025-2027
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ARIMA modelling for rainfall prediction (baseline forecasts
2025-2027)

Monthly rainfall time series for each agroecological
zone (CHIRPS and station-based) from 2000-2024 were
modelled using autoregressive integrated moving
average (ARIMA) as a baseline statistical benchmark for
short-term predictability. Stationarity was evaluated
using the Augmented Dickey-Fuller test, and candidate
ARIMA(p,d,q) structures were selected using the
auto.arima algorithm based on minimum AIC and
diagnostic checks on residuals. Instead of a single 80-20
split centred on 2021-2024, model skill was assessed via
rolling-origin time-series cross-validation and hindcasts
of key anomalies, including the strong El Nifio of 2015-
2016 and the recent multi-year La Nifia episodes around
2020-2023, which substantially increased rainfall over
many parts of Indonesia. This design reduces bias
arising from training only on “normal” years and testing
exclusively on anomalously wet years. Forecasts for
2025-2027 are thus interpreted as ARIMA-based
baseline scenarios, with explicit recognition that actual
rainfall outcomes will depend on future ENSO/IOD
conditions that are not fully captured by univariate
models (Iskandar et al., 2023).

Result and Discussion

Results
NDVI and EVI trends (2000-2024)

Trend analysis of MODIS-derived vegetation
indices for 2000-2024 revealed significant greening in
both Southern and Northern Zones (Gao et al., 2022;
Ramdani et al., 2024; Wingate et al, 2019). All
combinations of zone and index exhibited positive Sen’s
slopes with statistically significant Mann-Kendall test
results, although the magnitude of the increase varied
(Table 1). EVI trends were steeper than NDVI trends,
with EVI increasing by approximately +5.7% to +8.1%
compared to NDVI increases of +1.8% to +2.3%,
indicating stronger apparent sensitivity of EVI to
structural and physiological changes in vegetation
canopies (Yan et al., 2025). The Southern Zone showed
the largest change, with EVI rising by about 8.1% over
the study period (p = 0.0008). This pattern is consistent
with intensification of irrigated agriculture, expansion of
paddy fields, and improved crop management in
lowland areas, which collectively raise canopy biomass
and greenness. By contrast, the Northern Zone showed
a more moderate EVI increase of about +5.7% (p =
0.0032), attributed to a combination of natural forest
recovery, reforestation, and reduced anthropogenic
pressure in some upland areas (Arjasakusuma et al.,
2020; Sadiq et al., 2025).
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Table 1. Mann-Kendall Trend Statistics and Sen's Slope
for NDVI and EVI (2000-2024)

Zone Index Sen’s Slope P-value Interpretation
Northern ~ NDVI +1.8% 0.0245 Moderate increase
Northern EVI +5.7% 0.0032 Strong increase
Southern NDVI +2.3% 0.0089 Moderate increase
Southern EVI +8.1% 0.0008 Strong increase

Coefficient of variation values showed that EVI was
more variable (CV = 7.1-7.3%) than NDVI (CV ~ 4.2-
4.4%) in both zones. Part of this higher variability reflects
genuine responsiveness of EVI to changes in canopy

Volume 12, Issue 4, 442-454

structure and phenology, but it also includes increased
sensitivity to view-sun geometry and residual
atmospheric effects associated with the blue band, so the
additional variability cannot be interpreted solely as
improved vegetation sensitivity (Xue & Su, 2017).
Spatial maps of 5-year mean NDVI and EVI
demonstrated that the northern highlands consistently
maintained high greenness values associated with dense
forests, whereas the southern lowlands exhibited high
but more spatially heterogeneous greenness related to
agricultural mosaics (Trevisiol et al., 2024).

NDVI & EVI MODIS Trends (2000-2024) - Malang Regency

NDVI Northern Zone (Mountains)

NDVI Southern Zone (Lowlands)

NOWI

0L 2006 Pl M15 NI 25

EVI Northern Zone (Mountains)

EVi

008 201 L1s 20X w28

Years

NOWVI

2000 2005 a10

EVI Southern Zone (Lowlands)

EVi

200 2009 010
Yoars

Figure 4. Time series plot of NDVIand EVI (2000-2024) for both northern and southern zones

