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Abstract

Annual, inter-annual and long-term trends in time series derived from remote sensing can be used to distinguish between natural land cover
variability and land cover change. However, the utility of using NDVI-derived phenology to detect change is often limited by poor quality data
resulting from atmospheric and other effects. Here, we present a curve fitting methodology useful for time series of remotely sensed data that is
minimally affected by atmospheric and sensor effects and requires neither spatial nor temporal averaging. A two-step technique is employed: first,
a harmonic approach models the average annual phenology; second, a spline-based approach models inter-annual phenology. The principal
attributes of the time series (e.g., amplitude, timing of onset of greenness, intrinsic smoothness or roughness) are captured while the effects of data
drop-outs and gaps are minimized. A recursive, least squares approach captures the upper envelope of NDVI values by upweighting data values
above an average annual curve. We test this methodology on several land cover types in the western U.S., and find that onset of greenness in an
average year varied by less than 8 days within land cover types, indicating that the curve fit is consistent within similar systems. Between 1990 and
2002, temporal variability in onset of greenness was between 17 and 35 days depending on the land cover type, indicating that the inter-annual
curve fit captures substantial inter-annual variability. Employing this curve fitting procedure enhances our ability to measure inter-annual
phenology and could lead to better understanding of local and regional land cover trends.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

Time series of remotely sensed data are an important source of
information for understanding land cover dynamics. Vegetation
dynamics can be defined over several time scales. In the short
term, communities have seasonally driven phenologies which
typically follow annual cycles. Between years, phenological
markers (e.g., onset of greenness, length of growing season) may
respond differently; these changes are affected by short-term
climate fluctuations (e.g., temperature, rainfall) and/or anthropo-
genic forcing (e.g., groundwater extraction, urbanization) (Elmore
et al., 2003; White et al., 2002). Over a longer time period, annual
phenologies may shift as a result of climate changes and large-
scale anthropogenic disturbance (Myneni et al., 1997; Potter et al.,
⁎ Corresponding author. Current address: Princeton University, Woodrow
Wilson School, NJ, USA.

E-mail address: BethanyB@princeton.edu (B.A. Bradley).

0034-4257/$ - see front matter © 2006 Elsevier Inc. All rights reserved.
doi:10.1016/j.rse.2006.08.002
2003; Tucker et al., 2001). Differentiation of annual, inter-annual,
and long-term phenological patterns are an important component
of global ecosystems'monitoring andmodeling (Reed et al., 1994;
Schwartz, 1999) and may lead to better understanding of how and
why land cover changes over time.

The most common measure of the photosynthetic ‘green-
ness’ of vegetated land cover used to derive phenologies is the
normalized difference vegetation index (NDVI) (Tucker &
Sellers, 1986). Global NDVI have been collected since the early
1980s by Advanced Very High Resolution Radiometer
(AVHRR) satellites. However, the full potential of long-term
NDVI time series is often hampered by poor quality data caused
by instrumentation problems, changes in sensor angle, atmo-
spheric conditions (e.g., clouds and haze), and ground con-
ditions (e.g., snow cover). These problems tend to create data
drop-outs (anomalously low NDVI values in time series) or data
gaps, and make phenological markers difficult to identify (Reed
et al., 1994).
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In order to retain relatively cloud-free data, daily AVHRR
data are temporally composited to retain higher NDVI values
(Eidenshink, 1992). The most commonly used method is max-
imum value compositing (MVC) (Holben, 1986), which
reduces cloud contamination by retaining the highest NDVI
values within a fixed time window. Viovy et al. (1992) later
introduced the best index slope extraction (BISE), which uses a
sliding time window to capture local maxima. These methods
are used to create weekly, biweekly, or monthly composites
with less cloud-related error than daily images. However, com-
posite data are still susceptible to spurious data points which
must be addressed in order to derive seasonal phenologies.

Overcoming local errors caused by atmospheric and sensor
effects has primarily been accomplished through either spatial
or temporal averaging. Using spatial averaging, Myneni et al.
(1998) identified decadal trends in AVHRR NDVI by
examining time series averaged across latitudinal bands. Lim
and Kafatos (2002) aggregated AVHRR NDVI time series
based on North American land cover classes to compare
phenology to southern oscillation indices. Potter et al. (2003)
combined AVHRR derived fraction absorbed of photosynthet-
ically active radiation (FPAR) time series into 1/2° grids to
identify global disturbance events. Spatial averaging has the
advantage of minimizing local anomalies so that large-scale
trends in regional to global vegetation phenologies can be better
identified. However, these types of studies neglect small scale
changes that may hold important information about ecosystem
processes.

