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Abstract: Monsoon climate over India has high degree of spatio-temporal heterogeneity 
characterized by the existence of multi-climatic zones along with strong intra-seasonal, seasonal, 
and inter-annual variability. Vegetation growth of Indian forests relates to this climate variability, 
though the dependence structure over space and time is yet to be explored. Here, we present a 
comprehensive analysis of this association with quality-controlled satellite-based remote sensing 
dataset of vegetation greenness and radiation along with station based gridded precipitation 
datasets. A spatio-temporal time-frequency analysis using wavelets is performed to understand the 
relative association of vegetation growth with precipitation and radiation at different time scales. 
The inter-annual variation of forest greenness over the Tropical India are observed to be correlated 
with the seasonal monsoon precipitation. However, at inter and intra-seasonal scales, vegetation 
has a strong association with radiation in regions of high precipitation like the Western Ghats, 
Eastern Himalayas, and Northeast hills. Forests in Western Himalayas were found to be correlated 
more on the winter precipitation from western disturbances than the south west monsoon 
precipitation. Our results provide new and useful region-specific information for dynamic 
vegetation modelling in the Indian monsoon region that may further be used in understanding 
global vegetation-land-atmosphere interactions. 

Keywords: association with climate; enhanced vegetation index; remote sensing; spatio-temporal 
variability; wavelet coherence 

 

1. Introduction 

A significant fraction of the Indian population depends on forest resources, which according to 
the India State of Forest Report, 2017 [1] is 21.54% of the total geographical area. These forests are 
also important biodiversity hotspots [2]. Studies across the globe have shown that the structure and 
distribution of forests are dependent on the climate patterns; however, any such analysis specific to 
Indian forest is yet to be performed. The climate in India is characterized by strong seasonality due 
to the southwest Indian summer monsoon rainfall that occurs during June to September, contributing 
to 80% of total annual rainfall [3]. The summer monsoon rainfall has variability at both inter-annual 
and intra-seasonal scales. Inter-annual variability results in surplus and deficit monsoon years in 
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India, whereas the intra-seasonal variability results in active and break periods with high spatial 
variability [4]. Northeast monsoon resulting from the reversal of wind direction during withdrawal 
phase of southwest monsoon contributes to the annual rainfall during months of October to 
December in the Southern parts of India [5,6]. Western disturbances that originate in the 
Mediterranean Sea cause rainfall in northwestern parts of the country during January and February 
[7,8]. Hence, Indian climate has a wide spatial heterogeneity and this might affect the dependence of 
forest growth across the forest regions in the country. 

The role of climate variables on the vegetation growth vary significantly across different global 
climatic zones. In humid temperate biomes, for example, temperature is the primary factor 
controlling the seasonality of vegetation growth and shifts in the onset of growth cycle have been 
observed in response to global warming over these regions [9,10]. However, water availability 
controls the vegetation growth in arid and semiarid ecosystems and seasonally dry tropical climates 
[11–13]. The tropical forests show significant dependence on the precipitation pattern predominantly 
due to the vegetation structure and species composition [14–16]. The species densities were found to 
increase with increasing precipitation, and the co-existence of the different species is facilitated by a 
lesser competition for water and low growth rate of understory plants due to less available light 
[17,18]. Gentry (1988) [16] found a nearly linear relationship of vegetation with precipitation to shift 
to an asymptotic behavior when the precipitation exceeds 4000 mm/year and concluded that the 
richness of species in neo-tropical forests is more dependent on precipitation than on soil properties. 
The regional precipitation gradients can also have indirect effects on leaf functions by controlling the 
light and nutrient availability. Recent studies in the global tropical forests highlight the role played 
by radiation on vegetation dynamics, when there is an adequate moisture supply [19–21]. It was 
found that even though the lowest enhanced vegetation index (EVI) in water-limited regions was 
observed in dry months, the same is not the case when precipitation was observed to be higher than 
2000 mm yr-1 [19,21]; the seasonal radiation then act as the climatic control on the forest greening. The 
same has been confirmed with the help of flux tower observations showing leaf flushing and higher 
photosynthesis rates in dry seasons [19]. More than 90% of the African tropical evergreen forests, 78% 
of South East Asian, and 59% of Amazonian forests are below this 2000 mm/year threshold indicating 
a high water sensitivity of tropical forests in these regions. Nemani et al. (2003) [22] concluded that 
the water availability is the primary limiting factor for vegetation growth for over 40% of the Earth’s 
vegetated surface by calculating the relative contributions of different factors using bioclimatic 
indices. However, they pointed out that the effect of temperature and radiation too cannot be 
neglected as they have an influence over 33% and 27% of the Earth’s vegetated surface. The findings 
from the Indian region denoted that the water availability and solar radiation co-limit the vegetation 
growth and the nearly constant cloud cover limits the incoming solar radiation. Nemani et al. (2003) 
[22] also analyzed the variation of these factors over the period 1982 to 1999 using analyses data and 
suggested that wetter rainfall regimes due to changing monsoon dynamics and increase in solar 
radiation under climate change scenarios for the Indian region can potentially boost the vegetation 
productivity. However, they did not quantify the relative contributions of the different factors at 
multiple time scales.  

