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Several models have been fitted in the past to smooth time-series vegetation index data from different satellite
sensors to estimate vegetation phenological parameters. However, differences between the models and fine
tuning of model parameters lead to potential differences, uncertainty and bias between the results amongst
users. The current research assessed four techniques: Fourier analysis, asymmetric Gaussian model, double
logistic model and the Whittaker filter for smoothing multi-temporal satellite sensor observations with the
Keywords: ultimate purpose of deriving an appropriate annual vegetation growth cycle and estimating phenological
Phenology parameters reliably. The research used Level 3 Medium Resolution Imaging Spectrometer (MERIS, spatial
MTCI resolution ~4.6 km) Terrestrial Chlorophyll Index (MTCI) data over the years 2004 to 2006 composited at
MERIS eight day intervals covering the Indian sub-continent. First, the four models were fitted to representative
Fourier sample time-series of the major vegetation types in India, and the quality of the fit was analysed. Second,
Double logistic the effect of noise on model fitting was analysed by adding Gaussian noise to a standard profile. Finally,
Asymmetric Gaussian the four models were fitted to the whole study area to characterise variation in the quality of model fitting
Whittaker smoother as a function of single and double vegetation seasons. These smoothed data were used to estimate the onset
Filter techniques . ! .
of greenness (OG), a major phenological parameter. The models were evaluated using the root mean square
error (RMSE), Akaike Information Criteria (AIC), and Bayesian Information Criteria (BIC). The first test (fit-
ting to representative sample time series) revealed the consistently superior performance of the Whittaker
and Fourier approaches in most cases. The second test (fitting after the addition of Gaussian noise) revealed
the superior performance of the double logistic and Fourier approaches. Finally, when the approaches were
applied to the whole study, thus, including vegetation with different phenological profiles and multiple
growing seasons (third test), it was found that it was necessary to tune each of the models according to
the number of annual growing seasons to produce reliable fits. The double logistic and asymmetric Gaussian
models did not perform well for areas with more than one growing season per year. The mean absolute de-
viation in OG derived from these models was a maximum (3 to 4 weeks) within the dry deciduous vegetation
type and minimum (1 week) in evergreen vegetation. All techniques yielded consistent results over the south-
western and north-eastern regions of India characterised by tropical climate.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Changes in the timing of the seasonal cycle of terrestrial vegetation
have been linked to inter-annual and multi-annual climatic change
(Cleland et al., 2007). The last three decades of satellite sensor observa-
tions suggest that spring has advanced globally at a rate of 2 to 5 days
per decade (Parmesan & Yohe, 2003; Root et al., 2003) and that se-
nescence has been delayed by 0.3 to 1.6 days per decade (Menzel,
2002) mostly attributable to recent increases in global temperature
(Parmesan, 2007). However, the phenological cycle, as well as the
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effect of climate change on vegetation phenology, is species- and
location-dependent. This means that global averages have limited
value locally, and it is important to describe space-time changes in phe-
nology. It is difficult to provide such a global scale picture using only
ground observations of phenological events as only a few countries
possess a sufficiently dense observation network (e.g. Germany). In
contrast, satellite-based remote sensing data can be used to map vege-
tation phenological events at medium to coarse spatial resolution
through repeat measurement over the entire globe (Jeong et al.,, 2011;
Malingreau, 1986).

Due to ease of calculation, and its long history of use in the litera-
ture, most studies utilised the normalised difference vegetation index
(NDVI) to estimate vegetative phenological parameters from space
(Jeong et al,, 2011; Myneni et al., 1997; Reed et al., 1994; White et al.,
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2005). The NDVI has been calculated for this purpose from the Ad-
vanced Very High Resolution Radiometer (AVHRR), Moderate Resolu-
tion Imaging Spectro-radiometer (MODIS) (Beck et al., 2006; Yu et al.,
2005), Systéme Pour L'Observation de la Terre (SPOT)-VEGETATION
(VGT) (Atzberger & Eilers, 2011a) and Indian Remote Sensing (IRS)-
Wide Field Sensor (WiFS) sensors (Joshi et al., 2006; Prasad et al.,
2007). However, a general problem with satellite sensor observations
is that the data may be affected by the atmosphere (e.g. alteration of re-
flectance values due to undetected sub-pixel clouds, atmospheric dust
and aerosols, gaseous absorbers). In addition, bidirectional reflectance
distribution function (BRDF) effects mean that the recorded signal
may be sensitive to view and illumination angles. Due to the mixed
signatures observed at medium to coarse spatial resolution it is
also necessary to consider landscape (patchiness) dependent effects.
Obviously, satellite sensors do not record specific phenological events
(e.g. flowering), providing only a general measure of vegetation activity
and growth. Fewer studies relied on the enhanced vegetation index
(EVI) from the MODIS sensor (Zhang et al., 2003).

Several techniques were applied to reduce the systematic and non-
systematic errors associated with the NDVI (Pinzon, 2002; Pinzon et
al.,, 2004; Tucker et al, 2005). However, other limitations of the
NDVI remain, such as saturation at high levels of vegetation biomass
and chlorophyll concentration (Gitelson & Kaufman, 1998; Huete et al,
2002; Mutanga & Skidmore, 2004). Recently, Dash and Curran (2004)
utilised the MEdium Resolution Imaging Spectrometer (MERIS), a sen-
sor with high radiometric accuracy (Curran & Steele, 2005), to estimate
an alternative vegetation index which is linearly related to canopy
chlorophyll content. This index is referred to as the MERIS Terrestrial
Chlorophyll Index (MTCI) (Dash & Curran, 2004). Dash et al. (2008)
observed that the signal-to-noise ratio of temporal vegetation pro-
files from MTCI was significantly greater than the SNR of equivalent
NDVI curves. Dash et al. (2010) and Jeganathan et al. (2010a,b) utilised
time-series MTCI data to estimate phenological parameters for the
tropical vegetation of India.

In most phenology studies using satellite sensor data the inevitable
first step is to convert noisy temporal input vegetation index data into
a smooth time-series, to estimate phenological parameters such as
the onset of greenness (0G), length of season and end of senescence
(ES). Several techniques have been used to correct and smooth such
time-series vegetation index data, and to support the estimation of
phenological parameters. Widely used methods in smoothing time-
series satellite sensor data are; median smoothing (Reed et al., 1994),
curve fitting (Bradley et al., 2007), moving average (White et al., 2009),
Fourier decomposition (Jakubauskas et al., 2001; Moody & Johnson,
2001; Roerink et al., 2000; Verhoef et al,, 1996; Wagenseil & Samimi,
2006), logistic function (Beck et al., 2006; Zhang et al., 2003), asym-
metric Gaussian function (Jonsson & Eklundh, 2002), Savitzky-
Golay filter (Chen et al., 2004), high order spline with roughness
damping (Hermance et al., 2007) and wavelet decomposition (Lu et al.,
2007; Sakamoto et al,, 2005). Recently, the Whittaker smoother (Eilers,
2003) has also been adopted for smoothing remotely sensed time-
series (Atzberger & Eilers, 2011a,b).

Each method has its own advantages and disadvantages, and the
choice of model depends upon the purpose of the study (Hird &
McDermid, 2009). Most models require fine tuning of parameters such
as the noise-threshold, size of temporal neighbourhood and number of
harmonics (Atkinson et al, 2009). Recently, de Beurs and Henebry
(2010) surveyed 12 existing spatio-temporal statistical methods being
used to estimate phenological parameters from time-series of satellite
sensor data and revealed a lack of general consensus regarding no-
menclature, model significance, uncertainty and error structure. Their
research also revealed that it would be difficult to find a single set
of parameters suitable for all the vegetation types of a diverse land-
scape. Hence, users are left to choose the parameter values, which
may lead to differences in the derived information and lack of consis-
tency between users.

