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Abstract

Vegetation greenness dynamics serve as sensitive indicators of ecosystem health and environmental change. This study
employs harmonic regression analysis of Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized
Difference Vegetation Index (NDVI) time series to detect and quantify changes in seasonal vegetation patterns across
India over two decades (2001-2023). Two periods early (2001-2011) and recent (2013-2023) were compared across 36
states and 11 biome types using three harmonic parameters: mean greenness, seasonality amplitude, and peak timing
phase. Analysis of 10.2 million valid pixels at 500 m resolution reveals a decline in mean NDVI of 0.028 (Cohen's d =
0.18), with 57.6% of vegetated pixels showing reduced greenness. Mann-Kendall trend analysis confirmed this pattern
with 91.7% method concordance. At the state level, 75% of administrative units showed declining greenness, with
northeastern states experiencing the most severe reductions (0.13-0.24 NDVI units). EVI validation in high-biomass
regions confirmed that declines persist across both indices (r = 0.874), indicating that NDVI saturation effects are
modest (~10%) and do not alter the primary findings. Among biomes, mangroves exhibited the greatest loss (—0.115),
while deserts and xeric shrublands showed marginal increases (+0.027). Land cover stratification revealed forests
experienced the strongest decline (—0.052) whereas croplands showed modest increases (+0.011), supporting land use
change as a primary driver. Climate correlations at the state level identified vapor pressure deficit change (r =—-0.512, p
= 0.002) and precipitation change (r = 0.449, p = 0.006) as significant predictors, and a strong inverse relationship
between baseline vegetation density and subsequent change (r = —0.550, p < 0.001) indicates that well-vegetated areas
are disproportionately degrading. This Google Earth Engine—based harmonic framework provides a reproducible
approach for continental-scale vegetation monitoring and ecosystem assessment.
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1. Introduction

Vegetation phenology, defined as the timing and progression of recurring biological events such as leaf emergence, peak
greenness, and senescence, is widely recognized as a fundamental indicator of ecosystem functioning and
environmental change [1,2]. Shifts in phenological patterns can cascade through ecological systems, affecting nutrient
cycling, carbon sequestration, species interactions, and ecosystem productivity [3]. Satellite-based monitoring of
vegetation dynamics over extended temporal scales has become indispensable for understanding how terrestrial
ecosystems respond to climate variability, land use change, and anthropogenic pressures [4,5]. The Normalized
Difference Vegetation Index (NDVI), first proposed by Tucker [6], remains one of the most widely utilized spectral
indices for characterizing vegetation dynamics, owing to its sensitivity to chlorophyll content and canopy structure.

Over the past two decades, numerous studies have documented significant changes in vegetation greenness at regional
and global scales. While some studies provided early evidence of increased plant growth in northern high latitudes [7]
and widespread greening driven by CO: fertilization, nitrogen deposition, and climate change [8], these global trends
mask substantial regional heterogeneity. Many areas experience persistent declines in vegetation greenness due to
drought stress, deforestation, and land degradation [9,10]. Recent assessments have shown complex global patterns,
with vegetation greenness in 2023 exhibiting both regional gains and losses linked to climate extremes [11], and
projections suggesting that observed advancements in spring vegetation phenology across the Northern Hemisphere
may reverse after 2060 under moderate warming scenarios [12]. Understanding the spatial patterns and drivers of
vegetation change at the regional level is therefore essential for developing targeted conservation and land management
strategies.

Satellite remote sensing provides the only practical means of monitoring vegetation continuously across large spatial
extents [13]. The Moderate Resolution Imaging Spectroradiometer (MODIS) aboard National Aeronautics and Space
Administration (NASA)'s Terra satellite has generated a consistent, near-daily record of global vegetation conditions
since 2000, making it one of the most valuable datasets for long-term vegetation research [14]. The MODIS Vegetation
Index product (MOD13A1) provides 16-day composite NDVI imagery at 500 m spatial resolution, with built-in quality
assurance information that enables filtering of cloud-contaminated and otherwise unreliable observations [15,16].

Several analytical approaches have been developed to extract temporal patterns from satellite time series. Threshold-
based methods identify transition dates by detecting when vegetation indices cross predefined values [14], while curve-
fitting techniques employ logistic or polynomial functions to model seasonal trajectories [17]. Among these approaches,
harmonic regression, also termed Fourier analysis or spectral decomposition, offers distinct advantages for
characterizing seasonal vegetation patterns [18,19]. By decomposing temporal variation into periodic components,
harmonic analysis extracts physically interpretable parameters including mean vegetation condition, seasonality
strength (amplitude), and timing of peak greenness (phase), without requiring assumptions about the shape of the
seasonal curve [18]. This approach has been widely validated for modeling vegetation dynamics from NDVI time series
across diverse geographical regions [20,21], including applications in European temperate forests and grasslands [22]
and West African rangelands [23]. The advent of cloud computing platforms, particularly Google Earth Engine (GEE),
has transformed the capacity for large-scale remote sensing analysis by enabling access to petabyte-scale archives and
distributed computing resources [24,25].

India presents a uniquely compelling setting for vegetation research due to its exceptional ecological diversity and the
intensity of environmental pressures it faces. Spanning approximately 3.29 million km?, the country encompasses 11
terrestrial biomes ranging from tropical moist broadleaf forests in the Western Ghats and northeast to deserts and xeric
shrublands in the northwest, with temperate and alpine ecosystems in the Himalayas [26]. This bioclimatic gradient is
further shaped by the Indian monsoon system, which generates one of the strongest seasonal vegetation cycles on Earth
[27]. India has experienced substantial environmental change in recent decades, with the India State of Forest Report
2023 documenting mixed trends including overall increases in forest and tree cover masked by significant losses in
dense forest areas [28]. Forest cover dynamics have been shaped by competing forces of deforestation, particularly in
the northeast, and afforestation programs in degraded areas [29,30]. Recent assessments have documented widespread
vegetation degradation across India [31] and identified complex climate drivers of ecosystem change [32]. Agricultural
intensification, supported by expanding irrigation infrastructure, has transformed vegetation patterns in northwestern
states [31,33,34], while rapid urbanization has led to significant vegetation loss around major cities [32,35]. Climate
trends over India include changes in monsoon precipitation patterns, increased frequency of extreme weather events,
and warming temperatures, all of which have implications for vegetation dynamics [36,37].

Despite these pressures, comprehensive analyses of long-term vegetation change across India's diverse ecosystems
using consistent satellite-based approaches remain limited. Most existing studies have focused on specific regions, land
cover types, or shorter time periods [38,39]. The critical gap lies in the absence of integrated, national-scale analyses
that (1) utilize harmonic regression to characterize both magnitude and seasonal structure of vegetation change, (2)
extend beyond simple greenness trends to examine seasonal amplitude and timing shifts, (3) systematically compare
patterns across administrative units and natural biomes, and (4) evaluate relationships with climatic drivers at scales
relevant to policy and management decisions.



This study addresses these gaps by applying harmonic regression analysis to a 23-year MODIS NDVI time series
(2001-2023) to quantify changes in seasonal vegetation patterns across India at both pixel and administrative scales.
The specific objectives are to (1) quantify changes in mean vegetation greenness, seasonality amplitude, and peak
timing between early (2001-2011) and recent (2013-2023) periods, (2) assess the magnitude and spatial distribution of
vegetation change at the national level, (3) identify the biomes and regions exhibiting the greatest vegetation sensitivity,
(4) evaluate correlations between observed vegetation changes and climate variables, and (5) demonstrate the utility of
harmonic parameters as indicators of ecosystem change. While the harmonic parameters employed in this study (mean
NDVI, amplitude, and phase) reflect seasonal vegetation greenness patterns rather than discrete phenological events
(e.g., specific leaf-out dates or senescence onset), they nonetheless provide ecologically meaningful characterization of
vegetation seasonal dynamics and long-term change. The analysis is implemented entirely within GEE, ensuring
reproducibility and scalability for ongoing monitoring applications.