Interestingly, mean NDVI and EVI values were
systematically higher in the Southern Zone than in the
Northern Zone throughout 2000-2024. Average NDVIin
the South (=0.699) exceeded that in the North (=0.661) by
about 5.7%, and average EVI in the South (=0.450) was
about 10.6% higher than in the North (=0.407). Although
annual mean NDVI and EVI values appeared slightly
higher in the Southern Zone than in the Northern Zone,
this pattern is likely influenced by methodological

factors rather than indicating that agricultural mosaics
consistently exceed dense montane forests in true
canopy greenness. In the Northern Zone, multi-layered
forest canopies with high LAI push NDVI towards its
asymptotic regime and increase the risk of residual
cloud and haze contamination, both of which compress
the dynamic range of indices even when biomass
remains high (Ramdani et al., 2024; Rustanto & Booij,
2022). In contrast, lowland croplands often occupy
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clearer-sky areas and exhibit single-layer canopies with
LAI within the more linear response range of NDVI and
EVI, so that their phenological peaks are captured more
sharply in satellite composites (Lykhovyd et al., 2024).
Consequently, the South-North differences in mean
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index values should be interpreted cautiously as
composite- and sensor-driven artefacts, while the more
robust signal lies in the consistent positive greening
trends observed in both zones.
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Figure 5. Spatial maps showing 5-year mean NDVI and EVI (2000-2024) for both zones, illustrating spatial patterns of
greenness

In contrast, paddy fields and other crops in the
Southern Zone typically exhibit single-layer canopies
with LAI in the 2-4 range, where NDVI and EVI remain
within their more linear response domains and are
highly responsive to cropping-cycle dynamics. The
occurrence of two to three cropping cycles per year
produces temporally synchronised peaks in greenness at
the landscape scale, enhancing mean annual indices.
Additionally, lower cloud persistence in the Southern
Zone improves data quality and reduces atmospheric
damping of vegetation signals (Rustanto & Booij, 2022).

ENSO-Related Anomalies: the 2019 EI Nifio

During the 2019 El Nifio, annual rainfall deficits of
roughly 24-30% were accompanied by negative NDVI
and EVI anomalies of about -3 to —6%, with larger
declines in parts of the Southern Zone, consistent with
broader reports of vegetation stress during recent El

Nifio events in Indonesia (Mahyuddin & Arif, 2025;
Yuniasih et al., 2023). Spatial inspection suggests that the
strongest vegetation stress signals are concentrated in
rain-fed and dryland areas, whereas irrigated schemes
buffered much of the rainfall deficit through reservoir
and canal management. Consequently, the zone-average
anomaly of about —4.5% for NDVI should be interpreted
as a composite of relatively stable irrigated lowlands and
more vulnerable upland drylands, rather than as
uniform stress across all agricultural systems supplied
by large reservoirs such as Karangkates.

In the Northern Zone, NDVI dropped by roughly
—-3.24% and EVI by -5.51%, indicating moderate
vegetation stress but with some buffering capacity likely
provided by deep root systems and higher soil-water
storage in montane forests (Arjasakusuma et al., 2020).
In the Southern Zone, NDVI decreased by about —4.52%
and EVI by -5.16%, revealing a stronger sensitivity of
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agricultural vegetation to rainfall deficits (Le, 2023).
Irrigated and rain-fed crops in the lowlands are directly
dependent on seasonal water availability, and reduced
rainfall can quickly translate into lower canopy biomass

Table 2. Anomaly Indices during 2019 El Nifio Event

Volume 12, Issue 4, 442-454

and greenness, especially in areas where irrigation
infrastructure is incomplete or highly constrained
(Lykhovyd et al., 2024).

Zone NDVI (%) EVI (%) Rainfall anomaly (%) Interpretation
Northern -3.24 -5.51 -26.2 Moderate stress; buffering effect
Southern -4.52 -5.16 -29.8 Strong stress; direct impact on crops

Relationships between Vegetation Indices and Rainfall
Linear regression between annual NDVI and
annual rainfall highlighted distinct behaviours in the
two zones. In the Northern Zone, the NDVI-rainfall
relationship was positive but moderate, with R? around
0.23 and a Pearson correlation coefficient of about 0.48 (p
< 0.05). This indicates that only about 22-23% of NDVI
variance is explained by rainfall, and that other factors
such as soil-water storage, forest structure, and
management practices play substantial roles (Li et al.,
2021; Uribe et al., 2021). The regression slope suggested
a relatively low sensitivity of NDVI to rainfall changes,
consistent with the buffering capacity of montane forests

and volcanic soils, which store water and sustain
greenness during short-term rainfall deficits.

In the Southern Zone, the NDVI-rainfall
relationship was notably stronger, with R? around 0.39
and a correlation of about 0.62 (p < 0.01). Approximately
39% of NDVI variance was thus attributable to rainfall
variability (Safa et al., 2021; Pratiwi & June, 2023). The
regression slope indicated higher sensitivity of NDVI to
changes in annual rainfall, reflecting the dependence of
irrigated and rain-fed crops on water availability,
particularly in systems where irrigation infrastructure is
incomplete or vulnerable to supply fluctuations
(Boubaker & Rabah, 2023; Rustanto & Booij, 2022).