Most of the models surveyed by de Beurs and Henebry (2010)
were evaluated by fitting models to NDVI time-series for higher lat-
itudinal regions. These models were fitted to the upper envelope of
the data series (i.e., the fit was to values larger than the local mean)
to adjust for the atmospherically-induced negative bias in NDVI
(Holben, 1986). Unlike NDVI, MTCI is less affected by noise from
the atmosphere and soil background, and there is no overall bias.
Therefore, in MTCI data the noise can be assumed to be white (zero
mean). Consequently, models should be fitted to the local mean, not
the upper envelope.

The Forest Survey of India (FSI) has a satellite-based regular
mapping and monitoring programme and publishes a national forest
area assessment report on a two-yearly basis. However, official
maps of phenology for India are still not available. The complexity
in fitting algorithms, parameters and model choice, and data noise
are likely hurdles to progress. Hence, it is interesting to evaluate
models for smoothing time-series vegetation index (VI) data over
the complex and diverse landscape of India. Such an investigation
is also likely to benefit researchers interested in characterising veg-
etation phenology.

The objective of the present research was to compare four models
(Fourier, asymmetric Gaussian, double logistic and Whittaker smoother)
for representing time-series VI data to support the estimation of pheno-
logical parameters. The focus was on finding the model(s) which (a) re-
produce discernible phenological patterns adequately while (b) being
robust to random temporal fluctuations.

Fourier analysis is a common method for smoothing time-series
satellite sensor data because it has only one model parameter
(i.e., number of harmonics) to achieve the required degree of smooth-
ing, and the Fourier algorithm can be implemented readily with a few
lines of software code. Geerken (2009) revealed the usefulness of
different Fourier harmonics to monitor seasonal and inter-annual
changes in vegetation phenology. Several studies have reported the
utility of the Asymmetric Gaussian and Double Logistic models
over other fitting techniques and filters (Beck et al., 2006; Hird &
McDermid, 2009; Jonsson & Eklundh, 2002, 2004). Vilela et al.
(2007) utilised the Whittaker smoother (Eilers, 2003) to extract
the desired signal from metabolic profiles obtained from in-vivo
NMR data with a non-stationary noise structure and also revealed
that it performs slightly more accurately than the Savitzky-Golay filter.
Recently, the Whittaker smoother was utilised to smooth 10 years of
10-daily SPOT VGT data covering South America (Atzberger & Eilers,
2011a).

The present research aimed to analyse the above four models for
smoothing temporal satellite sensor observations with the purpose of
estimating phenological parameters. A comparative analysis of the
capability and reliability of these techniques is provided. We chose
the vegetated landscape of India for this comparison because of its
diversity and spatial heterogeneity, and a developing interest in
mapping its phenology.

2. Methods

Fig. 1 presents a schematic diagram of the steps and processes
followed in the research. Overall, there are four major components:
database creation, smoothing, phenology estimation and evaluation.
Database creation is described in Section 2.2. The time-series was
smoothed by fitting four models to the local mean: Fourier, asymmetric
Gaussian, double logistic and the Whittaker filter. The following sec-
tions provide a detailed description of each of the models.

2.1. Fourier analysis
A complex vegetation growth cycle over a given temporal period can

be expressed using Fourier analysis as the sum of a series of cosine
waves and a constant term (Jakubauskas et al., 2001; Wagenseil &
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Fig. 1. Schematic diagram representing the processing steps undertaken in this research.

Samimi, 2006). Fourier analysis decomposes the vegetation temporal
profile into a series of sinusoids of different frequency. Individual sinu-
soids and their frequencies (i.e., harmonics) can be amalgamated into a

Using Egs. (2) and (3), the Fourier magnitude (F,;) can be calculated

das

complex waveform, closely resembling the input vegetation profile, for

which “noise” has been removed.

The Discrete Fourier Transform is given by:

-lN—l

—2mut/T
Fu) :NZOVI(t) xe
=

(M)

where VI(t) is the input vegetation index value at time ¢ in the time-
series, u is the number of Fourier components, t is the composite
number, T is the length of time period (number of composites), and

here T is equal to N, the number

of data in the time-series. The

above equation consists of two parts: cosine (real, Fc(,)) and sine

Fm(u) = F%(u) + Fg(u) (4)

and the phase (F,) can be calculated as

F
Fp = atan2( 2 . (5)
FS(u)

In Fourier analysis, high frequency noise fluctuations are filtered
out and lower frequency harmonics are interpreted as representing
the dominant seasonal variation in the vegetation index (Wagenseil
& Samimi, 2006). Utilising the estimated parameters, a smoothed
set of data can be reconstructed (i.e., VI*(t)) as per Eq. (6).

(imaginary, Fs,)), where the cosine part is:
. L 2mnt
1=l ut VI'(t) = Fyno) + Y _ Fiygn) COS <T —Fp(n)) (6)
Fey =% VI(t) « cos| 2m— (2) n=1
=0 T
Hence, by utilising an appropriate number of harmonics (u) the
and the sine part is phenological information present in the time-series can be better
assessed.
1N ; To implement Fourier-based smoothing, a software routine was
Fsuy =1 Z VI(t) * sin o). (3) developed under ARCGIS using Arc-objects and Visual Basic (Dash
“WUN& T et al,, 2010).
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2.2. Global fitting through embedded local functions

A global function representing the complex behaviour in pheno-
logical variation over the growing season can be constructed by
merging a set of local functions (Jonsson & Eklundh, 2004). For the
time-series data represented in Fig. 2 the global function VI*(t) over
the time interval [t;,tz] can be written using functions representing
the local time-series variation around the left minima, f;(t), the cen-
tral maxima, fc(t) and the right minima, fz(t), as
VI'(t) = au(t)f  (t) + [1
=BOfc()+1

—a(t)] fe(t),
—BO)Ifr(0),

t<t<tc
te<t <ty (7)
where «(t) and ((t) are cut-off functions around the short temporal
interval (t; +tc)/2 and (tc+ tg)/2, respectively, smoothly decreasing
from 1 to O.
A local function takes the form

FO=F(t; 61,65, 04, 0 ..07)=C1 + C8(E: 04,0y ...0y) (8)
where g(t;a;,a,....a,) represents the basis function for fitting the given
data points and cy,c, represent the base level and amplitude, respec-
tively. For a given set of data points in an interval around a maximum
or minimum, the parameters c; and a; are estimated by minimising

2005 H

Day of Year

Day of Year

Fig. 2. Graphical illustration of deriving a global function using a set of local functions.
(a) Local functions for left f; (t), central fo(t) and right fr(t) parts and (b) global function
VI*(t) over the time interval [t;, tg]. The grey line indicates the noisy input MTCI data
and the smooth line indicates the fitted local basis function.

the merit function using a Levenberg-Marquardt method (Jonsson
& Eklundh, 2006).

2.2.1. Asymmetric Gaussian function
The asymmetric Gaussian (AG) function (Jonsson & Eklundh, 2002)
can be used as a basis function, and written as

—ag.\¢ A\
g(t;a,,a,...a5) = exp[— (taa1> 3].1 >a; = exp{— (ath> ].t<a1 9)
2

4

where, g(t;a,,a,....as) is the Gaussian-type fit function, a, is related to
position (in time) of the minimum or maximum, a, and as are related
to the width and flatness of the right half function, and a4 and as are re-
lated to the width and flatness of the left half function.

2.2.2. Double logistic function
The double logistic (DL) function (Beck et al., 2006; Zhang et al.,
2003) can be used as a basis function, written as
1 1

1+ exp (“1 [) 1+ exp (“3 [)

gt;ay ...ay) = (10)

where, a; and as determine the position of the left and right inflection
points of the curve, respectively, and a, and a4 determine the rate of
change at the left and right inflection points, respectively.