2. Materials and Methods

2.1 Study Area

The study encompasses the entire terrestrial extent of India (approximately 6°N to 37°N latitude, 68°E to 98°E
longitude), covering an area of approximately 3.29 million km? across 36 states and union territories. India's vegetation
is distributed across 11 biomes as classified by the RESOLVE Ecoregions dataset [26], including tropical moist and dry
broadleaf forests, tropical and temperate grasslands, montane shrublands, deserts, mangroves, and coniferous forests.
The climate is dominated by the Indian monsoon, with a pronounced wet season (June to September) driving a strong
seasonal vegetation cycle across most of the subcontinent [27]. Administrative boundaries were obtained from the
Database of Global Administrative Areas (GADM) version 4.1 (2022), which provides the current delineation of all 36
states and union territories including the 2019 reorganization of Jammu and Kashmir and Ladakh as separate union
territories (Figure 1).
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Figure 1. Study area map of India’s 36 states and union territories analysed in this study, colour-coded by geographic region (North,
Central, East, Northeast, West, South, and Islands). State and union territory names are labelled. The inset shows the location of India
within South Asia. Administrative boundaries are derived from the Database of Global Administrative Areas (GADM) version 4.1
(2022).



2.2 Satellite Data and Preprocessing

MODIS NDVI data were obtained from the MOD13A1 Version 6.1 product [15], which provides 16-day maximum
value composite NDVI at 500 m spatial resolution. The dataset was accessed through the GEE platform [24] for the
period 1 January 2001 to 31 December 2023, yielding 253 composite images per analysis period. The NDVI values,
stored as integer values in the original product, were rescaled by a factor of 0.0001 to obtain values in the standard
range.

Quality filtering was performed using the SummaryQA band included in the MOD13A1 product. Only pixels flagged as
good quality (SummaryQA = 0) or marginal quality (SummaryQA = 1) were retained for analysis. Pixels classified as
snow/ice-covered (SummaryQA = 2) or cloudy (SummaryQA = 3) were masked. This quality filtering approach follows
established protocols for MODIS NDVI time series analysis [14,40]. A land mask was applied to exclude non-vegetated
areas from the analysis. Pixels with mean NDVI below 0.1 in both analysis periods were excluded, effectively removing
permanent water bodies, barren lands, and built-up areas with minimal vegetation. Island territories including Andaman
and Nicobar Islands and Lakshadweep were included in the analysis where sufficient valid observations were available
after quality filtering. High-altitude regions above 5000 m elevation, predominantly in Ladakh and northern Himachal
Pradesh, were retained but exhibited lower observation density due to persistent snow cover and cloud contamination.

2.3 Harmonic Regression Model

Harmonic regression was employed to decompose the NDVI time series into interpretable seasonal components. The
model expresses NDVI as a function of time using sinusoidal terms representing periodic vegetation cycles [18,19].
This approach has been widely validated for modeling vegetation dynamics from NDVI time series across diverse
geographical regions [20,21,41,42]. For each pixel, the following model was fitted:

27;ktﬂ+g (D

where NDVI(t) is the observed NDVI at time t (expressed in fractional years since 1 January 1970), Po is the intercept
representing the temporal mean NDVI, B is the linear trend coefficient, ax and by are the cosine and sine coefficients for
the kth harmonic respectively, T is the annual period (1 year), and ¢ is the residual error. Two harmonic terms (k = 1, 2)
were included: the first harmonic captures the dominant annual cycle, while the second captures semi-annual variations
associated with bimodal growing seasons observed in parts of peninsular India. The use of two harmonic terms provides
flexibility to represent both unimodal phenological cycles (dominant in northern and northeastern India) and bimodal
cycles (occurring in southern regions with distinct monsoon and post-monsoon growing periods) [43,44].

NDVI(t)= f, + fit + Zi:{aﬁ cos(z’;"’j+ b sin(

From the fitted coefficients of the first harmonic, two ecologically interpretable parameters were derived. The amplitude
(A), representing the strength of seasonal vegetation variation, was calculated as:

A=la} +} ©)

The phase (¢), representing the timing of peak annual greenness, was calculated as:

Q= arctan[b'} 3)

al
where arctan? is the two-argument arctangent function that preserves quadrant information, yielding phase values in the
range from negative « to positive © radians.

The phase difference between periods was calculated using circular statistics to account for the periodic nature of
angular data [45]. For each pixel, the phase shift was computed as:

Ap= angle(e"”’“’em o™ Pearly ) 4)

This approach ensures that phase differences are constrained to the interval from negative © to positive 7, correctly

handling cases where the phase wraps around the annual cycle boundary. The phase value in radians was subsequently

converted to calendar days for ecological interpretation:
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A positive phase shift indicates a delay in peak greenness (later in the calendar year), while a negative shift indicates
advancement (earlier peak).

The model was fitted independently for each pixel using ordinary least squares regression, implemented via the
linearRegression reducer in GEE [24]. The six independent variables (constant, time, cosl, sinl, cos2, sin2) were



regressed against the dependent variable (NDVI) for each pixel across all available composite images within each
period.

2.4 Temporal Analysis Framework

The 23-year study period was divided into two sub-periods: the early period (2001-2011) and the recent period (2013—
2023), each comprising 11 years and approximately 253 composite images. A one-year buffer (2012) was excluded to
ensure clear temporal separation between periods, minimize transitional effects, and maintain equal period lengths for
direct comparability. This two-period comparative approach was chosen over continuous trend analysis for several
reasons: (1) it provides a clear temporal baseline for change assessment relevant to policy evaluation, (2) it reduces
sensitivity to short-term interannual variability that can complicate linear trend interpretation, (3) it facilitates
straightforward before-after comparison of harmonic parameters, and (4) the 11-year periods are sufficiently long to
characterize stable seasonal patterns while being short enough to detect decadal-scale changes. While this approach
does not capture nonlinear dynamics or abrupt changes occurring within periods, it provides robust characterization of
average conditions and their change [44].

The harmonic regression model (Equation 1) was fitted independently for each period, yielding separate estimates of
mean NDVI (Bo), amplitude (A), and phase () for the early and recent periods. Vegetation change was then quantified
as the difference between the recent and early period parameters:

AMean:ﬂgcccnt _ ﬁgarly (6)
AA plitude — Arecent _ Aearly (7)
APhase = (precent _(pearly (8)

with phase difference calculated using circular statistics as described in Equation 4.

A comprehensive validity mask was applied to exclude unreliable pixels. Pixels were retained only if NDVI values in
both periods fell within the range 0 to 1, amplitude values were below 0.5, the absolute change in mean NDVI was
below 0.5, and the absolute phase shift was below 183 days (half a year). These thresholds exclude physically
implausible values arising from insufficient valid observations or fitting failures.

2.5 Zonal Statistical Analysis

Phenological parameters and change metrics were aggregated at two spatial scales: administrative units (36 states and
union territories) and biome types (11 biomes present in India). Administrative boundaries were derived from the
Database of Global Administrative Areas (GADM) version 4.1 (2022), which provides the current delineation of all 36
states and union territories including the 2019 reorganization of Jammu and Kashmir and Ladakh as separate union
territories. Biome classification was obtained from the RESOLVE Ecoregions 2017 dataset [26], rasterized to 500 m
resolution to match the MODIS data.

For each spatial unit, area-weighted mean values of all phenological parameters were extracted from the pixel-level
raster data using zonal statistics operations. Specifically, for each state or biome j, the mean parameter value was
calculated as:

Xj _ Zie j X i A:
zi €j A‘l
where X i is the parameter value for pixel i, A i is the area of pixel i (accounting for latitudinal variation in pixel size),

and the summation is over all valid pixels within unit j. This approach ensures that larger homogeneous areas contribute
proportionally more to the unit mean than fragmented edge pixels.

O

2.6 Climate Data and Correlation Analysis

Climate data were obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis v5
(ERAS5)-Land monthly aggregated dataset [46] accessed through GEE. Four climate variables were calculated for both
the early and recent periods:

(1) Mean 2 m air temperature (°C)
(2) Total annual precipitation (mm/year)

(3) Mean vapor pressure deficit (kPa), calculated from temperature and dewpoint temperature as VPD = 0.611 x
exp[(17.27 x T)/(T + 237.3)] x (1 - RH/100), where RH is relative humidity

(4) Soil moisture (m*/m?), volumetric water content in the 0 to 7 cm layer



Temporal changes were computed as the difference between recent and early period means. Climate variables were
extracted at state level to match the spatial scale of the phenological analysis. The relationship between climate
variables and vegetation change was evaluated using Pearson correlation coefficients. Twelve climate-phenology pairs
were examined:

Change correlations: temperature change versus NDVI change, precipitation change versus NDVI change, VPD change
versus NDVI change, soil moisture change versus NDVI change, temperature change versus amplitude change, and
VPD change versus amplitude change. Baseline correlations: baseline temperature versus NDVI change, baseline
precipitation versus NDVI change, baseline VPD versus NDVI change, baseline NDVI versus NDVI change, baseline
NDVI versus amplitude change, and VPD change versus phase change. Statistical significance was assessed at o = 0.05
and o = 0.01 levels.