Correlation between NDVI/EVI and Rainfall (2000-2024)

Northeen NOVI ve Rantall (r>0 4TS, p=0.0164)

Southerm NOVI vs Rainfall (»~0.62%, p~0 DOOE)

Southarmn EVI va Raintall (r=0,730, g=0,0000)

Figure 6. Scatter plots of EVI vs annual rainfall for Northern and Southern zones (2000-2024) with linear regression fits and R?
values

These results suggest that, in this study area, EVI
generally provides a more responsive indicator than
NDVI for climate-related vegetation variations, while

also being more sensitive to viewing and atmospheric
conditions (Xue & Su, 2017; Yan et al., 2025). The greater
responsiveness arises from EVI’s use of blue reflectance
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and correction factors that reduce soil and atmospheric
effects and mitigate saturation at high LAI although
these same properties can increase sensitivity to solar
geometry and residual atmospheric noise (Naicker &
Mutanga, 2024). Cross-sensor comparisons showed that,
after aggregating Landsat 8/9 indices to the MODIS grid
and restricting the analysis to 2013-2024, both sensors
produced broadly consistent climate-vegetation
relationships. In the Northern Zone, EVI-rainfall

Volume 12, Issue 4, 442-454

regressions yielded R? values of approximately 0.41,
while NDVI-rainfall models were weaker (R?> ~ 0.23),
with only modest differences between MODIS and
Landsat versions of each index. These results suggest
that, although Landsat’s finer spatial resolution offers
advantages for mapping small-scale heterogeneity,
MODIS remains adequate for capturing zone-scale
vegetation-rainfall coupling over multi-decadal periods
(Trevisiol et al., 2024; Rustanto & Booij, 2022).

Table 3. Linear Regression Statistics: Vegetation Indices vs Annual Rainfall

Zone Index Intercept R? Pearson r P-value
Northern NDVI 0.5900 0.2257 0.4751 0.0164*
Northern EVI 0.3400 0.4100 0.6403 0.0005**
Southern NDVI 0.5900 0.3905 0.6249 0.0008**
Southern EVI 0.3100 0.5450 0.7380 <0.0001***

Note: Asterisks indicate statistical significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.
NDVI: Normalized Difference Vegetation Index; EVI: Enhanced Vegetation Index.

ARIMA -Based Climate and Vegetation Projections

ARIMA models fitted to 2000-2024 monthly rainfall
series suggested a weak downward tendency in annual
totals over the next few years, but with wide confidence
intervals that encompass both wetter- and
drier-than-average outcomes (Abd-elhamid et al., 2024;
Khan et al.,, 2023). Point forecasts indicated modest
decreases on the order of a few percent relative to recent
means; however, these values should be interpreted as

predictions, because ARIMA does not explicitly
incorporate non-stationary drivers such as ENSO and
the Indian Ocean Dipole that strongly modulate rainfall
in East Java. From a climatological perspective, the main
message is that substantial interannual variability will
likely persist, so planning should be based on a range of
plausible wet and dry conditions rather than a single
deterministic trajectory (Kliengchuay et al., 2025; Wagas
& Thandar, 2024).

ARIMA Forecast: NOVI/EVIICH (2000-2027) | Malang Regency
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The ARIMA model employed in this study serves
as a statistical baseline. However, univariate models are
limited in their ability to capture the nonlinearity of
tropical rainfall volatility. A recent comparative study in
East Java by Permata et al. (2024) demonstrates that
hybrid or machine learning approaches, such as Support
Vector Regression (SVR), achieve higher prediction
accuracy than standard ARIMA models, particularly for
forecasting extreme rainfall events.

Despite the downward tendency, the 95%
confidence intervals for these forecasts were relatively
wide, reflecting the inherently high variability of
tropical rainfall. This implies that while a modest drying
tendency is plausible, substantial interannual
fluctuations remain likely, and individual years could
still be wetter or drier than the long-term mean.
Time-series models applied to NDVI and EVI suggested
that vegetation greenness is likely to remain relatively
stable in the near term, with projected NDVI values
generally in the range of 0.65-0.71 and corresponding
high EVI values indicating sustained green and
productive vegetation. The stability of these projections
reflects the combination of gradual climatic change and
adaptive land management, as well as the dampening
effect of soil and groundwater storage, which buffer
vegetation against short-term rainfall fluctuations,
especially in the northern highlands (Wingate et al,,
2019; Sadiq et al., 2025).