Other studies have used temporal averaging to overcome
local errors. Single year, and multi-year composite vegetation
phenologies have been used to characterize land cover at re-
gional and global scales (DeFries et al., 1995; Defries &
Townshend, 1994; Justice et al., 1985; Loveland & Belward,
1997; Loveland et al., 2000). These land cover classifications,
based on single year phenologies, create a baseline from which
future change can be measured (DeFries et al., 1999; Moulin
et al., 1997). When several years of phenological data are
combined, characteristic phenologies over regional scales can
be used to classify land cover (Liang, 2001; Moody & Johnson,
2001). However, single year classifications and temporal av-
erages preclude any investigation of inter-annual change (phe-
nological differences between years).

Several methods for deriving annual vegetation phenologies
using smoothing functions have been presented. Reed et al.
(1994) used median smoothing to extract phenological markers
from AVHRR NDVI data. Moody and Johnson (2001) applied a
discrete Fourier transform to AVHRR NDVI data in southern
California to derive an average annual phenology. Jakubauskas et
al. (2002) used a similar method of harmonic analysis to identify
crop types in southwest Kansas. Jonsson and Eklundh (2002)
showed how asymmetricGaussian functions can be used tomodel
inter-annual phenologies in western Africa. Chen et al. (2004)
described a method of reducing the impact of cloud contaminated
pixels using a Savitzky–Golay filter. Zhang et al. (2003) used
piecewise logistic functions to fit an annual phenology of
moderate resolution imaging spectroradiometer (MODIS) data
for the northeastern U.S. Fisher et al. (2006) used logistic
functions to derive average annual phenology from Landsat data
in New England.

The variety of methodologies used to assess seasonal phe-
nology highlight the potential for further work in this field.
There is need to characterize inter-annual variability with a
functional representation that is continuous and stable between
years. In addition, this representation should be responsive to
temporal fine structure and able to fit multiple land cover
phenologies. For production applications on large spatial data
sets, the same control parameters should be able to model the
range of land cover phenologies present.

This paper presents a curve fitting procedure useful for long-
term time series across a range of phenologies which is min-
imally affected by sensor error, clouds, and snow, and requires
neither spatial nor temporal averaging to reduce noise. Here, we
apply a flexible, high order spline-based curve fit to a time
series of remotely sensed data. Hermance et al. (submitted for
publication) describe the theory and mathematical background
of the curve fitting procedure in depth. Readers interested in the
more technical aspects of curve fitting and time series modeling
should refer to Hermance et al. (submitted for publication). The
goal of this paper is to present the methodology with the end-
user, rather than the time series modeler, in mind. As such, we
show several applied examples of the methodology and present
results that can be derived from the curve fit product.

This approach is appropriate for a range of land cover types
because it does not assume an a priori phenological shape and
is thus flexible enough to model the temporal response of
various land cover types, including those with high inter-annual
variability. We show examples of the method fit to 12 years of
weekly 1 km Pathfinder AVHRR NDVI data (Eidenshink,
1992), and derive onset of greenness from the curve fit results
for the Great Basin, U.S. The procedure presented here should
be considered to characterize average annual and inter-annual
phenologies in order to classify land cover, distinguish local
land cover change and identify long-term regional change.

2. Methods

2.1. Dataset

The curve fitting procedure was developed for use with time
series of remotely sensed data (Hermance et al., submitted for
publication). We demonstrate the effect of the procedure on a
12-year time series of weekly NDVI data from the AVHRR
satellites (Eidenshink, 1992). NOAA-Pathfinder AVHRR
coterminous U.S. data were acquired from 1990–2002 and
clipped to include only the western U.S. The data are at 1 km
spatial resolution and in weekly time intervals for all years
except 1990, 2001 and 2002 which are in biweekly time
intervals. Each time series consists of a total of 529
observations. The changing temporal frequency of the data,
and data gaps, required a methodology that is flexible through
variable time intervals. The AVHRR data encompass three
sensors, NOAA-11 from 1990–1994, NOAA-14 from 1995–
2001, and NOAA-16 from 2001–2002. Externally derived
errors in this dataset include cloud and snow cover, which
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persist in composited data (Moody & Strahler, 1994) and can
partially or fully mask ground reflectance causing lower than
expected NDVI values. This is common in winter months
when snow cover is prevalent, but can occur at any time of
year. Other errors include long-term NDVI changes due to
sensor drift (Gutman et al., 1995), which are partially
accounted for in pre-processing (Eidenshink, 1992), missing
data over portions of the western U.S., and unknown effects of
short and long-term sensor degradation. As a result, a realistic
curve fit must account for missing data and discount negative
and anomalously low NDVI values. Although the examples
shown here apply to AVHRR data from the western U.S., this
curve fitting procedure has been designed for use with any
time series (Hermance et al., submitted for publication).