2.7 Statistical Significance Testing

Two complementary statistical approaches were employed. For pixel-level patterns, descriptive statistics and effect
sizes were calculated to characterize the magnitude and direction of change, recognizing that with n approximately 10
million spatially autocorrelated pixels, traditional significance tests are uninformative due to pseudo-replication [47].
Instead, Cohen's d effect size for mean NDVI change was computed:

d= )?recent + )?early (10)

Spoolcd

where s pooled is the pooled standard deviation across periods. Effect sizes were interpreted using conventional
thresholds: absolute value of d less than 0.2 equals negligible, 0.2 to 0.5 equals small, 0.5 to 0.8 equals medium, greater
than 0.8 equals large [48].

For state-level analysis (n = 36), where spatial units can reasonably be considered independent samples, formal
statistical tests were conducted. Paired t-tests were used to compare early and recent period mean NDVI values across
states. A one-sample t-test assessed whether the mean change in NDVI was significantly different from zero. The non-
parametric Wilcoxon signed-rank test was additionally employed as a distribution-free alternative to confirm the
robustness of the parametric results. All statistical analyses were performed in Python 3.12 using the SciPy library [34].
Standard deviations (SD) are reported throughout as measures of variability (not standard errors), unless otherwise
noted.

2.8 Pixel-Wise Trend Analysis and Validation

To validate the two-period comparison approach and assess the consistency of vegetation change trajectories,
complementary pixel-wise trend analysis was conducted using the non-parametric Mann-Kendall test and Theil-Sen
slope estimator [49]. For each pixel with at least 80% valid observations across the full 23-year period, the following
were calculated:

(1) Mann-Kendall 1 statistic: a rank-based measure of monotonic trend direction and strength, with significance
assessed at o = 0.05 using a two-tailed test accounting for temporal autocorrelation [42].

(2) Theil-Sen slope: the median of all pairwise slopes between observation pairs, providing a robust estimate of NDVI
change rate (NDVI units per year) resistant to outliers.

Trends were classified as significant increasing (t > 0, p < 0.05), significant decreasing (t < 0, p < 0.05), or non-
significant. To assess consistency between the two analytical approaches, the concordance between two-period NDVI
change direction and Mann-Kendall trend direction was calculated at both pixel and state levels.

2.9 Enhanced Vegetation Index Validation

To assess potential NDVI saturation effects in high-biomass regions, parallel analysis was conducted using the
Enhanced Vegetation Index (EVI) from the same MOD13A1 product for a subset of high-NDVT states (baseline NDVI
greater than 0.6) where saturation is most likely [40]. EVI employs a soil-adjusted canopy background and atmospheric
resistance term that maintains sensitivity in dense vegetation:

NIR — Red

EVI=2.5x (11)
NIR + 6 xRed —7.5x Blue +1

For the seven northeastern states (Tripura, Mizoram, Nagaland, Meghalaya, Manipur, Assam, Arunachal Pradesh) plus
the Western Ghats regions of Kerala and Karnataka, the same two-period change metrics were calculated using EVI and
compared them with NDVI-based results. The EVI-NDVI correlation for change detection was assessed using Pearson
correlation and Bland-Altman analysis to quantify systematic differences.



2.10 Land Cover Stratification Analysis

To assess whether observed vegetation changes differ systematically across land cover types, pixel-level results were
stratified using the MODIS Land Cover Type product (MCD12Q1 Collection 6.1) [45]. The dominant land cover class
for each pixel was extracted based on the International Geosphere-Biosphere Programme (IGBP) classification scheme
from the year 2010 (midpoint of study period). Pixels were grouped into seven broad categories: (1) Forests (Evergreen
Needleleaf, Evergreen Broadleaf, Deciduous Needleleaf, Deciduous Broadleaf, Mixed Forests), (2) Shrublands (Closed
and Open Shrublands), (3) Savannas (Woody Savannas and Savannas), (4) Grasslands, (5) Croplands (including
Cropland/Natural Vegetation Mosaic), (6) Urban and Built-up, and (7) Other (including wetlands and barren).

For each land cover category, the mean NDVI change, percentage of pixels showing decline, and mean Mann-Kendall
trend slope were calculated. This stratification enables assessment of whether the observed decline signal is
concentrated in forest areas (supporting land use change attribution) or distributed across all vegetation types
(supporting climate driver attribution).

2.11 Spatial Autocorrelation Analysis

To address the pseudo-replication issue inherent in continental-scale pixel-based analysis, spatial autocorrelation in
NDVI change was quantified using global Moran's I statistic [50]. Moran's I was calculated using a distance-based
spatial weights matrix with a 50 km neighborhood distance (approximately 100 pixels at 500 m resolution):

I:nz,zjwij(xi—f)(xj—f) (12)
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where n is the number of pixels, x i is NDVI change for pixel i, X is the mean NDVI change, and w_ij is the spatial
weight between pixels i and j.

From Moran's I, the effective sample size accounting for spatial dependence was estimated [51]:

n

T1r(-Dx1 (13)
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This effective sample size was used to recalculate appropriate significance thresholds and confidence intervals for pixel-
based statistics.

2.12 Circular Statistical Analysis of Phase Shifts

To assess whether observed phase shifts represent statistically significant changes in peak greenness timing, circular
statistical tests appropriate for angular data were applied [52]. For each state, the circular mean phase for early and
recent periods was calculated and tested for significant difference using the Watson-Wheeler test for homogeneity of
circular distributions [53]. The Rayleigh test was used to confirm non-uniformity of phase distributions (i.e., presence
of a dominant seasonal peak). Circular mean phase was converted to day of year for ecological interpretation, and states
with significant phase shifts (p < 0.05) were identified.

2.13 Data Processing Environment

All satellite data acquisition, harmonic regression analysis, and raster export operations were performed on the GEE
cloud computing platform [24]. Raster data were exported as GeoTIFF files at 500 m resolution (phenological and
biome data) and 5,000 m resolution (climate data). Post-processing, zonal statistics extraction, statistical testing, and
figure generation were conducted locally using Python 3.12 with the Rasterio, GeoPandas, Rasterstats, NumPy, Pandas,
SciPy, and Matplotlib libraries.

3. Results

3.1 National-Scale Vegetation Dynamics Across India

Harmonic regression analysis of 10.2 million valid MODIS NDVI pixels across India revealed a decline in mean
vegetation greenness between the early (2001 to 2011) and recent (2013 to 2023) periods. The national mean NDVI
decreased from 0.382 + 0.219 (mean + SD) to 0.354 £ 0.205, representing an absolute decline of 0.028 + 0.157. This
represents a small to moderate effect size (Cohen's d = 0.18).

Spatial autocorrelation analysis revealed strong positive autocorrelation in NDVI change (global Moran's [ = 0.524, p <
0.0001), indicating that neighboring pixels tend to exhibit similar change patterns. This spatial structure reduces the
effective independent sample size to approximately n_eff = 19,780, or 0.19% of the nominal 10.2 million pixels. When
recalculated using the effective sample size, the national mean decline remains statistically distinguishable from zero (t



=11.47, p < 0.0001), confirming that the result is not an artifact of pseudo-replication. The spatial clustering of positive
and negative change areas (Figure 2) reflects coherent regional processes rather than random pixel-level noise.

Of the total valid pixels, 57.6% (5,879,037 pixels) exhibited declining greenness, while 42.4% (4,327,958 pixels)
showed increases (Figure 2). At the state level, where spatial units can be treated as independent samples (n = 36), the
mean NDVI change of 0.052 was statistically distinguishable from zero (paired t-test: t = 4.123, p = 0.0002; Wilcoxon
signed-rank: W = 110, p = 0.0003). However, the ecological significance is better conveyed by the effect magnitude:
three-quarters of states experienced declining greenness, with declines exceeding 0.10 NDVI units in seven states.
Seasonality amplitude showed minimal overall change (early: 0.133 £ 0.058; recent: 0.134 + 0.058; A= 0.001 £ 0.022),
indicating that the strength of the annual vegetation cycle remained largely stable at the national scale despite the
decline in mean greenness (Figure 3). Peak vegetation timing showed a marginal shift of 1.43 + 13.91 days, with 60.0%
of pixels exhibiting a later peak and 40.0% an earlier peak (Figure 4). Given the small magnitude relative to inter-pixel
variability, this shift does not represent a consistent national-level trend, though substantial spatial heterogeneity was
evident. A comprehensive summary of these parameters is provided in Table 1.

Table 1. Summary of phenological parameters across India (2001-2011 vs. 2013-2023).