Discussion
Differential Vegetation Responses
Results reveal distinct vegetation dynamics

between northern highlands and southern lowlands
despite both showing long-term greening. The Southern
Zone's higher vegetation indices despite lower rainfall
reflect canopy structure differences: southern paddy
fields have single-layer canopies (LAI 2-4) where
NDVI/EVI remain in near-linear response ranges,
whereas northern montane forests have multilayered
canopies (LAI >3-4) that drive NDVI towards saturation
and reduce apparent sensitivity. Multiple cropping
cycles per year in the south produce synchronised
phenological peaks, enhancing mean indices, while
persistent cloud cover and complex topography in the
north can dampen observed greenness signals even in
intact forests (Ramdani et al., 2024; Wingate et al., 2019).
These factors help explain the apparent paradox and
underscore the importance of accounting for land-cover
composition and sensor limitations when interpreting
vegetation indices.

Climate adaptation strategies must be tailored to
zone-specific conditions. Southern agricultural systems
require robust water-management and
drought-mitigation measures, including improved
irrigation scheduling and diversification of cropping
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systems. Northern forested areas need sustained
protection and careful management to maintain their
hydrological buffering capacity and role in stabilising
downstream water supply (Sadiq et al., 2025).

Both climatic factors and significant anthropogenic
pressures influence vegetation dynamics in Malang.
Recent research documented a rapid shift from a
diffusion phase to a coalescence phase in urban sprawl
patterns within peri-urban areas of Malang, including
Singosari and Pakis (Hafiz et al, 2025). The
transformation of productive agricultural land into
built-up areas generates a pronounced local ‘browning’
signal, which should be differentiated from the
‘greening’ trend associated with climate variability.

The ecological consequences of vegetation loss are
measurable. A concurrent study in Malang City
demonstrated vegetation's thermal buffering capacity,
showing that a 0.1 decrease in NDVI is associated with a
0.339°C increase in Land Surface Temperature (LST). In
contrast, an increase in built-up density (NDBI) raises
temperatures by over 1°C (Hasyim et al., 2025). These
findings indicate that the observed 'browning' in peri-
urban districts such as Singosari not only reflects
biomass loss but also signals an expanding Urban Heat
Island (UHI) risk into the regency's agricultural buffers.

ENSO Impacts and Early-Warning Potential

The 2019 El Nifio analysis confirms ENSO'’s strong
influence on rainfall and vegetation in Malang Regency,
with rainfall deficits of 24-30% and vegetation declines
of 3-6% that align with broader tropical patterns (Le,
2023; Mahyuddin & Arif, 2025; Yuniasih et al., 2023). The
stronger southern impact underscores agricultural
vulnerability to hydroclimatic extremes, particularly in
rain-fed and marginal lands. Given ENSO’s interannual
predictability and satellite monitoring capabilities (e.g.,
EVI thresholds below about 0.45 indicating heightened
drought risk), there is substantial potential to develop
early-warning systems for agricultural drought that
integrate ENSO-based  rainfall forecasts with
satellite-derived vegetation indices (Johnson et al., 2021;
Raj & Gopikrishnan, 2023). Such systems could provide
2-4 weeks’ lead time for planting adjustments and
water-allocation decisions, helping to reduce crop
failure risk during ENSO events.

The impact of ENSO is not uniform across regions.
The 2023 El Nifio event exhibited a distinct ‘dipole’
pattern in the Maritime Continent. According to Zehri et
al. (2025), northern Indonesia experienced increased
rainfall. In contrast, southern regions, including Java
and Malang Regency, experienced severe rainfall
deficits due to the combined effects of a positive Indian
Ocean Dipole (IOD) and monsoon circulation anomalies.
These conditions account for the marked decline in
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vegetation productivity observed in the Southern Zone
at the conclusion of the study period.

The cross-correlation analysis indicates a delayed
vegetation response to rainfall anomalies. This finding
aligns with the characteristics of drought propagation in
Java, where meteorological droughts typically precede
agricultural droughts, specifically soil moisture deficits,
by approximately two to three months, as reported in the
2023 drought impact study by Arifin et al. (2025). This
insight is essential for developing effective early
warning systems.

Utility of EVI and Remote Sensing Integration

In the Southern Zone, EVI-rainfall relationships
reached R? values up to about 0.545, indicating a
relatively strong coupling between vegetation greenness
and seasonal water availability, while in the Northern
Zone the coupling was weaker but still significant.
However, in irrigated rice systems this coupling is
mediated by human decisions, including irrigation
scheduling, reservoir operations, and seed distribution
policies, which are themselves aligned with the onset
and progression of the rainy season. The high
correlations therefore reflect the combined effect of
rainfall and water-management practices following the
seasonal cycle, rather than a purely direct biophysical
response to rainfall alone.