Prasad et al. (2008) [23] concluded that the distribution of forests in the Western Ghats 
biodiversity hotspot in India is dependent on regional climatic patterns. Regions with an annual 
rainfall greater than 2000 mm are mostly covered by evergreen forests with a maximum of 10% 
decline in canopy during dry season. However, in the drier parts of Western Ghats, which are 
comprised mainly of deciduous forests or savanna woodlands, the greenness is mainly controlled by 
the precipitation regime. Prasad et al. (2005, 2007) [24,25] conducted studies to understand the 
relationship between NDVI and climate variables for various forest types in India by regression and 
correlation analysis. They, however, did not consider the variation of vegetation greenness with 
climate variables at different temporal scales, which will help us to understand how the diverse 
forests ecosystems react to shocks from the climate system at different time scales and how fast can 
they recover, thus understanding the resilience of specific forest ecosystem. We present here the first 
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study to address this multi-scale response of vegetation greenness to precipitation and radiation in 
India with data acquired from remote sensing platforms.  

The conventional approach to understand the multi-scale variability of variables is the use of 
frequency domain with Fourier transforms. However, the Fourier transform is not capable to specify 
the temporal location of a particular frequency as it analyzes the signal globally. It is also very 
sensitive to the changes in function. Fourier transforms are less applicable for non-stationary signals 
like climate and vegetation variables as it considers the entire series together and makes it more 
computationally expensive. Hence, wavelet transform, which considers the signal as functions with 
varying window lengths to transform it into a time-frequency domain, is employed in the current 
study. Furon et al. (2008) [26] highlighted the use of wavelet analysis in the study of multi-scale and 
non-stationary processes over various spatial and temporal domain. The significance and validity of 
wavelet analysis have been discussed over the years [27–29]. Wavelet analysis is widely employed in 
the fields of meteorology [30–37], oceanography [38,39], and geophysics [40,41]. A study conducted 
by Martínez and Gilabert (2009) [42], analyzed the NDVI time series using the wavelet transform to 
determine the dynamics of vegetation at different time scales and to identify the phenological cycle. 
Application of wavelets in understanding the association of vegetation growth with climate at 
multiple time scales is limited and we present the same for Indian forest regions.  

2. Materials and Methods  

2.1. Study Region 

Almost 21.5% of the Indian land mass which spreads over the tropical and sub-tropical zones of 
the globe is covered by forests. The forest pixels in the country, consisting of deciduous broad and 
needle-leaved forests, evergreen broad and needle-leaved forests, mixed forests, and mangroves are 
extracted from a land use land cover (LULC) map provided by Roy et al. (2015) [43] (Figure 1a) and 
divided into five zones based on the biogeographic classification of Rodgers et al. (2002): Western 
Ghats forests (WG), central forests (CF), Western Himalayan forests (WH), Eastern Himalayan forests 
(EH), and forests of Northeast hills (NEH) (Figure 1b).  

2.2. Datasets 

Daily gridded precipitation at 0.25° resolution, developed from station data is provided by the 
India Meteorological Department [44]. Daily direct normal irradiance (DNI), which is the amount of 
solar radiation received per unit area of a surface held perpendicular to radiation, is considered as a 
proxy for radiation in the current study. It is developed using observations from the Meteosat 
weather satellite and is provided at 10 km resolution by the National renewable energy laboratory 
(NREL) National solar radiation database (NSRDB) [45]. Sixteen-day composite enhanced vegetation 
index (EVI) at 250 m resolution is obtained from MOD13Q1 product [46] of the moderate-resolution 
imaging spectroradiometer (MODIS) from NASA’s Terra satellite. Considered an indicator of the 
vegetation greenness, EVI is a measure of the photosynthetically active radiation (PAR) absorbed by 
chlorophyll. It is defined as: 𝐸𝑉𝐼 = 𝐺 𝑁𝐼𝑅 − 𝑅𝐸𝐷𝑁𝐼𝑅 + 𝐶 ∗ 𝑅𝐸𝐷 − 𝐶 ∗ 𝐵𝐿𝑈𝐸 + 𝐿 (1) 