Parameter Period/Metric Mean SD

Mean NDVI Early (2001-2011) 0.382 0.219

Mean NDVI Recent (2013-2023) 0.354 0.205

Mean NDVI Change (A) -0.028 0.157
Amplitude Early (2001-2011) 0.133 0.058
Amplitude Recent (2013-2023) 0.134 0.058
Amplitude Change (A) +0.001 0.022

Peak Timing Shift (A days) +1.43 13.91

Pixel Counts Count Percentage

Total valid pixels 10,206,995 100.0%

Greening pixels 4,327,958 42.4%

Browning pixels 5,879,037 57.6%

Earlier peak pixels 4,082,697 40.0%

Later peak pixels 6,124,298 60.0%

Statistical Tests Test Type Statistic p-value Significance
Paired t-test (NDVI) t=4.123 0.0002 ok
One-sample t-test (A # 0) t=-4.123 0.0002 K
Wilcoxon signed rank wW=110 0.0003 *oK
Effect size ( Cohen’s d) 0.18 -

Spatial autocorrelation (Moran’s I) 0.524 <0.0001

Effective sample size 19,780 -
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Figure 2. Spatial distribution of change in mean NDVTI across India (2013-2023 minus 2001-2011). Green shading indicates greening

(positive NDVI change) and red shading indicates browning (negative NDVI change). State boundaries are overlaid in black. Values
range from —0.3 (browning) to +0.2 (greening), with white representing no change.
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Figure 3. Spatial distribution of change in seasonality amplitude across India. Purple shading indicates increased seasonality and
orange shading indicates decreased seasonality. Values range from —0.1 to +0.1, with white representing no change.
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Figure 4. Spatial distribution of peak vegetation timing shift across India. Red shading indicates a shift toward a later peak and blue
shading indicates a shift toward an earlier peak. Values range from —60 to +60 days, with white representing no change.

3.2 Temporal Comparison of Vegetation Greenness

Comparison of the spatial patterns of mean NDVI between the two periods revealed region-specific changes in
vegetation condition (Figure 5). The early period exhibited higher NDVI values across the northeastern states, the
Western Ghats, and parts of central India, while the recent period showed reduced greenness in these regions.
Conversely, northwestern India, including Rajasthan, Gujarat, Punjab, and Haryana, displayed higher NDVI values in
the recent period relative to the baseline. The Indo-Gangetic Plain showed a mixed pattern, with some areas exhibiting
increases in greenness associated with intensive agriculture and others showing declines.

(a) Mean NDVI: 2001-2011 (b) Mean NDVI: 2013-2023

Latitude (*N})
Latitude (*N)
o
=
Mean NDVI

70 75 80 85 90 95 70 75 80 85 90 95
Longitude (°E) Longitude (*E)

Figure 5. Temporal comparison of mean NDVI across India. (a) Mean NDVI for the early period (2001-2011). (b) Mean NDVI for
the recent period (2013-2023). Values range from 0 (bare/sparse vegetation) to 0.8 (dense vegetation), displayed using a sequential
yellow-to-green colour scheme.
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3.3 State-Level Phenological Changes

At the state level, 27 of 36 administrative units (75.0%) exhibited a decline in mean NDVI, while 9 states (25.0%)
showed increases (Figure 6). The mean state-level NDVI decreased from 0.476 + 0.196 to 0.424 £ 0.167, with a mean
change of 0.052 + 0.076 (Table 2).

The most pronounced declines in vegetation greenness were observed in Tripura (A = —0.243), Jharkhand (A =-0.181),
Mizoram (A = —0.166), Delhi (A = —0.144), and Nagaland (A = —0.134). These states are located predominantly in the
northeastern region and include both forested arecas and urban centers. The greatest increases in greenness were
recorded in Punjab (A = 0.078), Gujarat (A = 0.076), Rajasthan (A = 0.064), Puducherry (A = 0.056), and Haryana (A =
0.048), all of which are characterized by either intensive irrigated agriculture or arid landscapes. Jammu and Kashmir (A
=0.003) and Ladakh (A = 0.016) exhibited marginal increases.

Small island union territories (Lakshadweep, portions of Andaman and Nicobar) had insufficient valid pixels after
quality filtering and are excluded from state-level summary statistics. Manipur exhibited data gaps in portions of the
early period due to persistent cloud cover during monsoon seasons; the reported change value (A = -0.091) is based on
68% spatial coverage and should be interpreted with caution.
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Figure 6. Horizontal bar chart of mean NDVI change across Indian states and union territories, sorted from most browning (bottom)
to most greening (top). Red bars indicate browning and green bars indicate greening. The vertical black line marks zero change.

Table 2. State-level phenological changes across India.

Panel A: Top 10 greening states.

State/UT Mean NDVI (Early) Mean NDVI (Recent) ANDVI Change (%)
Punjab 0.375 0.453 +0.078 +20.70
Gujarat 0.193 0.268 +0.076 +39.38
Rajasthan 0.143 0.207 +0.064 +44.84
Puducherry 0.417 0.473 +0.056 +13.46
Haryana 0.317 0.364 +0.048 +15.09
Ladakh 0.084 0.100 +0.016 +19.27
Himachal Pradesh 0.376 0.387 +0.011 +2.91
Jammu and Kashmir 0.403 0.406 +0.003 +0.73

Goa 0.552 0.552 +0.000 +0.04
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Panel B: Top 10 browning states.

State/UT Mean NDVI (Early) Mean NDVI (Recent) ANDVI Change (%)
Tripura 0.806 0.563 -0.243 -30.19
Jharkhand 0.492 0.311 —-0.181 -36.78
Mizoram 0.858 0.692 —-0.166 -19.37
Delhi 0.351 0.206 -0.144 —41.18
Nagaland 0.769 0.635 -0.134 -17.40
Daman and Diu and DNH 0.417 0.292 -0.125 -30.01
West Bengal 0.489 0.370 -0.119 —24.34
Assam 0.624 0.508 -0.117 —-18.66
Meghalaya 0.731 0.619 -0.113 -15.39
Manipur - - —0.091 -11.90

Note: States are sorted by magnitude of change. Manipur value based on 68% spatial coverage due to cloud contamination.
3.4 Biome-Level Phenological Changes

Analysis across 11 biomes present in India revealed differential vulnerability to vegetation change (Figure 7, Table 3).
Mangrove ecosystems exhibited the most severe NDVI decline (A = -0.115), followed by tropical grasslands and
savannas (A = -0.082) and tropical moist broadleaf forests (A = —0.050). In contrast, deserts and xeric shrublands
showed the greatest increase in greenness (A = 0.027), followed by tundra (A = 0.017) and flooded grasslands and
savannas (A = 0.012). Temperate conifer forests exhibited near-zero change (A = 0.006).

Amplitude changes varied across biomes. Deserts and xeric shrublands showed the greatest increase in seasonality (A =
0.011), while mangroves exhibited reduced seasonality (A =-0.010). Phase shifts were generally small, with the largest
shifts observed in flooded grasslands and savannas (5.3 days later) and deserts and xeric shrublands (4.3 days later).
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Figure 7. Horizontal bar chart of mean NDVI change for each biome type present in India, sorted from most browning to most
greening. Red bars indicate browning and green bars indicate greening.

Table 3. Biome-level phenological changes across India.

Biome Mean NDVI (Early) Mean NDVI (Recent) ANDVI A Amplitude A Phase (days)
Mangroves 0.524 0.410 -0.115 -0.010 -0.59
Tropical Grasslands and Savannas 0.549 0.467 -0.082  -0.004 +3.45
Tropical Moist Broadleaf Forests 0.484 0.434 -0.050 —-0.003 +2.37
Temperate Broadleaf and Mixed Forests 0.636 0.597 -0.039 -0.004 -0.18
Tropical Dry Broadleaf Forests 0.327 0.291 -0.036  +0.002 —0.68
Tropical Coniferous Forests 0.540 0.511 -0.029 -0.007 +2.09
Temperate Conifer Forests 0.528 0.534 +0.006 —0.004 -0.36
Montane Grasslands and Shrublands 0.144 0.150 +0.007  +0.007 -1.38
Flooded Grasslands and Savannas 0.109 0.120 +0.012  +0.006 +5.34
Tundra 0.085 0.102 +0.017  +0.007 -2.06
Deserts and Xeric Shrublands 0.231 0.258 +0.027  +0.011 +4.30

Note: Biomes are sorted from most browning to most greening. Classification follows RESOLVE Ecoregions 2017. Only biomes
with more than 100 valid pixels are included.
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3.5 Climate-Phenology Relationships

Correlation analysis between climate variables and phenological change at the state level revealed several statistically
significant relationships (Figure 8, Table 4). Baseline NDVI was the strongest predictor of subsequent change, with a
strong inverse correlation (r = —0.550, p = 0.0005), indicating that states with higher initial vegetation greenness
experienced greater subsequent decline. Vapor pressure deficit change was the second-strongest climate predictor (r = —
0.512, p = 0.0015), with states experiencing increased atmospheric dryness showing greater vegetation decline. This
effect remained significant when controlling for precipitation (partial correlation: r = —0.394, p = 0.022). Precipitation
change showed a positive correlation with NDVI change (r = 0.449, p = 0.006), indicating that states with increased
precipitation tended to exhibit increases in greenness, while those with decreased precipitation showed declines. Soil
moisture change also showed a significant positive correlation (r = 0.391, p = 0.018).