EVI  consistently  captured climate-related
variations in vegetation more strongly than NDVI,
especially in high-biomass and cloud-affected
environments, but also exhibited higher sensitivity to
viewing and atmospheric conditions (Xue & Su, 2017;
Naicker &  Mutanga, 2024). Integration of
satellite-derived EVI with local agricultural knowledge
and decision frameworks could support more
climate-sensitive management of planting calendars and
irrigation strategies in Malang and similar tropical
regions.

The pronounced sensitivity of agroecosystems in
the Southern Zone to rainfall anomalies aligns with
observations from adjacent regions. In Bondowoso
District, it was reported that during the 2023 El Nifio
event, rainfed agricultural land experienced significant
thermal stress and a notably greater decline in
vegetation vigor than plantation areas (Suud &
Kusbianto, 2024). These findings further demonstrate
the vulnerability of seasonal agricultural systems on the
southern slopes of Java to climate shocks.

Strengths, Limitations, and Future Directions

The use of long-term MODIS and Landsat archives,
processed in GEE with rigorous cloud masking and
compositing, is a major strength of this study. It allows
consistent, multi-decadal analysis of vegetation-climate
interactions over a complex tropical landscape without
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the need for local high-performance computing
resources. The integration of station and gridded rainfall
data further enhances the robustness of climate-
vegetation relationships (Berra et al., 2024; Rustanto &
Booij, 2022). Nevertheless, several limitations should be
acknowledged. First, while optical satellite data remain
highly effective for vegetation monitoring, some
periods—especially  during  prolonged cloudy
conditions —may experience reduced data availability or
residual cloud contamination despite rigorous cloud
masking  protocols;  however,  high-frequency
acquisitions and compositing mitigate much of this issue
(Trevisiol et al., 2024). Second, the zonal aggregation
used in the analysis may obscure sub-regional
heterogeneity within each zone, such as differences
between specific catchments, land uses, or management
regimes (Meviana & Sari, 2017; Pambudi et al., 2024).

Third, the ARIMA-based rainfall projections, while
informative as short-term baselines, carry substantial
uncertainty and cannot capture all potential drivers of
future climate change, including global warming and
changes in large-scale circulation patterns beyond the
historical record (Kliengchuay et al.,, 2025; Waqas &
Thandar, 2024). Future work could address these
limitations by incorporating additional variables such as
land-surface temperature, soil moisture, and solar
radiation (Raj & Gopikrishnan, 2023); by using more
spatially disaggregated analyses (Sadiq et al., 2025); and
by exploring non-linear or machine-learning models
that may capture more complex relationships between
climate drivers, vegetation indices, and land-use factors
(Johnson et al., 2021). More extensive field data
collection, including systematic LAI measurements and
soil characterisation, would also improve the validation
and calibration of remotely sensed indices and models
(Wingate et al., 2019).

Conclusion

Remote sensing analysis shows a statistically
significant overall greening signal in Malang Regency
between 2000 and 2024, with stronger EVI than NDVI
trends, but this increase is dominated by agricultural
and upland green cover and co-exists with localised
vegetation loss in rapidly urbanising corridors such as
toll-road exits and peri-urban settlements. Vegetation-
rainfall relationships differ markedly between zones:
southern agroecosystems exhibit higher apparent
rainfall sensitivity (EVI R?2 = 0.55, p < 0.001) than
northern montane forests (EVI R? = 041, p < 0.01),
reflecting the dominance of annual crops in the south
that respond quickly to seasonal rainfall anomalies,
while upland forests are buffered by deep soils and
groundwater storage. ARIMA-based forecasts indicate

only a weak downward tendency in annual rainfall over
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2025-2027, on the order of a few percent and well within
historical variability, and are interpreted as baseline
scenarios rather than precise predictions given the
strong influence of ENSO and IOD that is not explicitly
modelled. Overall, the results highlight that climate
variability and human land-use decisions jointly shape
vegetation dynamics in Malang, suggesting that
climate-informed adaptation must be coupled with
careful regulation of urban expansion, protection of
montane forests, and resilient irrigation management in
southern agricultural zones. Future research should
incorporate explicit land-use change layers, field-based
measurements of LAI and soil properties, and
multivariate or machine-learning time-series models
that include ENSO/IOD indices to better separate
climatic from anthropogenic drivers and to improve
near-term early-warning capability for drought and crop
failure.
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