The TIMESAT software (Jonsson & Eklundh, 2004) was used to fit
the AG and DL models.

2.3. Whittaker smoother

The ‘Whittaker smoother’ (Atzberger & Eilers, 2011a,b; Eilers, 2003)
is based on penalised least squares. It fits a discrete series to discrete
data and penalises the roughness of the smooth curve. In this way, it
balances reliability of the data and roughness of the fitted data. The
smoother the result, the more it will deviate from the input data. A
balanced combination of the two goals is the sum (Q):

Q=S+AR (11)
with
s=% (VI(t)-VI' (t))? (12)

R= 3 (VI'(£)=3VI'(t—1) + 3VI'(t—2)—VI'(t—3))*. (13)
t

The lack of fit to the data S is measured as the usual sum of squares
of differences (Eq. 12). The roughness of the smoothed curve R is
expressed here as third order differences (Eq. 13). The smoothing pa-
rameter A is chosen by the user. The aim of penalised least squares is
to find the series VI*(¢) that minimises Q. The larger the parameter A,
the greater is the influence of R on the goal Q and the smoother will
be VI*(¢) (at the cost of the degradation of the fit).

Eilers (2003) showed that A can be determined using cross-
validation. Cross-validation involves leaving out each of the non-
missing elements of VI(t) in turn, smoothing the remaining data
and predicting VI*(t) for each omitted value. By repeating this for all
VI(t) of length N the cross-validation standard error can be computed
and the most appropriate smoothing parameter selected. Another way
of choosing a value for the smoothing parameter A is to tune it until a
visually pleasing result is obtained (Eilers, 2003).

Based on previous experience with a large SPOT VGT data set cov-
ering South America (Atzberger & Eilers, 2011a), it was decided not to
use the automatic but time consuming optimization procedure, but to
run the smoother with two contrasting values for A (i.e., A=2 and
15). With A=15 a very smooth curve is obtained, which is suitable
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for most conditions, while with A =2 more weight is given to the
original data allowing, for example, characterisation of a double
cropping system.

The Whittaker smoother was implemented under Matlab, using
function files provided by Eilers (2003) and assuming a white (un-
biased) noise distribution.

3. Study area and data
3.1. Study area

The whole of India was selected as a suitable study site for this re-
search because of its diversity. The Indian sub-continent is enriched
with vegetation spreading over Central India, the Eastern and Western
Ghats in the south, the Eastern Himalayas in the north-east and
Western Himalayas in the north. Of the total geographical area
(=328 million ha) of the country, 69.09 million ha (21.02%) consti-
tutes forest cover from which 8.35 million ha (2.54%) is very dense,
31.90 million ha (9.71%) is moderately dense and 28.84 million ha
(8.77%) is open forest (SFR, 2009). The types of natural vegetation
cover include tropical and sub-tropical evergreen forests, tropical
semi-evergreen forest, tropical moist and dry deciduous forests, tropical
thorn forest, temperate conifer forest, temperate broad leaved forest,
temperate mixed forest, sub-alpine forest, mangrove forest, alpine
meadows and grasslands (Joshi et al., 2006).

3.2. Data

Temporal (8-day) composites of MERIS MTCI data (level-3 product)
for the period 2003 to 2007 were acquired for the whole of India.
Data were obtained from the Natural Environment Research Council
(NERC) Earth Observation Data Centre (NEODC) (http://www.
neodc.rl.ac.uk/) (supplied by ESA and processed by Infoterra Ltd).
The MTCI level-3 product has a spatial resolution of 4.6 km and con-
tains 46 composites per year. MTCI was utilised in this research, in
preference to other vegetation indices (such as the NDVI and EVI),
because of its greater correlation with canopy chlorophyll content
and limited sensitivity to atmospheric effects, soil background and
view angle (Dash & Curran, 2007).

The MTCI is calculated as in Eq. (14) using wavebands at 753.75 nm,
708.75 nm and 681.25 nm referred to as respectively as Ryand10, Rbando»
and Ryands-

MTCI = RBanle_RBandg (-14)
Band9 _RBandS

Each composite represents approximately 8 days and is referred to
by a composite number (CN).

4. Processing
4.1. Phenology extraction

4.1.1. Pre-processing

Cloud cover is prominent in most regions of India during the
monsoon season (June-September) and this resulted in numerous
dropouts in the images. Besides data dropouts, we also observed
some errors due to undetected clouds and poor atmospheric conditions
which occurred throughout the entire annual growing cycle. Different
approaches to eliminating these sources of errors and dropouts
were adopted for each model. For the AG and DL models (under the
TIMESAT software), errors were identified using a standard deviation
threshold and then eliminated through a temporal median filter. In
Fourier analysis, as used in the present study, dropouts were elimi-
nated through an averaging process, which considers a temporal
neighbourhood of available data on both sides of a dropout value,

with a temporal moving window of size ranging from a week up to
two months (see Dash et al., 2010 for details). The Whittaker filter
smoothes the data directly without any pre-processing.

After removing obvious errors, the data were fitted with each of the
models: Fourier, AG, DL and Whittaker filter. In the Fourier method,
each year of data was fitted independently, whereas the entire time
series (2003-2007) was filtered in a single run using the Whittaker
smoother. A minimum of three years of data is required for the
TIMESAT software (AG and DL models). Hence, the data from 2003
to 2007 were used to fit the AG and DL models and then the results
for 2004 to 2006 were utilised in the comparative analysis.

4.1.2. Exploring model parameters

The landscape of India is diverse and complex, and the agricultural
field sizes are generally small. Moreover, the vegetated landscape en-
compasses natural and human-managed vegetation with both single
and double annual growing seasons, and even three annual crop
growing patterns in some agricultural regions. Hence, finding a single
set of model parameters for any of the four tested models that is
appropriate across the whole country was challenging. The ability of
each of the four models to represent faithfully a set of annual seasonal
cycles was analysed, using different fitting criteria, over different land
cover types and for several dominant vegetation types.

While experimenting with the four models over India it was
revealed that two major vegetation landscapes (i.e., natural vegetated
landscape and agricultural landscape) influenced most strongly the
model fitting: natural vegetation has a single annual growth pattern
while most of the agricultural practices in India follow a double
cropping pattern. In the Fourier approach, the natural vegetation
growth cycle (i.e., single season) could be fitted reliably using the
first three or four Fourier components (i.e., mean + 3 harmonics),
but for agricultural landscapes (i.e., double or triple season) six Fourier
components (ie., mean+5 harmonics) were required (Dash et al.,
2010; Jeganathan et al., 2010a,b).

The parameters for the DL and AG models were adjusted interactively
in the TIMESAT software to arrive at closely fitting results. In TIMESAT, a
seasonality parameter value of between 0.1 and 0.7 was used for fitting
the double season profiles (i.e., agricultural landscapes) and larger values
(>0.7) were used for single seasons. The Median filter option with a
parameter value of 2 was chosen to remove spikes or noise as it was
suitable for both landscape types. Instead of fitting to the upper en-
velope (which is normally done with NDVI data to avoid atmospheric
attenuation) the medium envelope (value =2) was chosen and the
adaptation strength of fitting was kept at the value of 2 while main-
taining the fitting accuracy.

The Whittaker filter was applied with two different settings of A
(A=2 and A=15). A value of A =2 fitted the data more closely, but
was very sensitive to minute fluctuations. A =2 is well suited to fit-
ting double season profiles. On the other hand A =15 provided the
annual smooth trend, suitable for all natural vegetation growth cycles
(i.e., single season). It could be argued that A =15 provides a generally
acceptable fitting across all cases, but A =2 is included here because it is
illustrative of the capabilities of the Whittaker filter about which less is
known in the remote sensing community.