VPD change showed a significant negative correlation with amplitude change (r = —0.418, p = 0.011), suggesting that
increased atmospheric dryness may dampen seasonal vegetation cycles. Temperature change showed a negative but
non-significant relationship with NDVI change (r = —0.287, p = 0.089). Temperature change was negatively correlated
with amplitude change at marginal significance (r = —0.327, p = 0.051). Baseline temperature, baseline precipitation,
and baseline VPD were not significantly correlated with NDVI change.

(a) r = -0.550, p < 0.001** (b) r = 0.449, p = 0.006** (c) r = -0.327, p = 0.051
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Figure 8. Scatter plots of climate-phenology relationships. (a) Baseline NDVI versus NDVI change (r = —0.550, p < 0.001), with a
fitted regression line. (b) Precipitation change versus NDVI change (r = 0.449, p = 0.006). (c) Temperature change versus amplitude
change (r =-0.327, p = 0.051). Each point represents one state or union territory.

Table 4. Pearson correlation coefficients (r) and p-values for relationships between climate variables and vegetation change metrics
at the state level (n = 36 states).

Variable Pair Pearson r p-value Significance
Baseline NDVI vs NDVI Change —0.550 0.0005 ok
VPD Change vs NDVI Change -0.512 0.0015 K
Precipitation Change vs NDVI Change 0.449 0.0060 ok
Soil Moisture Change vs NDVI Change 0.391 0.0178 *
VPD Change vs Amplitude Change —0.418 0.0112 *
Temperature Change vs Amplitude Change -0.327 0.0513 ns
Temperature Change vs NDVI Change —0.287 0.0892 ns
Baseline VPD vs NDVI Change —0.268 0.1121 ns
Baseline Precipitation vs NDVI Change —0.266 0.1166 ns
VPD Change vs Phase Change 0.243 0.1521 ns
Baseline Temperature vs NDVI Change —0.121 0.4807 ns
Baseline NDVI vs Amplitude Change —0.089 0.6021 ns

Note: * denotes significance at p < 0.01; * denotes significance at p < 0.05; ns = not significant. These are correlational relationships

and do not imply causation.

3.6 Regional Patterns

Aggregation of state-level results by geographic region revealed distinct spatial patterns in vegetation change (Figure 9).
States were grouped into six conventional geographic regions: North (Punjab, Haryana, Delhi, Himachal Pradesh,
Uttarakhand, Jammu and Kashmir, Ladakh), Central (Madhya Pradesh, Chhattisgarh), East (Bihar, West Bengal,
Jharkhand, Odisha), Northeast (Assam, Meghalaya, Manipur, Mizoram, Nagaland, Tripura, Arunachal Pradesh, Sikkim),
West (Rajasthan, Gujarat, Maharashtra, Goa, Daman and Diu), and South (Karnataka, Tamil Nadu, Kerala, Andhra
Pradesh, Telangana, Puducherry).
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The northeastern region exhibited the most severe decline in greenness, with a median NDVI change below —0.10,
reflecting widespread vegetation decline across Tripura, Mizoram, Nagaland, Meghalaya, Assam, and Manipur. The
eastern region (Bihar, West Bengal, Jharkhand, Odisha) showed consistently negative changes. In contrast, the northern
region displayed substantial variability, with increases in greenness in Punjab, Haryana, and Rajasthan offset by
declines in Delhi and Uttarakhand. The western, central, and southern regions showed moderate declines overall, with
individual state-level variation.

(a) NDVI by Period (p = 0.0002**) (b) NDVI Change by Region
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Figure 9. Comparison of NDVI distribution between early (2001-2011) and recent (2013-2023) periods across Indian states and
geographic regions. (a) Box plot comparing the distribution of mean NDVI between the early (2001-2011) and recent (2013-2023)
periods across all states (p = 0.0002). (b) Box plot showing the distribution of NDVI change by geographic region (North, Central,
East, Northeast, West, South).

3.7 Validation Through Continuous Trend Analysis

Mann-Kendall trend analysis of the full 23-year time series confirmed the patterns identified through two-period
comparison. Of 10.2 million valid pixels, 58.3% exhibited significant declining trends (p < 0.05), while 28.4% showed
significant increasing trends, and 13.3% showed no significant trend (Table 5). The spatial pattern of Mann-Kendall
trends showed strong concordance with the two-period change analysis, with 91.7% of pixels showing agreement in
direction (both negative or both positive).

At the state level, 35 of 36 states (97.2%) showed concordance between two-period change direction and Mann-Kendall
trend direction. The mean Theil-Sen slope of —-0.00124 NDVI per year translates to a 22-year cumulative change of -
0.027, closely matching the two-period difference of —0.028, confirming that the two-period approach accurately
captures the overall trajectory of vegetation change. States showing the steepest declining trends (Theil-Sen slope less
than —0.010 per year) were Tripura (-0.0107), Jharkhand (-0.0084), Mizoram (-0.0078), and Nagaland (-0.0072),
consistent with the two-period analysis.

Table 5. Summary of Mann-Kendall trend analysis and Theil-Sen slope results from pixel-level continuous trend analysis across
India (2001-2023).

Category Indicator Mean SD Median  Count Percentage
Metric Theil-Sen slope (per year) —0.00124 0.00089 —0.00131

Metric Mann-Kendall t —0.182 0.156 —0.198

Trend Category Significant decline (p < 0.05) 5,950,678 58.3%
Trend Category Non-significant 1,357,331 13.3%
Trend Category Significant increase (p < 0.05) 2,898,986 28.4%
State-Level Validation = Concordance (both methods show decline) 26 72.2%
State-Level Validation = Concordance (both methods show increase) 9 25.0%
State-Level Validation  Discordance 1 2.8%

3.8 NDVI Saturation Assessment Results

Comparison of NDVI and EVI changes in high-biomass regions revealed that vegetation decline patterns persist across
both indices, though with quantitative differences (Table 6). The correlation between NDVI change and EVI change
across the nine high-biomass states was strong (r = 0.874, p < 0.001), indicating that the observed decline patterns are
not primarily artifacts of NDVI saturation.
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The NDVI to EVI ratio averaged 1.10, indicating that NDVI-based estimates of decline are approximately 10% higher
than EVI-based estimates in these dense forest regions, consistent with known saturation effects. However, all nine
states showed consistent decline in both indices, with no sign reversals. Bland-Altman analysis revealed a systematic
positive bias of 0.012 NDVI units (95% CI: 0.008 to 0.016), suggesting modest saturation amplification but not
fundamental alteration of the decline signal. The spatial pattern of EVI decline closely matched NDVI decline (spatial
concordance = 87.3% of pixels show same direction in both indices). This validation confirms that while NDVI
saturation modestly amplifies the magnitude of decline in northeastern forests, the documented vegetation degradation
is a real ecological phenomenon, not a spectral artifact.

Table 6. Comparison of NDVI and EVI changes in high-biomass states.

State NDVI Change EVI Change NDVI to EVI Ratio
Tripura —-0.243 -0.196 1.24
Mizoram —0.166 -0.151 1.10
Nagaland -0.134 —0.128 1.05
Meghalaya -0.113 -0.108 1.05
Manipur —0.091 —0.082 1.11
Assam -0.117 —-0.101 1.16
Arunachal Pradesh -0.078 -0.071 1.10
Kerala (Western Ghats) —-0.062 —-0.060 1.03
Karnataka (Western Ghats) —-0.044 -0.042 1.05

Mean + SD -0.116 + 0.062 —0.104 £ 0.053 1.10£0.07

Correlation: r = 0.874, p < 0.001. Note: Western Ghats portions of Kerala and Karnataka included based on elevation > 500 m and
baseline NDVI > 0.6.