where G is the gain factor; NIR, RED, and BLUE are the atmospherically corrected reflectance; L is 
the canopy background adjustment; C1 and C2 are coefficients for atmospheric correction due to 
aerosol resistance. EVI’s widely used predecessor, NDVI (normalized difference vegetation index), 
becomes saturated at higher levels of greenness. The inclusion of atmospheric and canopy corrections 
in the EVI calculation improves sensitivity in high biomass regions. In a comparative study between 
the two indices, Xiao et al. (2005) [47] concluded that NDVI is unskilled in representing subtle changes 
in the canopy of wet evergreen forest, which is a major forest type in India. A quality filtering is 
further employed to remove the effects of clouds, aerosols, and other atmospheric corrections. Based 
on the availability of both climate and vegetation data, our study is performed over a period of 11 
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years from 2003 to 2013. The daily precipitation and DNI data are converted to 16-day data by 
accumulating and averaging over 16 days, respectively, to reach a consensus between the temporal 
resolutions of the different data. 

 
Figure 1. (a) The forested pixels, extracted based on the LULC map of Roy et al. (2015), considering 
deciduous broad-leaf forests, deciduous needle-leaf forests, evergreen broad-leaf forests, evergreen 
needle-leaf forests, mixed forests, and mangrove forests. (b) Classification of the forest pixels in India 
into five different forest regions based on the biogeographic zone classification by Rodgers et al. 
(2002). 

2.3. Quality Filter 

A quality filter provided with the MODIS EVI product specifies the pixel-wise product quality. 
Applying this filter to forest pixels extracts only high-quality pixels for the study. The bits of the 
quality assurance (QA) filter correspond to vegetation index (VI) quality, VI usefulness, aerosol 
quantity, adjacent clouds, mixed clouds, and possible shadow. The minimum quality requirements, 
as mentioned by Didan et al. (2015) [46], are considered to filter the pixels. Pixels with high VI quality 
or those which can be accepted by cross-checking with the other quality parameters are only 
considered. VI usefulness takes into account several conditions including aerosol quantity, 
atmospheric correction conditions, cloud cover, shadow, and sun-target-viewing geometry. While 
both low and intermediate aerosol quantity is considered acceptable, the presence of adjacent clouds, 
mixed clouds, and possible shadow are considered to contaminate the pixel and preclude its use for 
further analysis.  

2.4. Wavelet Analysis 

The geophysical processes driving precipitation, radiation, and EVI have variations at multiple 
time scales and a time-frequency analysis is required to understand this variability. The conventional 
Fourier transforms consider the entire series as infinite to get time-frequency signals. The spectral 
composition of the signal is identified without providing the temporal localization of the components 
in Fourier transforms. On the contrary, variation at different scales can be represented as functions 
of time corresponding to the periodic components in wavelet analysis [29,31]. Wavelets have varying 
window lengths in time and frequency domains; thus, a better time localization of different 
frequencies is possible as compared to Fourier transforms. The window length determines the time 
and frequency resolution that can be achieved. A narrow window can achieve better time resolution, 
capable of analyzing high-frequency components, whereas a wider window is capable in low-
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frequency component identification. In wavelet transform, a signal is decomposed into wavelets φ(t). 
A wavelet function has zero mean and is localized in both time and frequency. It is a function of 
translation (τ) and scale (a). Translation parameter is a measure of time and depicts the time shift in 
the varying window, whereas scale is the inverse of frequency. 𝜑 , 𝑡 = 1√𝑎𝜑 𝑡 − 𝜏𝑎  (2) 

The size of the varying window depends on the frequency to be analyzed. For analyzing high 
frequencies, narrower windows are employed for better time resolutions. However, at low 
frequencies, better frequency resolution is given priority and wider windows are selected. For a given 
mother wavelet, for a time series x(t), the wavelet transform is performed as: 

𝑊 𝑎, 𝜏 = 1√𝑎 𝑥 𝑡 𝜑∗ 𝑡 − 𝜏𝑎 𝑑𝑡 =  𝑥 𝑡 𝜑 ,∗ 𝑡 𝑑𝑡 (3) 

where the * denotes the complex conjugate form of the function. The mother wavelet considered in 
the current study is the Morlet wavelet (with frequency as 6), which is ideal for feature extraction and 
provides a good balance between time and frequency localization. Non-dimensional frequency of 6 
satisfies the admissibility condition (zero mean and localized in both time and frequency space) for 
Morlet wavelet, resulting in a wavelet scale comparable to the Fourier period. The continuous 
wavelet transform (CWT) normally have edge effects as the beginning and the end of the time series, 
as it assumes the data to be cyclic. The best way to reduce edge effects is to incorporate longer signals 
so that it will not affect the part of the signal we are interested in. Another solution is to pad the 
signals with sufficient zeroes to increase the total length to next higher power of 2 before doing the 
wavelet transform and then remove them afterward. Padding with zeroes increases discontinuities 
near the edge points and at larger scales, more zeroes enter the signal, decreasing the amplitude. 
Cone of influence is the area where the edge effects are important, outside which it can be neglected 
[29], and is determined as where the wavelet power caused by discontinuities at edges has dropped 
to e-2 of the value at edge [48]. The statistical significance of a wavelet spectrum is generally 
determined using the null hypothesis that the signal is stationary and the red noises in the signal can 
be easily modeled using first order auto regressive functions.  