4.1.3. Estimation of vegetation onset and senescence

After smoothing, two phenological parameters (e.g., onset of green-
ness, OG, and end of senescence, ES) were estimated using an iterative
search process over the annual smoothed data. This process considers
increasing or decreasing trends in the MTCI values of successive tempo-
ral neighbours (8 days). Onset of greenness was defined as a valley
point at the beginning of a growing cycle, and end of senescence was
defined as a valley point occurring at the decaying end of a phenology
cycle. The algorithm starts from the dominant peaks and searches
both forwards and backwards in time checking the derivative infor-
mation. While moving backwards, a change in derivative value from
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positive to negative may indicate a valley point, while moving forward,
a change in derivative from negative to positive may indicate a valley
point (see Dash et al., 2010 for details). Logical and continuity functions
were implemented to identify false detection of OG and EG due to local
fluctuations. The OG and ES time points were chosen as the nearest
composite date at which the valley point occurs. The phenology pa-
rameters (OG and ES) were estimated using the same approach for
all data. However, only OG was analysed and compared between all
the models.

4.2. Model evaluations at different levels of homogeneity

The smoothed data and phenological parameters estimated from
each fitted model were evaluated (within different vegetation types,
regions and years) using different measures at the sample level,
pixel level and at an aggregated level. The approach is illustrated in
Fig. 1.

The global land cover map, GLC2000 (Bartholome & Belward,
2005; Stibig et al., 2007), with a spatial resolution of 1 km was
used (i) to identify homogeneous (>80% cover) vegetated pixels of
MERIS and (ii) to identify reliable sample pixels for different vegeta-
tion classes. Homogeneity was calculated using a block statistical
function which identifies the percentage of vegetative class pixels
falling within a MERIS pixel. Pixels with 80% to 100% vegetation cover
were extracted as representative homogeneous pixels. In India, ever-
green, semi-evergreen, moist deciduous and dry deciduous vegetation
types constitute a major proportion of all natural vegetation and,
hence, only the homogeneous pixels from these four vegetation types
were considered for further analysis.

At the sample level, representative sample points were collected
from different vegetation types, in different years, occurring in different
regions. Sample pixels were identified carefully from major vegetation
types with homogeneous cover in different regions to avoid edge or
mixed pixels when analysing the effect of fitting. At the pixel level,
the models were fitted to data for each pixel in the study area. At
the aggregated level, analysis was undertaken with two different
approaches. First, model performance was evaluated over a set of
homogeneous pixels stratified by vegetation type. The analysis was re-
stricted to homogeneous pixels with more than 80% vegetative cover to
provide reliable reference annual profiles. Secondly, the model results
at the pixel level were aggregated to 1 x 1 grid cells to reveal broader
deviations in the results for each model.

To find meaningful patterns in the differences in OG between the
four models, the OG results were compared with one another. The
absolute difference in OG between each model was calculated for
each pixel. This differencing process yielded six difference images
(ie., |JAG — DL|, |AG — FT|, |JAG — WH], |DL — FT|, [DL— WH], [FT — WH]).
The absolute difference in the parameters between pairs of models
and the mean absolute difference (MAD) between all the models
were calculated for every year and every pixel. Then, the mean and
variance of the MAD were calculated for the pixels falling within
each of the 1°x1° grid cells to characterise the spatial pattern of
the difference. The differences within the homogeneous pixels from
major vegetation types were also estimated.

4.3. Performance measures

The statistical evaluation measures used in this study were: root
mean square error (RMSE) (Eq. 15) residual error (RE) (Eq. 16), Akaike
Information Criterion (AIC) (Eq. 17) and Bayesian Information Criterion
(BIC) (Eq. 18). For model ranking, a performance count i.e., a count of
how many times a particular model outperformed the others, was
estimated by inter-comparing the superiority of model results in
terms of RMSE, AIC and BIC values for each input.

The RMSE was calculated for each pixel between the original
(observed) data and fitted data and also for homogeneous pixels

(=80% vegetative cover) for the four major vegetation types in India.
For the residual error (RE), the smoothed values over homogeneous
pixels were compared with the observed values at each temporal
point. The residuals for homogeneous pixels only were extracted and
then the mean residual value and 95% confidence interval were plotted
for comparison.

N 1/2

RMSE = (N‘1 > (VI*(t)—VI(t))2> (15)
t=1

RE(t) = [VI'(t)—VI(t)] (16)

4.3.1. Akaike Information Criterion (AIC)

The performance of a fitted model depends largely on the number
of free parameters (the effective dimension) of the model. The AIC
(Akaike, 1973) can be used to measure the effective performance of
a model by penalising for a large number of parameters. Hence, we
adopted the AIC to evaluate the performance of the fitting techniques.
AIC is calculated using Eq. (17).

AIC = 2k + n[In(RSS)] 17)

where, k is the number of free parameters in the model, n is the number
of input data points and RSS is the residual sum of squares between the
original data and fitted model. A lower value of AIC would indicate the
preferable model.

Two parameters (i.e., magnitude, F,, and phase, F,) are required
for every Fourier component (Eq. 6) and hence k for Fourier-based
fitting was equal to seven (i.e., mean + (3 harmonics x 2) = 7) for a single
season vegetation growth cycle. For the AG model (Eq. 9) seven param-
eters are needed (i.e., aj, dy, a3, Ay, as, ¢; and ¢;), and for the DL model
(Eq. 10) six parameters are required (i.e., a;, do, a3, a4, ¢; and ¢). For
the Whittaker smoother, the effective dimension corresponds to the
trace of the hat matrix (Eilers & Marx, 1996), which depends on the se-
lected value of the roughness parameter (A) and number of observations.
For A =2 the effective dimension, which is non-integer and closely
related to number of parameters, is 18.84, and it is 9.37 when A = 15.

4.3.2. Bayesian Information Criterion (BIC)

The Bayesian information criterion (BIC) (Schwarz, 1978) is another
measure of goodness-of-fit, similar to the AIC, but using a Bayesian
framework. It is calculated using Eq. (18).

BIC = n(In[6°]) + k- In(m) (18)

where G2 is the error variance and k and n have a similar meaning to
that in the AIC. BIC is similar to the AIC, but also adjusts for sample
size. It generally penalises free parameters more strongly than does
AIC.

4.4. Evaluating the effect of noise on model fitting

To characterise the robustness of each technique to noise, randomly
drawn noise realisations (from a Gaussian distribution) were added to
an observed vegetation profile. The noisy datasets were fitted with
each model, and the fitted values checked against the reference mean
annual profile to derive the RMSE, AIC and BIC. A performance count
was used to identify the model which consistently yielded the smallest
values of RMSE, AIC and BIC.