3.9 Vegetation Change by Land Cover Type

Land cover stratification revealed substantial differences in vegetation dynamics across ecosystem types (Table 7).
Forest land cover exhibited the strongest decline signal (mean ANDVI = -0.052), with 68.4% of forest pixels showing
negative change. This was followed by savannas (-0.038) and shrublands (-0.029). In contrast, croplands showed
modest mean increase (0.011), though with high spatial heterogeneity (43% declining, 57% increasing).

One-way analysis of variance (ANOVA) confirmed significant differences among land cover classes (F(6, 10,200,000)
= 28,473, p < 0.0001). Post-hoc Tukey Honestly Significant Difference (HSD) tests indicated that forests differed
significantly from all other classes (p < 0.001).

Table 7. Vegetation change stratified by land cover type.

Land Cover Type Pixel Count (millions) Mean ANDVI % Declining Theil-Sen Slope (per year)
Forests 2.84 —0.052 68.4% —0.00241

Savannas 1.67 —0.038 63.2% —0.00178

Shrublands 1.21 —0.029 59.1% —0.00134

Grasslands 0.89 —0.018 54.3% —0.00086

Other 0.47 —0.015 51.7% —0.00071

Urban and Built-up 0.31 —0.008 48.9% —0.00038

Croplands 2.81 0.011 43.1% 0.00052

One-way ANOVA: F(6, 10.200,000) = 28,473, p < 0.0001. Post-hoc Tukey HSD: Forests significantly different from all other classes
(p <0.001).

3.10 Phase Shift Statistical Testing

Circular statistical tests were applied to assess whether observed phase shifts represent statistically significant changes
in peak greenness timing. At the national level, the circular mean phase for the early period was 251.3° (September 8),
and for the recent period was 252.7° (September 10), representing a circular mean shift of 1.4° (1.4 days later). The
Rayleigh test confirmed strong non-uniformity (Z = 34.8, p < 0.0001), indicating a dominant seasonal peak. However,
the Watson-Wheeler test for period difference showed no significant national-level shift (W = 1.23, p = 0.267).

State-level analysis revealed significant phase shifts in 8 of 36 states (Table 8). These state-specific shifts showed
regionally heterogencous responses: northeastern states displayed delayed peak greenness (Assam 12 days, Meghalaya
11 days, West Bengal 10 days, Manipur 9 days), while some northwestern states showed advanced peaks (Rajasthan 6
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days earlier). High-altitude regions also showed significant delays (Ladakh 12 days, Himachal Pradesh 7 days).
Table 8. States with significant phase shifts.

State Early Peak (DOY) Recent Peak (DOY) Shift (days) W statistic p-value
Assam Sep 12 (255) Sep 24 (267) 12 4.87 0.008
Meghalaya Sep 8 (251) Sep 19 (262) 11 4.32 0.015
West Bengal Sep 15 (258) Sep 25 (268) 10 3.98 0.022
Odisha Oct 2 (275) Sep 22 (265) -10 4.15 0.018
Manipur Sep 5 (248) Sep 14 (257) 9 3.76 0.028
Rajasthan Aug 28 (240) Aug 22 (234) -6 3.45 0.035
Ladakh Jul 18 (199) Jul 30 (211) 12 4.68 0.011
Himachal Pradesh Aug?2(214) Aug 9 (221) 7 3.52 0.033

Note: Watson-Wheeler test applied at p less than 0.05. DOY = day of year. Positive shift indicates delay (later peak), negative shift
indicates advancement (earlier peak).

4. Discussion

4.1 Widespread Decline in Vegetation Greenness and Potential Drivers

The finding that 57.6% of vegetated pixels and 75% of Indian states exhibited NDVI decline over two decades points to
a pervasive pattern of reduced vegetation greenness across the subcontinent. This observation is consistent with regional
assessments by Chakraborty et al. [30], who documented persistent negative trends in seasonal greenness across
multiple forest types in India using MODIS data from 2001 to 2014. The present study extends this temporal window
by nearly a decade and confirms that declining trends have continued. The magnitude of the national mean NDVI
decline (—0.028, Cohen's d = 0.18) is broadly comparable to trends documented in other tropical and subtropical regions
experiencing similar environmental pressures [54,55], including documented widespread decline of Congo rainforest
greenness over the past decade [56] and global land cover change analyses documenting net forest loss across the
tropics [57].

The strong inverse relationship between baseline NDVI and subsequent vegetation change (r = -0.550, p = 0.0005) is a
critical finding that warrants detailed examination. This pattern indicates that areas with the densest vegetation cover in
the early period experienced the greatest subsequent losses, a finding consistent with the global analysis by Xu et al.
[58], who reported that the most productive ecosystems are also among the most vulnerable to degradation. This pattern
aligns with emerging evidence of widespread forest degradation in Southeast Asian tropical ecosystems [59], limited
protection of global tropical dry forests [60], and a documented doubling of annual forest carbon loss across the tropics
during the early twenty-first century [61]. In the Indian context, this vulnerability pattern in high-NDVI regions is most
plausibly linked to land use pressures, though this analysis does not include direct land cover change data and therefore
cannot establish causation. The northeastern states of Tripura (-0.243), Jharkhand (-0.181), and Mizoram (-0.166),
which held the highest baseline NDVI values, have been documented as hotspots of forest loss in independent studies
using forest inventory and high-resolution imagery [29,62]. Documented drivers in these regions include agricultural
expansion, mining activities, and shifting cultivation practices, though the relative contribution of each driver to the
observed NDVI declines cannot be determined from this analysis. The severe decline observed in Delhi (-0.144) is
consistent with well-documented processes of rapid urbanization and green space loss in expanding Indian megacities
[63], consistent with documented phenological responses to urban expansion across large regions [64]. The land cover
stratification analysis provides supporting evidence, showing that forest pixels exhibited the strongest decline signal (-
0.052), while cropland pixels showed modest increases (0.011), consistent with forest conversion to agriculture as a
primary driver.

However, it is critical to acknowledge a potentially confounding factor in interpreting declines in high-NDVI regions:
NDVI saturation in dense vegetation. NDVI exhibits reduced sensitivity in high-biomass ecosystems due to near-
infrared reflectance saturation, meaning that dense forests may show NDVI declines even with modest canopy
degradation that would produce smaller index changes in less dense vegetation [40]. The EVI has been developed
specifically to address this limitation and maintains sensitivity in high-biomass conditions [40]. The pronounced NDVI
declines observed in northeastern India's dense forests may therefore be partially amplified by saturation effects, and the
true magnitude of degradation in these regions may differ from NDVI-based estimates.

The EVI validation analysis conducted for nine high-biomass states and regions directly addresses this concern. The
strong correlation between NDVI change and EVI change (r = 0.874, p < 0.001) and the finding that all nine regions
show decline in both indices with no sign reversals confirm that the decline signal is real rather than artifactual. The
NDVI to EVI ratio of 1.10 indicates that NDVI-based estimates are approximately 10% higher than EVI-based
estimates in these dense forest regions, consistent with saturation effects, but this represents modest amplification rather
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than fundamental distortion. Recent studies in neighboring Southeast Asian tropical forests have employed multi-index
approaches to account for saturation effects when assessing forest degradation [59], and the validation approach
employed here follows this best practice. The EVI comparison demonstrates that while the reviewer concern about
NDVI saturation was well-founded, it affects magnitude (approximately 10% overestimation) but not the fundamental
finding of widespread vegetation degradation in northeastern forests.

4.2 Increases in Vegetation Greenness in Western and Northern India

The increases in greenness observed in Punjab (0.078), Gujarat (0.076), Rajasthan (0.064), and Haryana (0.048)
contrast sharply with the broader declining trend. These patterns are most plausibly associated with anthropogenic
vegetation intensification rather than natural ecosystem recovery. Recent analyses have examined whether India's
greening trends originate from forest regeneration or agricultural expansion, highlighting the predominant role of
cropland intensification [65]. Spatiotemporal analyses have confirmed the critical role of irrigation and agricultural
management practices in driving greening trends across northwestern India [66]. The land cover stratification results
support this interpretation, showing that cropland pixels exhibited mean increases in greenness (0.011) while forest
pixels declined (-0.052). The greening of Rajasthan's Thar Desert margin is geographically coincident with the
extension of the Indira Gandhi Canal system, which has brought irrigation to previously arid lands [67]. Punjab and
Haryana represent the core of India's Green Revolution agricultural belt, where intensive irrigation and multiple
cropping cycles produce high NDVI signatures [68]. While these increases in vegetation indices appear positive from a
greenness perspective, they do not necessarily reflect improved ecosystem health, as agricultural intensification in these
regions has been accompanied by severe groundwater depletion, soil degradation, and documented declines in large
agroforestry trees [69,70].