To examine the relationship between the time series of two variables in time–frequency space, 
cross wavelet transform and wavelet coherence are employed [48], using the Matlab Toolbox 
provided by Grinsted et al. (2004) [48]. The cross wavelet transform, which identifies the cross-
wavelet spectrum, is defined as: 𝑊 , 𝑎, 𝜏 = 𝑊 𝑎, 𝜏 𝑊∗ 𝑎, 𝜏 . (4) 

Cross wavelet coherency is the correlation between the spectra of two time series [49]. After 
normalization by individual spectra, cross wavelet coherency takes a value ranging between 0 and 1. 
Liu (1994) [50] defined cross wavelet coherency as follows: 𝛤 = , ∗ ,| , | , . (5) 

Since the “wavelet-based quantities” vary in time, they could be used to study the transient 
association between two signals [50]. To determine the temporal variation of correlation between two 
non-stationary signals, a smoothing function can be further provided to the wavelet and cross 
wavelet spectrums. A value of 1 for wavelet coherence indicates a perfect linear correlation between 
the two signals at the particular time and frequency, while phase difference implies a possible lag 
between the two signals. Cross wavelet analysis has been employed in applications with non-
stationary variables, such as to determine the effect of changing climate on the discharge patterns at 
continental and regional scales [51,52], understanding rainfall–ground water interactions at different 
soil depths [53] and the role played by different plant functional types in these interactions [54].  

3. Results and Discussions 
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We apply the wavelet analysis to the natural forested pixels, which are comprised of deciduous 
broad and needle-leaved vegetation, evergreen broad and needle-leaved vegetation, mixed forests, 
and mangroves, as shown in Figure 1a, after spatially identifying them as five regions. The radiation 
received over the Indian landmass is highly affected by the precipitation distribution due to cloud 
cover. The monsoon precipitation and radiation are found to have a negative correlation of 0.6, 
indicating the negative impacts of precipitation on radiation. A wavelet analysis of both the variables 
highlighted the anti-phase nature of both the signals at inter-seasonal and annual timescales 
represented by the large width of the significant band of higher coherence in Figure S1.  

3.1. Multi-Scale Temporal Variation 

The vegetation achieves the maximum greenness during the monsoon months (June to 
September (JJAS)); however, due to the extended cloud cover, its value might be compromised. 
Hence, the October EVI is considered for understanding the inter-annual variability, taking into 
account the maximum greenness in vegetation and the quality of EVI data. The inter-annual 
variability of standard anomalies of October EVI over the entirety of India is compared with the 
standard anomalies in precipitation and radiation values during monsoon months (June to 
September, Figure 2a). A clear association of EVI with radiation in addition to precipitation is visible 
over the years. A deviation from the same is observed in 2009, when a large negative EVI anomaly 
existed even with a large positive radiation anomaly. This is attributed to the low greenness observed 
in the previous year (2008) with less precipitation and radiation followed by a very weak monsoon 
precipitation in 2009, which could not recover the vegetation greenness. This suggests low resilience 
of vegetation to severe climatic shocks and lingering stresses and how the control on vegetation 
switches from radiation to precipitation during the periods of low water availability. This 
dependence on moisture was observed further in 2010, even during a positive precipitation anomaly, 
suggesting the memory of the land ecosystems with respect to previous cumulative climatic stress 
and time to recover. To understand the association of vegetation with climate variables in the 
relatively less human-dominated ecosystems, a similar comparison is done for the forested pixels as 
shown in Figure 2b. The inter-annual variability of the forest greenness, too, cannot be explained 
either by precipitation or radiation alone. However, their response is different compared to entire 
landmass where anthropogenic activities play a major role. The relative role played by precipitation 
and radiation can be dependent on the regional climate and given the large spatial heterogeneity in 
monsoon precipitation over India, a region-specific analysis of forests needs to be done.  