For each of the four major vegetation types 1000 noisy data sets
were simulated. For each vegetation type, homogeneous pixels with
more than 80% vegetation cover were identified as mentioned in
Section 4.2. A representative mean and standard deviation of the
MTCI values at each time composite was calculated from the “pure”
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relation to the canopy integrated chlorophyll content. Over India,
the largest MTCI values (annual maxima) ranged between 3.5 and 4
for dense natural vegetation and were as large as 4 to 4.5 for high-
5Nl o2 19 yield agricultural crops. For non-vegetated areas the MTCI values
Ve (,u et ) (19) remained close to 1 which is the smallest reference value.

pixels, independently for each vegetation type. This also yielded a repre-
sentative mean annual reference profile for each vegetation type

where t represents a time composite. Each of the 1000 data sets contains
46 time composites of noisy data (i.e., noise added to a representative 5.1. Non-spatial evaluation of fitting techniques

mean annual profile).
Fig. 3 presents the four fitted models (four harmonics for Fourier

analysis; A=15 for Whittaker) along with the original MTCI data
collected at different sample locations. These figures facilitate visual
assessment. Fig. 3 provides the fitting results for the year 2006 for
the tropical evergreen pixels located in Arunachal Pradesh in the
north-eastern region (Fig. 3a) and in the Western Ghats area in Kerala

5. Results
The temporal MTCI patterns were directly related to seasonal

changes in vegetation growth. The MTCI values increased during the
greening phase and diminished during the senescence phase in
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Fig. 3. Four models fitted to time-series acquired from homogeneous pixels of three different vegetation types in different regions of India in 2006. [Evergreen vegetation from
(a) Arunachal Pradesh and (b) Kerala; semi-evergreen vegetation from (c) Karnataka and (d) Kerala; dry deciduous vegetation from (e) Orissa and (f) Maharashtra].
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in the south-western region (Fig. 3b) of India. Similarly, the fitted
models for the semi-evergreen, and dry deciduous vegetative pixels
located in Karnataka and Kerala, and Maharashtra and Orissa are
depicted in Fig. 3c&d, and e&f, respectively. The variation in the
growth rhythm and associated fitting results for moist deciduous
vegetation types sampled at Karnataka and Orissa (over the years
2004 to 2006) are shown in Fig. 4. The coordinates of the sample lo-
cations are: evergreen (Arunachal Pradesh 27° 40’ 27.80” N, 96° 04’
01" E; Kerala9° 39’ 54" N, 77° 03’ 34" E), semi-evergreen (Karnataka
12°47' 04" N, 75° 31’ 14" E; Kerala9 02’ 28" N, 77 01’ 04" E); moist
deciduous (Karnataka 1349’ 27" N, 75° 51’ 12" E; Orissa 21 51’ 05”
N, 86° 27" 33" E); dry deciduous (Orissa 18° 31/ 27" N, 82° 10’ 31" E;
Maharashtra 21° 46" 06” N, 73° 53’ 54" E).
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Fig. 5 presents the results for the sample agricultural pixels in
different regions of India revealing both double and triple cropping
seasons for the year 2004. It was observed that the DL and AG
models were affected by local fluctuations in the data as well as by
the data trend in the pre- and post-temporal point sequence (i.e., falling
in the previous or next year's cycle), which is clear in the fitting results
for the evergreen and semi-evergreen samples.

Table 1 presents the RMSE values for the major vegetation types
from different regions and years (as referred to in Fig. 3 for the year
2006). The smallest RMSE values indicate a close fit. It can be seen
readily that the Whittaker model (A=15) performed consistently
more accurately than all other models, followed by the Fourier model
in most cases. However, the fitted model is expected to reveal the
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Fig. 4. Four models fitted to time-series acquired from homogeneous pixels of moist deciduous vegetation from the (a,c,e) Karnataka and (b,d,f) Orissa states of India in the years (a,

b) 2004, (c,d) 2005 and (e,f) 2006 derived using four different fitted models.
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Fig. 5. Four models fitted to time-series acquired from homogeneous pixels of agricultural crops from (a) Punjab, (b) Uttar Pradesh, (c) Bihar, (d) Gujarat, (e) Andhra Pradesh, and

(f) Tamil Nadu.

major annual phenological pattern while being robust to local random
noise. Hence, the RMSE or any other simple distance measure is not a
suitable performance indicator in isolation because by simply increasing
the number of parameters of a model one can increase accuracy arbitrari-
ly. Hence, the fitted models were evaluated further using the AIC and BIC.
Table 1 also presents the RMSE, AIC and BIC for the fitted models from 24
different samples (two samples each for four vegetation types over three
years) distributed over four vegetation types in different regions in dif-
ferent years (the fitting results for the year 2006 are shown in Fig. 3;
the results for all years were analysed and evaluation measures are pro-
vided for each sample datum in Table 1). The smaller the RMSE, AIC and
BIC, the better is the fit. The model with the smallest score in each row is
highlighted in bold.

Finally, performance count (a count of how many times a particular
model outperformed the others) was calculated for each model. It was
found that the Whittaker smoother outperformed all other models if
the RMSE and AIC were chosen as the deciding criteria. Under BIC, the
performance counts of the Fourier and Whittaker approaches were
equal. Overall, the Whittaker filter outperformed the others. The Fourier
approach was preferable to the DL and AG models in all three evaluation
scenarios. The AG model acquired zero score under the AIC, but for the
BIC it scored more than the DL model. Figs. 3 to 5 reflect the close fitting
of the Whittaker and Fourier approaches. The DL and AG models were
accurate for moist deciduous vegetation types and hence yielded com-
petitive results for AIC and BIC (Table 1) compared to the Fourier and
Whittaker approaches.
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Root mean square error (RMSE), Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) based assessment of four fitting models (Double Logistic—DL, Asym-
metric Gaussian—AG, Fourier—FT, Whittaker—WH) at the sample locations shown in Figs. 3 and 4 (in bold, best fitting models).

Fitting results RMSE AIC BIC

Vegtype (year) Location DL AG FT WH DL AG FT WH DL AG FT WH
Evergreen (2004) Arunachal Pradesh 0.144 0.145 0.117 0.114 2.61 551 —16.12 —1233 —11332 —116.00 —134.04 —127.08
Evergreen (2004) Kerala 0.102 0.113 0.092 0.087 —20.04 —740 —2643 —26.72 —14037 —13334 —148.75 —145.82
Evergreen (2005) Arunachal Pradesh 0.128 0.128 0.126 0.115 —1.59 036 —1.09 —4.08 —12636 —130.04 —127.85 —127.57
Evergreen (2005) Kerala 0232 0203 0.142 0.136 48.97 40.23 6.16 979 —8929 —103.74 —-13410 —127.04
Evergreen (2006) Arunachal Pradesh (Fig. 3a) 0.116 0.120 0.104 0.106 —9.07 —4.83 -—-1542 —999 —13831 —139.73 —146.66 —137.89
Evergreen (2006) Kerala (Fig. 3b) 0.142 0.141 0.125 0110 —0.15 355 —1067 —16.23 —12939 —13135 —14024 -—144.14
Semi-evergreen (2004) Karnataka 0.111 0.110 0.111 0.094 —1518 —1385 —12.73 —2195 —14891 —153.27 —14846 —154.31
Semi-evergreen (2004) Kerala 0.146 0.143 0.142 0.132 10.25 10.84 9.84 7.68 —128.02 —133.14 —13042 —129.16
Semi-evergreen (2005) Karnataka 0.109 0.109 0.106 0.096 —14.52 —1250 -—1531 -—20.17 -—15734 -—161.06 —160.13 —161.52
Semi-evergreen (2005) Kerala 0.152 0.156 0.134 0.129 14.76 18.35 4.62 564 —141.89 —144.11 -—154.03 —149.40
Semi-evergreen (2006) Karnataka (Fig. 3c) 0.104 0.111 0.102 0.099 —2039 —-17.19 -21.12 —-1961 -—16320 —16574 -—165.94 —160.96
Semi-evergreen (2006) Kerala (Fig. 3d) 0.145 0.152 0.119 0.102 7.20 1333 —13.89 —-21.10 —140.20 —139.83 —163.29 —166.99
Moist deciduous (2004) Karnataka (Fig. 4a) 0.101 0.102 0.105 0.101 —-19.10 —16.95 —1426 —14.07 -15736 —16093 —15452 —150.90
Moist deciduous (2004) Orissa (Fig. 4b) 0.182 0.187 0.134 0.116 27.92 32.29 542 —3.81 —11034 —111.69 —134.84 —140.65
Moist deciduous (2005) Karnataka (Fig. 4c) 0.105 0.108 0.109 0.100 —17.76 —13.83 —14.83 —1621 —169.77 —171.62 —168.84 —166.66
Moist deciduous (2005) Orissa (Fig. 4d) 0.162 0.181 0.145 0.117 18.35 30.47 1164 —226 —12447 —118.09 —133.17 —143.60
Moist deciduous (2006) Karnataka (Fig. 4e) 0.111 0.108 0.107 0.102 —1421 —14.08 —1498 —-1542 —157.03 —162.64 —159.80 —156.76
Moist deciduous (2006) Orissa (Fig. 4f) 0.144 0.140 0.139 0.123 8.84 7.81 6.04 041 —13857 —14535 —143.36 -—14547
Dry deciduous (2004) Orissa 0.089 0.102 0.084 0.068 —30.74 —16.93 —3496 —4851 —173.56 —16549 —179.77 —189.86
Dry deciduous (2004) Maharashtra 0.104 0.109 0.103 0.097 —1691 —-11.70 —1581 —16.68 —150.64 —151.12 —151.55 —149.03
Dry deciduous (2005) Orissa 0.093 0.093 0.086 0.075 —2846 —26.58 —32.57 —4115 —17587 —179.74 —181.98 —187.03
Dry deciduous (2005) Maharashtra 0.083 0.086 0.083 0.079 -—37.17 -—3339 -—3717 -—-3554 —17543 —17736 -—17743 —172.37
Dry deciduous (2006) Orissa (Fig. 3e) 0.075 0.075 0.082 0.076 —43.28 —4245 —3476 —36.72 —177.01 —18187 —170.50 —169.07
Dry deciduous (2006) Mabharashtra (Fig. 3f) 0.063 0.080 0.053 0.054 —61.14 —39.84 —-72.78 —67.68 —199.40 —183.82 —213.04 —883.80
Performance count 0 0 2 22 5 0 7 13 2 4 9 9