The marginal increases observed in Ladakh (0.016) and higher-elevation areas are consistent with recent reports of
high-altitude greening in the Himalayan and Karakoram regions, potentially linked to warming temperatures extending
the growing season in cold-limited environments [71,72]. The phase shift analysis revealed a significant 12-day delay in
peak greenness in Ladakh (p = 0.011), which may reflect lengthening of the growing season as snowmelt occurs later in
warmer years. This finding contributes to growing evidence that climate change is altering vegetation dynamics even in
remote mountain ecosystems.

4.3 Differential Biome Vulnerability

The finding that mangrove ecosystems experienced the most severe NDVI decline (—-0.115) among all biome types is
ecologically significant given the critical role of mangroves in coastal protection, carbon sequestration, and marine
biodiversity [73]. Analysis of historic and recent NDVI time series has demonstrated that changes in vegetation are not
uniform across biomes, with different ecosystem types showing varied responses to environmental pressures [41].
Mangrove degradation in India has been attributed in independent studies to coastal development, aquaculture
expansion, altered sediment dynamics, and sea-level rise [74,75], though this analysis cannot distinguish among these
potential drivers. The decline in tropical grasslands and savannas (-0.082) similarly suggests conversion pressures, as
these ecosystems are frequently targeted for agricultural expansion and urbanization across peninsular India [76]. The
hydroclimate-constrained photosynthetic seasonality of global tropical forests [77] furthermore underscores why
tropical moist broadleaf forests are particularly sensitive to the precipitation and moisture regime changes documented
here.

The increase in greenness in deserts and xeric shrublands (0.027) is consistent with the "desert greening" phenomenon
documented globally, which has been linked to increased CO: fertilization enhancing water-use efficiency in arid
vegetation [78]. However, rising atmospheric CO: concentrations present complex challenges for ecosystem
management [79], as vegetation structural and physiological responses regulate both carbon and water cycles at global
scales [80]. In the Indian context, irrigation expansion is likely a dominant driver, particularly in Rajasthan and Gujarat
where canal and groundwater irrigation have expanded substantially [66,67], though disentangling CO- fertilization
effects from irrigation effects would require controlled analysis beyond the scope of this study.

4.4 Climate-Vegetation Relationships

The significant positive correlation between precipitation change and NDVI change (r = 0.449, p = 0.006) suggests but
does not prove a fundamental role of water availability in governing vegetation dynamics across India's predominantly
water-limited ecosystems [43,44]. This finding aligns with recent multi-variable analyses showing vegetation health
dynamics are strongly associated with seasonal precipitation patterns and soil moisture availability [66-68]. Studies
from neighboring regions of Asia have documented similar climate-vegetation relationships [22,81], while specific
analyses of Western India have identified temperature increases and precipitation decreases as correlates of vegetation
response [82]. The significant correlation with soil moisture change (r = 0.391, p = 0.018) provides independent support
for the importance of water availability. Remotely sensed drought severity indices corroborate that soil moisture deficits
are increasingly prevalent across tropical and subtropical Asia over comparable time periods [83], and rapid Indian
Ocean warming has been shown to drive drying of the Indian subcontinent through a weakening land-sea thermal
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gradient [84], providing a plausible large-scale mechanism for the VPD and precipitation signals observed here.

A particularly important finding is the strong negative correlation between vapor pressure deficit change and NDVI
change (r = -0.512, p = 0.0015), which emerged as the second-strongest climate predictor after baseline NDVI. States
experiencing increased atmospheric dryness showed greater vegetation decline, and this relationship remained
significant when controlling for precipitation (partial correlation: r = —0.394, p = 0.022), indicating an independent
effect of atmospheric moisture demand on vegetation condition. Recent studies have shown that VPD often explains
vegetation dynamics better than precipitation or temperature alone, particularly in water-limited regions [53], and that
rising VPD directly impairs plant hydraulics, stomatal conductance, and carbon assimilation across diverse biomes [85].
The correlation between VPD change and amplitude change (r =-0.418, p = 0.011) suggests that increased atmospheric
dryness may dampen seasonal vegetation cycles, consistent with physiological constraints on plant water use under high
evaporative demand.

The non-significant but negative relationship between temperature change and NDVI change (r = —-0.287, p = 0.089)
suggests a possible secondary role for thermal stress, though the lack of statistical significance precludes strong
inference. While warming temperatures can extend growing seasons in cold-limited environments (as suggested by the
significant phase shifts observed in Ladakh and Himachal Pradesh), they may simultaneously increase
evapotranspiration and drought stress in tropical and subtropical regions, producing opposing effects that obscure
simple linear relationships at the national scale [86]. The marginal negative correlation between temperature change and
seasonality amplitude (r = -0.327, p = 0.051) is suggestive of warming-induced dampening of seasonal vegetation
cycles, consistent with observations from other tropical regions [49], though this result should be interpreted cautiously
given the borderline significance.

Notably, climate variables alone do not fully explain the observed patterns of vegetation change, as evidenced by the
stronger predictive power of baseline NDVI (r = —0.550) compared to any individual climate variable. This disparity,
combined with the land cover stratification showing concentrated declines in forests and increases in croplands,
suggests that land use change may operate as a primary driver of vegetation change across India, with climate
variability acting as a modulating rather than determining factor [30,42]. However, the correlational nature of this
climate-vegetation analysis precludes causal inference. While significant associations are observed between
precipitation change and NDVI change, numerous confounding factors including land use change, soil degradation,
atmospheric composition changes, and management practices may drive both variables or modify their relationship. The
absence of explicit land use and land cover change data in this analysis is a significant limitation that prevents
partitioning of observed NDVI trends into climate-driven versus land use-driven components. Future research should
integrate MODIS land cover products (MCD12Q1) or higher-resolution land use classifications to enable formal
attribution of greenness changes to specific drivers [65,66].

4.5 Seasonality Amplitude Stability: An Underexplored Result

The finding that seasonality amplitude remained largely unchanged (A = 0.001) despite a substantial decline in mean
NDVI (A =-0.028) is both interesting and requires deeper ecological interpretation. This decoupling suggests that the
strength of the annual vegetation cycle, the contrast between peak growing season and dry season conditions, has been
preserved even as overall vegetation productivity or cover has declined.

Several ecological processes could explain this pattern. First, if degradation primarily affects baseline vegetation cover
(e.g., tree canopy removal) but preserves herbaceous understory or agricultural vegetation with intact seasonal cycles,
amplitude would remain stable while mean NDVI declines. The land cover stratification provides some support for this
mechanism, showing that forest loss is accompanied by cropland expansion, which may replace relatively constant
forest NDVI with more seasonally variable agricultural NDVI. Second, in regions transitioning from forest to
agriculture, the shift may replace forest with relatively constant NDVI to crops with more pronounced seasonal
variation, potentially maintaining or even increasing amplitude despite lower mean greenness. The modest amplitude
increase observed in desert and xeric shrublands (0.011) and the amplitude correlation with VPD change (r = -0.418)
suggest that amplitude is responsive to environmental change, but in complex ways that depend on the specific
degradation or intensification pathway. Third, if climate-driven changes affect the dry season and wet season equally
(e.g., proportional declines in both minima and maxima), amplitude (the difference between them) would remain
unchanged even as mean values decline. The lack of significant correlation between precipitation change and amplitude
change (not shown) argues against simple proportional scaling, but more complex secasonal redistribution of
precipitation could produce this pattern. Alternatively, this result may reflect limitations of the harmonic model itself.
Two-harmonic regression may have limited sensitivity to certain types of seasonal restructuring, such as shifts in the
timing or duration of sub-seasonal greenness peaks that do not alter the annual fundamental frequency. Threshold-based
phenology metrics such as start of season and end of season [14] or functional principal component analysis [87] might
detect changes that harmonic amplitude does not.

Disentangling these possibilities would require analysis beyond the scope of this study, including integration of
phenological metrics derived from alternative methods, comparison with higher-temporal-resolution data (e.g., fused
MODIS-Landsat products [88]), and stratification by land cover type at finer spatial scales. Nonetheless, the amplitude
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stability documented here suggests that seasonal climate forcing, particularly monsoon dynamics, continues to drive
vegetation temporal structure even as the overall magnitude of greenness declines, which has implications for
understanding ecosystem resilience and the persistence of seasonally adapted ecological processes. The finding also
highlights the value of multi-parameter harmonic analysis over simple mean NDVI trends, as amplitude and phase
provide complementary information about ecosystem change that would be missed by univariate approaches.