To analyze the relative influences of precipitation and radiation on vegetation, we conduct a 
study on the five forest regions in India (Figure 3), considering only the forest pixels shown in Figure 
1a. The years are separated based on the anomalies from the multi-year mean monsoon precipitation 
(or radiation) as positive and negative years. The EVI climatology for years with positive and negative 
anomalies in precipitation (or radiation) in monsoon months are plotted separately for all the forest 
regions, with bands representing the variation from the multi-year mean for the various anomaly 
cases. Different phenology cycles in the four cases (positive and negative anomaly years of 
precipitation and radiation respectively) indicate that the inter-annual variabilities of precipitation 
and radiation have impacts on the inter-annual variability of forest greenness; however, it is difficult 
to get a one-to-one correspondence due to the complex interactions of multiple bio-geophysical 
processes. It is observed that the composite of EVI in the central forests has higher variability during 
the greening phase (period before the peak of growing season, where there is an increase in plant 
greenness) in years with negative anomalies in the monsoon precipitation. Higher variability in the 
EVI during browning phases is observed for years with negative radiation anomalies. The browning 
phase (period after the peak of growing season, where there is a decline in plant greenness), also 
witnesses a higher EVI during the years with positive precipitation anomalies and negative radiation 
anomalies. The climatology of EVI for all cases are similar in the central forests, which may be 
attributed to the seasonal nature of the dry deciduous vegetation in the region. However, the 
variability in EVI values across different years is very high during the growing period, in all cases of 
precipitation and radiation anomalies. This suggests the influence of other factors like soil moisture 
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availability, local circulation pattern, etc., which have to be addressed while modelling the vegetation 
in this region. A higher pre-monsoon precipitation, during March through May (MAM), is favorable 
for the greening of central forests (Figure S2), with an advance in peak during positive MAM 
precipitation anomaly years compared to negative MAM anomaly years.  

 
Figure 2. (a) Inter-annual variation of standard anomalies of enhanced vegetation index (EVI), 
precipitation, and radiation for the entire Indian landmass. (b) Inter-annual variation of standard 
anomalies of EVI, precipitation, and radiation considering only the forested pixels in India. 

A growing season could not be established for the Eastern and Western Himalayas because of 
the evergreen broad-leaf and needle-leaf trees in the region. A higher band width indicating larger 
inter-annual variability in Eastern Himalayas (Figure 3c,d), may be attributed to the influence of 
factors like soil moisture. The relatively less variations in EVI (represented in terms of band width of 
the climatology plot in Figure 3e,j) in the Western Himalayas proposes that either the EVI has 
remained stable inter-annually or the variations of EVI are almost fully explained by the variations 
of precipitation and radiation in this region. Precipitation from the western disturbances during 
January–February also has an impact on vegetation in the Western Himalayas (Figure S3). Though 
the climatology is similar in all cases, a positive precipitation and radiation anomaly in January and 
February (JF) leads to higher EVI values during the two months and a seasonal response similar to 
those in monsoon months. 

Forests in Northeast hills show a fluctuating variability patterns across all the years, with similar 
EVI climatology for positive precipitation/negative radiation anomalies and negative 
precipitation/positive radiation anomalies. The co-occurrence of positive precipitation anomalies and 
negative radiation anomalies in Northeast Hills indicates the possible dimming effect of clouds. The 
variability bands in this region, however, are narrow, suggesting that the vegetation dynamics are 
mainly controlled by precipitation and radiation.  

The disparity between EVI bands in positive and negative radiation anomaly years in deciduous 
and evergreen forests of Western Ghats show a high association with the inter-annual variability of 
radiation in monsoon season. A wider variation band is observed for positive radiation anomaly 
years than for negative radiation anomaly years, although the climatology in both the cases are 
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similar. The variability hints influence of other factors, such as soil moisture availability during high 
radiation periods. There is a temporal advancement in the first of the two EVI local maxima in the 
years with positive monsoon precipitation anomalies, signaling a faster greening with higher 
precipitation. This pattern is also observed in years with positive pre-monsoon (MAM) precipitation 
anomalies.  

To understand the seasonal association of vegetation with precipitation, the mean change in EVI 
between monsoon months (JJAS) and pre-monsoon months (MAM), is calculated as: 𝑑𝑒𝑙 = 𝐸𝑉𝐼 − 𝐸𝑉𝐼 . (6) 

Positive values of delEVI indicate the dependence of vegetation on summer monsoon 
precipitation, whereas negative values of delEVI suggest lack of dependence on summer monsoon and 
a possible dependence on radiation and non-monsoonal precipitation (Figure 4). Forest pixels are not 
isolated in understanding the inter-seasonal dependence. The Eastern Himalayas, the Northeast hills, 
and some parts of Western Ghats region, which receive the majority of annual rainfall in the monsoon 
months, have a mean decrease in EVI, suggesting radiation dependence of vegetation in high 
precipitation regions [19]. This is also in agreement with the findings of Xiao et al. (2005) [47] for the 
moist evergreen forests in Brazil, where they observe a higher photosynthesis rate in the dry season 
than the wet season. Moreover, most of the over-story species in the region demonstrate dry season 
leaf flushing [55] and may be another reason for the higher EVI during pre-monsoon months. The 
southern coasts of Tamil Nadu also have negative mean change values, as these coasts receive the 
majority of annual precipitation from the Northeast monsoon during October to December and, 
hence, the delEVI values do not prove dependence of vegetation on radiation. 