Although the AIC and BIC are influenced by the fitting errors (i.e.,
residual sum of squares, RSS, and fitting variance, between the model
and the data), these measures also integrate the number of free pa-
rameters. The number of free parameters compensated for the larger
fitting error, which can be seen in Table 1 (e.g., through the first two
rows, representing evergreen in year 2004, where the Fourier method
resulted in a larger RMSE than the Whittaker filter, but performed
better in terms of the AIC and BIC; through the third row where AG
had the largest error, but performed better in terms of BIC). Overall,
the Whittaker and Fourier approaches emerged consistently as the
most suitable models, in terms of RMSE, AIC and BIC.

Fig. 4 provides the temporal variation in the growth rhythm of moist
deciduous vegetation and the fitting results for different years. The per-
formance results of the fitted models in Fig. 4 are also provided in
Table 1. Fig. 5 presents the fitting results for samples over agricultural
areas from Punjab, Uttar Pradesh, Bihar, Gujarat, Andhra Pradesh and
Tamil Nadu in the year 2004 (six harmonics for Fourier and A =2 for
Whittaker). It was found that the AG and DL models did not provide
a satisfactory fit when there was more than one growing season.
Since the main parameter governing the AG and DL fit is the slope
of the growth curve, the fitting was more accurate at sloping regions
and, thus, the required OG and ES points were not identified appropri-
ately. Also noise in-between two growing seasons affected the fitting
results more in the AG and DL models than in the Fourier and Whittaker
approaches.

For natural vegetation, flat peaks of long duration are unlikely in
the growing season. Both the AG and DL models enforce a single peak
irrespective of the duration of the flatness at the peak and, hence, do
not consider minor fluctuations even though a natural system is being
represented. However, these two techniques maintain the slopes ade-
quately during the greening and decaying phases. The Fourier fitting is
not affected by scattered noise values which deviate positively
from the annual trend, but is influenced by negative bias and natural
oscillations and, hence, sometimes results in an undulating pattern
(e.g., Figs. 3 and 4). However, the undulations could be controlled
through the number of Fourier components during the inverse trans-
form. Lower order Fourier components were robust with respect to

noise. However, they may miss important variation in the data. In this
research, the first four Fourier components reproduced the annual
trend of natural vegetation reliably and six components reproduced
agricultural growing seasons in addition.

5.2. Analysing the effect of Gaussian noise

To simulate data with added Gaussian noise, the pure representa-
tive annual profile for each vegetation type was extracted as de-
scribed in Section 4.2. During this process it was observed that the
MTCI values (intra-annual minima to maxima), for the majority of
pixels, varied between 2.5 and 3.5 for evergreen, between 2 and 3.5
for semi-evergreen, between 1.25 and 3.5 for moist deciduous and
between 1.25 and 3.0 for dry deciduous vegetation types. It was esti-
mated that the mean fluctuation in MTCI value over three years at any
single temporal point ranged between 0.1 and 0.25, which amounts
to less than 10% of the amplitude difference between the annual
MTCI maximum and minimum.

Table 2 provides the performance count of each model under each
evaluation criterion (i.e., RMSE, AIC and BIC) for each vegetation type.
The number in the table indicates the number of times a model outper-
formed (i.e., closer fit to the original mean annual profile) the others. It
was observed that, in terms of the RMSE, the Fourier approach was
more accurate for two vegetation types (evergreen and moist decid-
uous) and the AG and DL models were more accurate for only one
vegetation type. The Whittaker filter resulted as the second best for
evergreen and moist deciduous in terms of RMSE. For the AIC and
BIC, the DL model outperformed all other approaches. The Fourier
approach was the second best for the evergreen vegetation type
under both AIC and BIC. Under AIC, AG was most accurate for semi-
evergreen but it was the second best in terms of BIC for the same veg-
etation type. By vegetation type, the AG model had the largest count
for semi-evergreen, the Fourier and DL approaches had the largest
count for evergreen and moist deciduous, while the DL model per-
formed extremely well for dry deciduous. The Whittaker filter was
penalised severely under AIC and BIC.
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Table 2

Model performance count using RMSE, AIC and BIC based on a time-series with 1000 realisations of Gaussian noise added (in bold, best fitting models).
Vegetation type RMSE AIC BIC

AG DL FT WH AG DL FT WH AG DL FT WH

Evergreen 239 170 302 289 165 393 367 75 109 557 327 7
Semi-evergreen 460 121 212 207 386 328 211 75 279 507 200 14
Moist deciduous 79 219 460 242 154 669 140 37 93 806 94 7
Dry deciduous 212 436 150 202 79 487 353 81 47 649 288 16

5.3. Spatial evaluation of fitting techniques

Fig. 6 presents the RMSE calculated, for each pixel, using the four
fitted models with parameters tuned to fit a single season growth
profile with greater accuracy. Because of this, the resultant RMSE
values were larger in the agricultural zones where more than one

annual growing season is common. Interestingly, Fig. 6a and b reveals
the major agricultural regions of India depicted in yellow, orange and
red colours.

The model parameters were tuned to represent multiple (i.e., two
or three) annual growing season patterns and the resulting RMSE
is presented in Fig. 7 which shows an evident reduction in RMSE,
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Fig. 6. Root mean square error (RMSE) (year 2004) from four models tuned to fit a single annual growth pattern: (a) double logistic, (b) asymmetric Gaussian, (c) Fourier and (d)

Whittaker.
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Fig. 7. Root mean square error (RMSE) (year 2004) from four smoothing functions tuned to fit a double annual growth pattern: (a) double logistic, (b) asymmetric Gaussian,

(¢) Fourier and (d) Whittaker.

particularly over agricultural regions. All four models provided small
RMSE values (bluish colour) over natural vegetated regions. Howev-
er, only the Fourier and Whittaker approaches produced consistently
smaller RMSE values over the agricultural as well as natural vegetated
regions (Figs. 6¢, d and 7c, d).