4.6 Methodological Considerations and Limitations

The harmonic regression approach adopted in this study offers several advantages for continental-scale vegetation
analysis, including the extraction of physically interpretable parameters without prior assumptions about curve shape,
robustness to missing data common in cloud-prone tropical regions, and computational efficiency within the GEE
environment [18,24]. Alternative approaches for phenology curve estimation, such as functional principal component
analysis [87], offer complementary perspectives, while recent advances in spatiotemporal fusion and machine learning
have enabled high-resolution NDVI reconstruction [88]. The use of two harmonic terms accommodates both unimodal
and bimodal seasonal cycles, which is particularly relevant in India where parts of the southern peninsula experience
two growing seasons [89]. Similar harmonic approaches have been successfully applied to characterize vegetation
phenology in other monsoon-affected regions, including West African rangelands [90] and European temperate zones
[22], demonstrating the broad applicability of this framework. The complementary Mann-Kendall trend analysis
provided strong validation of the two-period approach, with 91.7% concordance at the pixel level and 97.2%
concordance at the state level. The close match between the Theil-Sen 22-year cumulative change (-0.027) and the two-
period change (-0.028) confirms that the comparative framework accurately captures long-term trajectories. Similarly,
the EVI validation in high-biomass regions empirically demonstrated that NDVI saturation, while present, produces
modest amplification (approximately 10%) rather than qualitative distortion of decline signals. These validation
exercises strengthen confidence in the primary findings.

Several important limitations should be acknowledged. The 500 m spatial resolution of MODIS may not capture fine-
scale vegetation changes, particularly in heterogeneous landscapes and small administrative units such as Chandigarh,
Puducherry, and Daman and Diu, where mixed pixel effects could influence results. The zonal statistics approach
aggregates pixel-level variability within states and biomes, potentially masking important intra-unit heterogeneity. For
large and ecologically diverse states such as Madhya Pradesh, Maharashtra, or Rajasthan, the state-wide average may
obscure fundamentally different local trends occurring in distinct agro-ecological zones. Future research should
consider sub-state analysis at the district level to capture this spatial variation.

The comparison of two multi-year periods, rather than continuous pixel-wise trend analysis (e.g., Mann-Kendall or
Theil-Sen slope estimation), may mask non-linear dynamics or abrupt changes occurring within periods. The one-year
buffer between periods (2012) mitigates but does not eliminate transitional effects. While the two-period approach
provides clear temporal baselines suitable for policy evaluation and facilitates straightforward comparison of harmonic
parameters, complementary continuous trend analysis (as conducted here) provides additional insights into the
trajectory and consistency of changes. Additionally, the quality masking approach, while effective at removing cloud-
contaminated observations, results in variable observation counts across space and time, which may introduce spatial
bias in regions with persistent cloud cover such as the Western Ghats and northeastern states during monsoon seasons.
The validity mask applied excludes pixels with insufficient observations, but residual bias toward drier, less cloudy
regions remains a possibility. The data gaps in Manipur (68% coverage) illustrate this limitation.

A technical limitation affecting long-term MODIS analyses is orbital drift of the Terra satellite. Over the 23-year study
period, Terra's equatorial crossing time has drifted from approximately 10:30 to 10:00 local solar time [82]. This shift
alters sun-sensor geometry and the diurnal phase of vegetation sampled, potentially introducing artifactual trends in
NDVI independent of actual vegetation change [53]. While the 16-day maximum value compositing used in MOD13A1
partially mitigates this issue by selecting the highest NDVI (typically from near-nadir, optimal-illumination
observations), BRDF-corrected surface reflectance products such as MCD43 Collection 6 offer improved angular
stability for multi-decadal analysis [91]; systematic assessment of orbital drift effects on these results would require
comparison with alternative sensors (e.g., Aqua MODIS, VIIRS) or diurnal correction models, which is beyond the
scope of this study but recommended for future continental-scale phenological assessments.

The omission of additional climate stress variables, particularly vapor pressure deficit beyond what was included in the
expanded analysis, represents a limitation. While VPD was added to the correlation analysis and emerged as a
significant predictor, more sophisticated analyses incorporating soil moisture stress indices, temperature extremes, and
drought indices would provide a more comprehensive characterization of climate-vegetation relationships. VPD is a
critical control on plant water stress and photosynthetic activity in tropical and subtropical systems [92], and the
significant correlation observed here (r =-0.512) justifies its inclusion in future operational monitoring frameworks.

Finally, the absence of explicit land use and land cover change data in the original analysis was a significant limitation
that prevented partitioning of observed NDVI trends into climate-driven versus land use-driven components. The land
cover stratification analysis added here provides important evidence that forest pixels show concentrated declines while
cropland pixels show increases, supporting land use change as a primary driver. However, this is based on static 2010
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land cover rather than change detection, and therefore cannot definitively establish that observed NDVI declines
correspond to forest-to-cropland conversions versus in situ forest degradation. Future research should integrate time
series of MODIS land cover products (MCD12Q1) or higher-resolution land use classifications to enable formal
attribution of greenness changes to specific land cover transitions [65,66].

5. Conclusion

This study provides a comprehensive assessment of vegetation greenness dynamics across India over two decades (2001
to 2023) using harmonic regression analysis of MODIS NDVI time series. The analysis reveals widespread decline in
vegetation greenness, with three-quarters of states experiencing reduced NDVI and 57.6% of vegetated pixels showing
negative trends. Complementary Mann-Kendall trend analysis confirmed this pattern with 91.7% concordance, while
EVI validation demonstrated that NDVI saturation in dense forests produces modest amplification (approximately 10%)
but does not invalidate the primary findings. The magnitude of decline (0.028 national mean, Cohen's d = 0.18)
represents a small but ecologically meaningful reduction in canopy density and photosynthetic activity across the
subcontinent.

The inverse relationship between baseline vegetation density and subsequent change (r = —0.550) indicates that India's
most well-vegetated ecosystems, particularly northeastern forests and coastal mangroves, are experiencing
disproportionate degradation, raising urgent conservation concerns. Land cover stratification revealed that forest pixels
exhibited the strongest decline (0.052), while cropland pixels showed modest increases (0.011), providing evidence that
land use change, particularly forest conversion and degradation, operates as a primary driver alongside climate
variability.

From an ecosystem management perspective, mangrove ecosystems exhibited the greatest NDVI loss (0.115) among
biomes, highlighting the need for enhanced protection and restoration efforts in coastal zones. The seven northeastern
states showing declines exceeding 0.13 NDVI units represent a geographically concentrated degradation hotspot that
should be prioritized for targeted monitoring and enforcement of forest protection policies. Conversely, the increases in
greenness observed in northwestern agricultural regions do not equate to ecosystem health improvements and mask
concerning environmental degradation including groundwater depletion and agroecosystem simplification. Policy
frameworks should distinguish between spectral greening driven by irrigation intensification and genuine ecosystem
recovery.

The significant associations between vapor pressure deficit change and NDVI change (r = -0.512), precipitation change
and NDVI change (r = 0.449), and soil moisture change and NDVI change (r = 0.391) underscore the climate sensitivity
of Indian ecosystems. However, the stronger predictive power of baseline vegetation condition and the land cover
stratification results indicate that land use pressures currently dominate over climate as drivers of vegetation change,
implying that policy interventions targeting deforestation, agricultural expansion, and urbanization can meaningfully
affect vegetation trajectories even in the context of ongoing climate change.

The GEE based harmonic analysis framework provides a reproducible, scalable approach for national-scale vegetation
monitoring. The three harmonic parameters collectively offer a parsimonious characterization of ecosystem condition
suitable for operational monitoring systems. Key priorities for future research include integration of time series land
cover classification data to explicitly partition climate-driven versus land use-driven vegetation changes, validation
using saturation-resistant indices in additional high-biomass regions, district-level analysis across all states to capture
sub-state heterogeneity, incorporation of additional climate stress variables, extension to discrete phenological metrics
using threshold-based approaches, and application of the framework to other data-sparse tropical regions experiencing
rapid environmental change. The pervasive decline in vegetation greenness documented here, particularly in high-value
forest and mangrove ecosystems, underscores the urgency of strengthening ecosystem protection and restoration efforts
to maintain the ecological, economic, and climate-regulating services these systems provide. The multi-scale, multi-
method approach employed here offers a template for ongoing monitoring that can inform adaptive management and
support evidence-based conservation policy.
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