The spatial mean of multi-year averages of precipitation, radiation, and EVI values of the forest 
pixels are calculated for the five regions (Figure 5) to understand differences in forest phenology. The 
mean percentage of high-quality pixels denote the effect of clouds on the EVI satellite product; with 
the maximum effect visible during monsoon months due to extended cloud cover. The EVI 
climatology in central Forests (Figure 5a) and Western Ghats (Figure 5d) follow that of precipitation, 
except at peak values, highlighting that the radiation acts as a limiting factor during periods of high-
water availability. The number of high-quality pixels remain significantly high in the central forests, 
thus suggesting that the observation is not affected by data quality; however, a decline in the high-
quality pixels is observed in Western Ghats. The Eastern Himalayas and Northeast hills (Figure 5b,c), 
receive very high precipitation and demonstrate fluctuating EVI values, which cannot be explained 
by the climatology of either precipitation or radiation individually, indicating combined effect of both 
the variables. The local minima of EVI, corresponding to the maximum precipitation and minimum 
radiation in both the regions, supports the association of EVI with radiation. However, the number 
of high-quality pixels is found to be reduced during the latter half of monsoon period and such 
quality issues may also add to the uncertainty in responses of radiation to EVI. The response of forests 
in Eastern Himalayas, Northeast hills, and Western Ghats imply a weaker influence of precipitation 
on vegetation above a threshold precipitation value of 2000 mm/year as found by Guan et al. (2015) 
[19] and is marked by a transition phase with fluctuating EVI in the growing season. Vegetation 
greenness in the Western Himalayas is mainly associated with rainfall values as seen from the 
climatology pattern in Figure 5e. This highlights that the vegetation is moisture limited in the regions 
with low precipitation. We also find a large decrease in the number of high-quality pixels in the 
Western Himalayas during the period of western disturbances (December to February) possibly due 
to cloud cover. The region, which has a mountainous terrain, has the lowest number of high-quality 
pixels compared to other regions, thus revealing the shortcoming of MODIS data in mountainous 
terrains. 
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Figure 3. Variation of EVI from the mean with precipitation and radiation anomalies (composites of 
positive and negative anomaly years), respectively for (a,b) central forests, (c,d) Eastern Himalayas, 
(e,f) northeast hills, (g,h) Western Ghats, and (i,j) Western Himalayas during the monsoon months 
(JJAS). The years with positive and negative anomalies in precipitation and radiation are considered 
separately to plot the composite EVI over such years with the variation among them represented by 
the colored band. 
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Figure 4. The mean change in EVI between monsoon months (JJAS) and pre-monsoon months (MAM) 
denoted as delEVI. 
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Figure 5. Spatial mean of multi-year averages of EVI (with the mean percentage of high quality MODIS EVI pixels at each step) (green curve), precipitation (blue 
curve), and radiation (yellow curve) values of the forest pixels for (a) central forests, (b) Eastern Himalayas, (c) northeast hills, (d) Western Ghats, and (e) Western 
Himalayas.
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3.2. Wavelet Analysis 

Cross wavelet analysis is employed to understand the degree of association of vegetation with 
precipitation and radiation patterns using 16-day data over a period of 11 years from 2003 to 2013 
(253 time steps). Here, continuous wavelet transform (CWT) using Morlet as the mother wavelet is 
performed on EVI, precipitation, and radiation data. Since the study is based on 16-day EVI data, the 
period obtained from wavelet analysis needs to be multiplied by 16 to obtain actual periodicity of the 
events. Since the length of the datasets is very short, the role of edge effects will be significant. Hence 
the cone of influence is determined to exclude edge effects, depicted with a lighter shade. The 
significant levels are constant between periods 16–32, for all the study regions and the edge effects 
might not be affecting the spectrum at large scales where its influence is generally higher. The 5% 
significance level against red noise is marked with a thick contour. As the CWT power spectrum 
shown in Figure S4 has a maximum power during a period between 256 to 512 days (period ranging 
from 16 to 32), it indicates an annual periodicity for the vegetation events throughout the study 
period, except for the Western Himalayas (affected by westerly disturbances). A few significant 
periodicities are present at lower time scales in all regions except the Western Himalayas. The wavelet 
power spectra of Western Himalayas have two major bands, one corresponding to an annual 
periodicity in some years and the other to a seasonal periodicity of almost 160 days controlled by 
western disturbances, even though all features are not significant (Figures S5e and S6e). This is 
suggestive of a seasonality in the EVI pattern in Western Himalayas controlled by the analogous 
features in the CWTs of precipitation and radiation in these regions.  