The RMSEs of each fitted model falling within the homogeneous
pixels were extracted and the mean RMSE was calculated within
each vegetation type. Table 3 (four harmonics for Fourier; A=15
for Whittaker) presents the mean RMSE from each of the fitted
models tuned for a single annual growth pattern. The mean RMSE
for two or more annual growth patterns is presented in Table 4 (six
harmonics for Fourier; A = 2 for Whittaker). The Fourier and Whittaker
approaches yielded consistently smaller RMSEs than the other two
models. However, the RMSE is not a sufficient indicator of model fit as
discussed in Section 4.1 and, hence, the techniques were further evalu-
ated using a residual measure and through the estimated phenological
parameters (i.e., OG).

5.3.1. Residuals for pixels with 80% vegetation cover

The mean residual values at 95% confidence interval were calculated
for each model tuned for a single season (Fig. 8a,c,e) and for two or more
seasons (Fig. 8b,d,f) for the year 2004. These figures reveal the bias and
reliability of the fitting models evaluated at each time composite.

5.3.2. Assessing the estimation of phenological parameters

From the fitted models, the OG was calculated for each year. Fig. 9
presents the spatial variation in OG over natural vegetation. The non-
forested region was masked in grey colour to provide more effective
visualisation of the spatial variation. Agricultural areas were also
masked out because of the inherent difficulty in their representation
using the selected models: these areas will be scrutinised, in detail,
in future research.

It can be seen in Fig. 9 (a to 1) that all the models resulted in different
spatial distributions in different years, which may be due to annually
varying weather conditions. While the arrival of OG seems generally
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Table 3

Mean RMSE for different models fitted to time-series for the dominant vegetation types across India (the models are tuned for a single annual growth pattern). (The numbers in the

parentheses indicate the number of pure pixels considered in each vegetation type.)

Vegetation type 2004 2005 2006

DL AG FT WH DL AG FT WH DL AG FT WH
Evergreen (59) 0.151 0.153 0.136 0.126 0.155 0.156 0.142 0.134 0.148 0.150 0.135 0.175
Semi-evergreen (356) 0.148 0.150 0.142 0.126 0.163 0.166 0.151 0.140 0.148 0.150 0.135 0.181
Moist deciduous (387) 0.122 0.130 0.119 0.105 0.119 0.120 0.119 0.106 0.113 0.118 0.108 0.177
Dry deciduous (615) 0.134 0.133 0.121 0.107 0.130 0.126 0.120 0.108 0.127 0.125 0.112 0.187

to vary between years and techniques, the Western Ghats region which
runs parallel to the south west coast has a very consistent pattern in all
the years and for all techniques. In the central part of India, the OG
seems to be later in 2005 which is revealed through orange to red
colours. Table 5 provides a summary of the estimated OG values using
the different models in the three different years. From all four models,
at the national level, it was found that the OG estimates for evergreen
vegetation range between DOY 89 and 112, for semi-evergreen veg-
etation they range between DOY 81 and 120, for moist deciduous
they range between DOY 89 and 128 and for dry deciduous they
range between DOY 65 and 96. However, the results in Table 5 do
not represent regional variability in OG within the same vegetation
type, which is dealt with explicitly in Jeganathan et al. (2010a) using
Fourier analysis.

The MAD within each of the 1°x 1° grid cells was calculated, for all
the years (Fig. 10). It can be seen that the OG values from all four models
were similar over natural vegetated regions, as revealed by the lower
mean deviation with small variance (bluish colour) (Fig. 10). The devi-
ation was maximum in agricultural regions due to the larger number of
annual seasons, as discussed in previous sections.

To provide reliable estimates of the MAD, homogeneous pixels
from each vegetation type only were used to calculate the mean
and variance of the MAD (Table 6). It was revealed that the deviation
was greatest for dry deciduous vegetation. Dry deciduous vegetation
is very sensitive to micro-climatic conditions due to poor soil moisture
availability. Dry deciduous forest mainly occurs over central India
which is also the region where drought is a regular phenomenon.
Overall, the models were reliable with an error of one week in most
cases as estimated at the whole India level within homogeneous pure
vegetation pixels (Table 6).

6. Discussion

Field-based phenological studies are challenging and labour in-
tensive. In only a few countries phenological records are provided
within a dense observation network covering more than a few years
(e.g., Germany). It is, therefore, important that attention is paid to
time-series remotely sensed imagery (delivering continuous obser-
vations going back to the 1980s) and, specifically, to the accuracy and
reliability of the models used to estimate phenological parameters
from these data.

Within the context of mapping phenology from space, many stud-
ies have compared different model fitting techniques, mainly using
NDVI data, with an emphasis on fitting to the upper envelope and
using simple distance measure criteria. The current research used
more accurate and robust MERIS MTCI time-series data, where noise
can be assumed to be white, and analysed four models in terms of
their ability to represent the variation in the annual growth profile
and phenology of tropical vegetation types in India over three years
(2004 to 2006) using more advanced performance measures.

The present research presented a large array of sample cases from
different vegetation types and from different years across the diverse
landscape of India. The annual growth rhythm of vegetation types is
not constant across years because of varying micro-climatic conditions.
The growth rhythm of moist deciduous vegetation type was provided as
an example case such as to reveal visually the inter-annual variation
and associated fitting results from different techniques in different
years. The same was revealed quantitatively in Table 1. The techniques
were evaluated using the RMSE, AIC, BIC and a simulated set of noisy
time-series data. Fourier analysis has been criticised for its oscillatory
nature and difficulties of interpretation in relation to physical ecological
phenomena (de Beurs & Henebry, 2010). However, the tests conducted
here revealed its advantages in many cases.

All four models were also evaluated using homogeneous pixels
of evergreen, semi-evergreen, moist deciduous and dry deciduous
vegetation types. It was found that a mean absolute deviation of
onset of greenness of three weeks or above was observed within
the dry deciduous vegetation type and it was within one to two
weeks in evergreen vegetation. All models yielded consistent results
over the south-western and north-eastern regions where the forest is
dense and protected.

Various views have been expressed in relation to the superiority of
different fitting techniques for phenology applications. For example,
Beck et al. (2006) found that the DL model was more accurate than
the Fourier and Gaussian approaches. Hird and McDermid (2009)
found the AG and DL functions to be superior to the Savitzky-Golay,
mean-value iteration (MVI), ARMD3-ARMA5 and 4253H techniques.
Julien and Sobrino (2009) found that the iterative interpolation for
data reconstruction (IDR) technique performed more accurately
than the harmonic analysis of NDVI time series (HANTS) algorithm
and the DL method. However, their study used a simple distance mea-
sure to assess accuracy, which may not be appropriate as it does not
consider the number of model parameters used in fitting. Recently,

Table 4
Mean RMSE for different models fitted to time-series for the dominant vegetation types across India (the models are tuned for a double annual growth pattern) (in bold, best fitting
models).
Vegetation type 2004 2005 2006
DL AG FT WH DL AG FT WH DL AG FT WH
Evergreen 0.169 0.171 0.121 0.106 0.171 0.172 0.131 0.116 0.167 0.168 0.127 0.113
Semi-evergreen 0.167 0.169 0.126 0.106 0.182 0.184 0.137 0.119 0.167 0.169 0.122 0.108
Moist deciduous 0.138 0.146 0.103 0.085 0.134 0.136 0.099 0.085 0.127 0.133 0.095 0.082
Dry deciduous 0.135 0.137 0.100 0.084 0.136 0.133 0.102 0.085 0.128 0.127 0.096 0.080
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Fig. 8. Mean residual error, with 95% confidence interval, at each date from four models tuned to fit (a, c, e, g) single and (b, d, f, h) double annual growth patterns: (a, b) Fourier,

(c,d) asymmetric Gaussian, (e, f) double logistic and (g, h) Whittaker for the year 2004.
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Fig. 9. Estimated onset of greenness (in DOY) for the years (a, d, g, j) 2004, (b, e, h, k) 2005 and (c, f, i, 1) 2006 using smoothed data from four models tuned for a single growing
season: (a, b, ¢) asymmetric Gaussian; (d, e, f) double logistic, (g, h, i) Fourier, (j, k, 1) Whittaker. Non-forested regions were masked in grey.

de Beurs and Henebry (2010) and White et al. (2009) compared var- done in the USA in temperature-limited vegetation systems with a
ious start-of-spring/season (SOS; OG in the present case) methods, single annual season, and using Global Inventory Modeling and Map-
but they could not arrive at a single superior method and revealed ping Studies (GIMMS) NDVI data. In the present research, MTCI data
that the OG estimates varied amongst the methods. Their work was were used with a focus on diverse and complex landscapes in India



Table 5

Onset of greenness (in DOY), estimated using different techniques, within homoge-
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neous pixels from four major vegetation types in India using majority statistics.