Interdependencies among two signals can be quantified by the calculation of wavelet transform 
coherences (WTC). Figure 6 represents the power spectra of WTC between EVI and precipitation for 
the entire study period and the average coherence values for durations at different periodicities. A 
larger value of WTC denotes a higher correlation between power spectra of the two variables at the 
corresponding time and frequency; hence, the relationship at multiple time scales over the study 
period can be identified. The period at which the maximum coherence is observed can be identified 
by multiplying the periodicity obtained from WTC analysis with 16 (as the data interval is 16 days). 
Furthermore, the arrows represent the phase angle between the two signals, with horizontal arrows 
to the right indicating the signals to be in phase and those to the left as anti-phase in nature. Signals 
at an angle can either denote a time lag or a lack of association between the two signals. Significant 
WTCs were observed in the central forests for periodicity ranging from 128 to 512 days (period 
ranging from 8 to 32 in Figure 6a) for the entire study duration. Larger coherence values having 
periodicity greater than 256 days depict an annual cycle for vegetation in the central forests. The 
arrows oriented to the right highlight that the signals are in phase, representing an association of 
vegetation with the precipitation pattern. However, minor shifts were observed at lower periodicities 
or seasonal scale (64 to 128 days indicated by a period range of 4 to 8 in Figure 6a). This may be 
suggestive of the role played by other climatic or environmental factors during periods of high 
moisture availability. Eastern Himalayas, Northeast hills, and Western Ghats, however, have 
narrower spectra of high coherency with periodicity greater than 256 days (period greater than 16 in 
Figure 6c,e,g), which is visible for the entire study duration. The discontinuous multiple patches of 
high coherency at smaller periodicities propose that the role of seasonal precipitation vary across the 
years. The EVI and precipitation signals in the Eastern Himalayas and Western Ghats (Figure 6c,g) 
are in phase at higher periodicities, indicating a close association with precipitation and vegetation 
at annual scales. However, their behaviors are different when the smaller patches of lower 
periodicities are considered. This insinuates the influence of other factors such as local circulation 
and soil moisture on the smaller scale seasonal variations. The EVI and precipitation signals in 
Northeast hills (Figure 6e) follow a more complex relationship, wherein the signals are in phase 
during the beginning and end of the study period with a slight deviation in phase angle during the 
intermediate period. However, the role of edge effects on this pattern is not clear, even though we 
consider only regions outside the cone of influence. Guan et al. (2015) [19] observed that in regions 
of high precipitation, the dependency of vegetation on precipitation shifts to radiation dependence. 
The forests in Northeast hills, being the recipient of very high rainfall, may hence be limited by the 
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available radiation, even at larger periodicities and hence an out-of-phase behavior between EVI and 
precipitation. The Western Himalayas (Figure 6i), however, has two spectral bands of high coherence 
spread almost throughout the study duration, suggesting the presence of a seasonal relationship in 
addition to the annual cycle. Hence, two peaks are visible in the WTC-period curve (Figure 6j), when 
averaged over the study duration. This can be attributed to the influence of western disturbance on 
the vegetation pattern of Western Himalayas, though the region is evergreen in nature. EVI and 
precipitation signals in Western Himalayas are not in phase and whether it be a time lag between the 
two signals or a lack of any association between them, merits further study. The climatology plots in 
Figure 5e suggest an association of EVI with precipitation, which supports the existence of a lag 
between the precipitation and vegetation signals for Western Himalayas. 