Vegetation type Year Fourier DL AG Whittaker
Evergreen 2004 97 105 105 105
2005 89 89 89 97
2006 105 105 97 105
Semi evergreen 2004 105 81 97 105
2005 113 89 97 105
2006 105 105 97 105
Moist deciduous 2004 105 97 89 97
2005 121 121 105 97
2006 89 89 89 97
Dry deciduous 2004 89 73 81 73
2005 73 97 65 89
2006 73 73 81 81

(a)

P

(e

Legend
Mean MAD

() -

where rainfall is the major driving factor for greening and, hence,
noisier observations and greater inter-annual variability in OG result
(de Beurs & Henebry, 2010).

The Whittaker smoother has not been evaluated in the past in spe-
cific relation to phenology, and in the current study it performed well
in terms of the RMSE (Table 1). The main issue with the Whittaker filter
is the choice of an optimal model parameter to avoid over fitting. While
it performed well in terms of the RMSE, the Whittaker filter with A =2
did not perform well in terms of the AIC and BIC criteria because of its
large number of effective model parameters. However, Whittaker fit-
ting with A =15 outperformed other approaches for the raw data, but
did not perform well under the simulated noise scenario. Based on
RMSE, AIC and BIC derived with respect to the sample data (Figs. 3 to
5 and Tables 1 and 2), the Whittaker and Fourier approaches were pref-
erable to the DL and AG models, but the DL and AG models did produce

(d)

Legend

Variance

-
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Fig. 10. (a,c,e) Mean and (b,d,f) variance of mean absolute difference (MAD) in estimated onset of greenness (in composite numbers, ~8 days), using smoothed data from four
models tuned for a single growing season, within 1°x 1° national grid cells for the years (a, b) 2004, (c, d) 2005 and (e, f) 2006.
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Table 6
Statistics (mean and variance of MAD) for the onset of greenness estimated for homo-
geneous pixels of four major vegetation types in India.

Vegetation type Year Mean (in weeks) Variance (in weeks)
Evergreen 2004 1.09 1.02
2005 1.13 1.49
2006 1.09 1.90
Semi-evergreen 2004 1.81 4.16
2005 1.87 4.16
2006 1.56 4.12
Moist deciduous 2004 1.35 1.96
2005 2.14 3.24
2006 1.57 3.84
Dry deciduous 2004 3.14 7.08
2005 3.76 8.70
2006 3.15 7.24

alow AIC and BIC for a few samples. When a large number of data were
simulated with Gaussian noise, the DL model outperformed the others.
This implies that DL is less affected by Gaussian noise, in most of the
cases, and it fitted well for a single growing season vegetative species
such as moist deciduous in our case. Further analysis revealed that the
error variance between the Fourier and DL approaches was not signifi-
cantly different, and hence, the major reason for the better performance
of the DL model was due to the difference in the number of free param-
eters (k) (for Fourier, k=7; for DL, k=6) in the AIC and BIC calcula-
tions. When the models were checked in terms of phenological
estimation of OG (Table 5, Table 6), all the models yielded close results
with a mean difference of 1 week (i.e., 1 temporal composite), which is
encouraging from the user's point of view. However, in the present
study it was found that the DL and AG approaches were not accurate
in representing annual growth pattern data where there were two or
more seasons, especially over agricultural regions.

It was observed that the residual error in 2004 was larger relative
to other years for all models. To understand the reason, the residual
error was analysed within each class and it was found that the larger
deviation was due mainly to moist deciduous and dry deciduous pixels.
Interestingly, the cause for this deviation was attributed to fluctuations
in the MTCI values, attributable to non-uniform rainfall during the
growing season as rainfall and vegetation cover are strongly interlinked
in India (Prasad et al., 2007). To investigate this link, historical data on
drought were consulted and it was found that there was a recurring
drought for the three consecutive years (2001-02, 2002-03, 2003-04)
in Karnataka, Maharashtra, Jharkhand and many other central Indian
states (Biradar & Sridhar, 2009; PACS, 2009) where the moist and dry
deciduous vegetation types mainly occur. Hence, untimely rainfall
could potentially affect the growth pattern of these two vegetation
types along with its potential impact on agricultural crops. The residual
error from the AG and DL models was positively biased (Fig. 8)
whereas the Fourier and Whittaker approaches were less biased.

Vegetation growth patterns depend on a multitude of factors.
However, in the tropics the main influencing factors are rainfall and
temperature. The onset of greenness in India is linked mainly to rainfall,
but in northern latitudinal countries it is mostly temperature driven.
Climate change projections have forecasted increases in Indian
monsoon precipitation and extreme temperatures (Rupa Kumar et
al.,, 2006) and the impact of such changes on vegetation phenology
is still an intriguing research area. Although Dash et al. (2010) and
Jeganathan et al. (2010a, 2010b) studied phenological parameters
in India, they did not reveal the uncertainty associated with their
approach, and also did not study long-term changes in phenology of In-
dian vegetation. Hence, it would be interesting to monitor changes in
phenology over the last few decades and into the future in India. For
such research, the current study provides valuable information about
the intricacies of model choice and fitting, and associated errors in
phenology extraction.

7. Conclusion

Continuous spatial information about vegetation growth and phe-
nology is a potentially pivotal input to modelling primary productivity,
biomass and natural carbon dynamics. The research presented here
provides an important comparative analysis of the capability of
four different models for smoothing remotely sensed time-series
and estimating phenological parameters over the tropical landscapes
of India. For data extracted from remotely sensed images, the Whittaker
approach outperformed the others, but its underperformance when
applied to noisy data raises some concerns. When simulated noise
was added, the DL model outperformed the others, but performed
less well on the real data. The Fourier approach performed consis-
tently well in representing both the image data and the synthetic
(noisy) data. No single model exhibited a consistently superior per-
formance under all tests. Hence, caution is needed with regard to the
applicability of each approach for specific study areas and, moreover,
care is needed to determine: the number of harmonics for Fourier, A
for Whittaker, and parameters such as the number of seasons and the
outlier threshold for the DL and AG models.

The inter-comparisons presented in this paper provide an impor-
tant source of information on the quality of fitted phenological curves
and estimated parameters. This information on uncertainty, and the
effects of model choice on phenological parameter estimates, should
be of value in a range of studies that attempt to characterise vegeta-
tion phenology from space. The variation in estimates observed be-
tween the approaches sets the scene for the possibility of combining
different estimates of phenological parameters (e.g., from different
sensors, different models and different research groups), through a
statistical ensemble-based approach. Overall, the study fulfilled the
objective of checking the models' ability to reproduce discernible
phenological patterns adequately and their robustness to random
temporal fluctuations. The information provided here on the uncer-
tainty in estimates of phenology across India may also be important
in relation to efforts to establish a phenological network in India (Moza
and Bhatnagar 2005, Kushwaha and Singh 2008).
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