 
Figure 6. Wavelet analysis: Power spectra of wavelet coherence between EVI and precipitation and 
the average coherence values for the study duration at different periodicities, respectively, for (a,b) 
central forests, (c,d) Eastern Himalayas, (e,f) Northeast hills, (g,h) Western Ghats, and (i,j) Western 
Himalayas. 
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In most of the regions, wavelet coherence between radiation and EVI signals at periods with 
high duration are anti-phase, implying that lesser radiation favors vegetation growth at an inter-
annual scale (Figure 7). The phase angles for Eastern Himalayas are, however, slightly deviated from 
anti-phase (Figure 7c) due to a time lag between the two signals or a lack of association between them. 
The transient phase in the EVI climatology of Eastern Himalayas during monsoon months may be 
cited as the reason for large variation observed in EVI climatology in Eastern Himalayas. Isolated 
events of smaller periods, however, have phase angles in the opposite direction, proposing that the 
role played by radiation shifts at smaller time scales. The Western Himalayas (Figure 7i), like in the 
case of the EVI‒precipitation relationship, has two bands; however, the smaller band at lower 
periodicity is not spread across the entire time period as in the case of EVI‒precipitation. The 
maximum WTC between EVI and radiation in Western Himalayas is higher than that between EVI 
and precipitation. The seasonal band, however, has a higher WTC between EVI and precipitation 
suggesting a more limiting role played by precipitation on the Western Himalayan forests during 
western disturbances than the annual cycle. The transient phases of vegetation greenness, indicated 
by fluctuating EVI during the monsoon months in Eastern Himalayas and Western Ghats (Figure 
5b,d) are visible from the time-averaged WTC values of EVI and precipitation, which show a 
periodicity at a seasonal scale. The transient phase of vegetation greenness in Northeast hills (Figure 
5c) is clearly visible in the time-averaged WTC values of EVI and radiation, thus showing the higher 
radiation dependence of the region. Significant coherence values and out-of-phase behavior at 
periods at lower periodicities also point to a complex relationship between EVI and radiation at inter-
seasonal scales. The EVI in central forests, however, exhibits no prominent seasonal dynamics, in 
agreement with the findings in Figures 3 and 5. Hence, a shift in the role played by precipitation and 
radiation on controlling vegetation greenness across different time scales is inferred and is found to 
be dependent on climatic pattern over the region. As the Indian climate observes a large spatial and 
temporal variability, the structure of association of vegetation with climate also has a spatial 
heterogeneity with temporal shifts and is summarized in Table 1.  

Table 1. Limiting variables in different forest regions at different temporal scales. 

Forest Regions Inter Annual Inter Seasonal Intra Seasonal 
Central Forests    

Eastern Himalayas    
North East Hills    
Western Ghats    

Western Himalayas    
 Monsoon Precipitation  Pre monsoon precipitation 

 Winter precipitation  Radiation 
 Other factors   
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Figure 7. Wavelet analysis: Power spectra of wavelet coherence between EVI and radiation and the 
average coherence values for the study duration at different periodicities, respectively, for (a,b) 
central forests, (c,d) Eastern Himalayas, (e,f) Northeast hills, (g,h) Western Ghats, and (i,j) Western 
Himalayas. 

4. Conclusions 

Although the majority of the forest regions around the globe are water limited, radiation also 
plays a significant role in the greenness of tropical moist forests with an adequate moisture supply. 
Hence, studies on climate impacts must account for forest-specific response to non-stationary climate 
drivers. Differences in vegetation response to climate variables are visible among different forest 
zones at varying timescales. Inter-annual variation is analyzed by comparing the standard anomalies 
of EVI with precipitation and radiation. Although the association of forests with radiation anomalies 
is relatively less, no definite pattern in inter-annual variation is identified. EVI response to climate 
variables is found to vary across forest regions in the country. The response of evergreen forests in 
Western Himalayas to inter-annual variability of precipitation and radiation are found to be the least. 
In regions with heavy precipitation like the Northeast region of India and some parts of Western 
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Ghats, the seasonality of forest greenness does not match well with the monsoon, suggesting 
radiation to be the limiting factor. At the intra-seasonal scale, all regions except for the Western 
Himalayas shows an association of vegetation with radiation received. The local minimum of EVI at 
maximum precipitation for the central forests is minor and indicates that radiation plays a limiting 
role only at its annual minimum. The Eastern Himalayas, Northeast hills, and Western Ghats, which 
receive an annual rainfall greater than 2000 mmyr-1, demonstrate radiation as the limiting factor to 
greenness during the monsoon season. A climate changing scenario resulting in an increase of 
radiation and moisture supply [56] could have implications for greening of these forests subject to 
other limiting factors such as soils). The forests in Northeast hills are correlated with the pre-monsoon 
radiation as it aids in the flushing of new leaves. Vegetation seasonality in the Western Himalayas is 
also influenced by westerly disturbances, which causes rainfall in the months of January and 
February. Wavelet analysis denotes a weak relationship between EVI and precipitation in Northeast 
hills, while the EVI and radiation appears to be in phase. Although forests in the Eastern Himalayas 
and Western Ghats show an association between vegetation and the precipitation at larger 
periodicities, it is absent in events of smaller periodicities. The effects of westerly disturbances are 
observed in the coherence plots of Western Himalayas, but the responses of EVI in central forests to 
precipitation and radiation are more complex. Thus, the response of vegetation to climate variables 
at various temporal scales has a huge spatial heterogeneity, which can be attributed to the non-
uniform spatial distribution of climate, vegetation, and soil in the different regions. Future efforts to 
study the climate change response of forests should take into consideration the unique behaviors of 
various forests. Response of the different forests can be further understood by using site observations 
to validate the current results. Since the association with climate variables varies among different 
plants, a species-specific study would further strengthen the understanding of the response of forests 
to climate and climate change. 
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