2.2. Study site and expected phenological patterns

We apply the curve fitting procedure to the diverse inter-
annual phenological patterns of land cover in the 600,000 km2

Great Basin, U.S. (Fig. 1). This area includes portions of
Nevada, Utah, Idaho, and Oregon. The majority of the
ecoregion is semi-arid with an average annual rainfall of
20 cm, divided by mountain ranges reaching elevations of
4000 m, creating a diversity of land cover. Valleys are com-
posed of dry salt desert shrub systems (b16 cm rainfall) and
slightly less arid sagebrush steppe (16–25 cm rainfall)
(Houghton et al., 1975). Both of these semi-arid systems are
responsive to precipitation, resulting in rapid onset of greenness
following spring rainfall. However, desert shrublands have
minimal photosynthetically active vegetation cover and thus
change in NDVI within a season is low. Another prominent land
cover type dominating many valleys is non-native annual
grassland. Non-native annuals (primarily cheatgrass in the Great
Basin) show extreme inter-annual variability in response to
cumulative rainfall (Bradley & Mustard, 2005; Elmore et al.,
Fig. 1. Topography of the Great Basin ranges from low elevation dry deserts to
high elevation montane grassland. Type localities are numbered 1 for montane
shrubland, 2 for sagebrush, and 3 for cheatgrass.
2003), creating much larger amplitude phenologies and earlier
onset of greenness during wet years. Wet years in this region
occurred in 1995 and 1998. Mountain slopes and lower
elevation mountains support pinyon–juniper woodlands. Pin-
yon pine and juniper are conifers, so the growing season is not
as pronounced as in deciduous systems. Mountain tops support
productive alpine shrubs and grasses which have a high am-
plitude seasonal change, but are frequently snow covered during
winter and spring months, resulting in extensive periods without
vegetation information. A single curve fitting procedure must be
flexible enough to accommodate this range of phenological
amplitudes and inter-annual variability while maintaining re-
alistic stability, particularly through prolonged periods of anom-
alously low data values and data gaps.

2.3. Verification sites

We selected three example land cover types: sagebrush
steppe, cheatgrass grassland, and montane shrubland, in order to
evaluate the effectiveness of the curve fit for remotely sensed
NDVI data within the Great Basin. Type localities for each of
these systems were identified in the field in 2004 and are
distributed across central Nevada (Fig. 1). Type localities con-
sist of 3 sagebrush locations containing a total of 28 pixels, 4
cheatgrass locations containing a total of 42 pixels, and 2
montane locations containing a total of 32 pixels. Time series of
an arbitrarily selected pixel from each land cover type are
shown in Fig. 2. Sagebrush steppe was selected as represen-
tative of typical semi-arid land cover, which may not have a
pronounced phenology. Cheatgrass was selected for its high
degree of inter-annual variability and abrupt green-up and
brown-down often found in grasslands. Montane shrubland was
selected as representative of a high amplitude, but asymmetric
phenology with prolonged winter data gaps resulting from snow
cover. Cloudiness, snow cover, and sensor noise make phe-
nological markers difficult to identify in these examples.

2.4. Model assumptions

In order to create a realistic curve fit, we utilize several
known attributes and assumptions about remotely sensed time
series of NDVI. First, we assume that ecosystems have an
inherent annual cyclicity approximated by an average annual
curve. Inter-annual variability tends to be a second order effect
overprinted on the average annual phenological pattern. Thus,
the average annual curve at a given location is usually a good
first-order approximation for anomalously low or missing data,
and provides a baseline for determining inter-annual fluctua-
tions. Second, we assume that observed local maxima in the
time series are accurate in timing (within a composite window)
and magnitude. In other words, the upper envelope of the data
values is the best approximation of phenology and should be
up-weighted in the curve fit (Jonsson & Eklundh, 2002; Viovy
et al., 1992). Third, we assume that observed local minima are
often artifacts resulting from atmospheric effects or snow cover,
particularly during winter months. Although minima may pro-
vide accurate information about surface conditions, they may



Fig. 2. Examples of original AVHRR time series for single pixels in three
ecosystems: A) sagebrush (39°28′31″N, 116°36′36″W), B) cheatgrass (40°9′
53″N, 117°6′W), and C) montane (39°18′N, 117°8′16″W).
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not reflect vegetative cover and should be down-weighted in the
curve fit. Fourth, we assume that spring green-up may occur
rapidly, but the timing of the green-up may fluctuate year to
year. Thus, we anticipate a high degree of inter-annual var-
iability that must be accommodated by the curve fit. Our goal is
to use these assumptions to build a model equally effective
across a range of land cover types.

2.5. Exclusion of low-value data

NDVI values equal to or below zero are considered to
contain no meaningful information about land surface
phenology. In the absence of snow, land surface NDVI rarely
drops to zero, as woody vegetation and soils retain positive
NDVI year round. Negative and zero values are typically
caused by cloud contamination, water bodies, or missing data.
The algorithm allows one to flag NDVI values less than or
equal to zero and exclude them from both annual and inter-
annual curve fits.
2.6. Creating an average annual curve fit

We employ the recursive least squares procedure described
by Hermance (in press) to create an average annual phenology
by simultaneously fitting non-orthogonal low order polynomial
and harmonic components while minimizing model roughness.
The polynomial, typically 4th order, fits any instrument drift or
long-term trends during the observation period, while the
harmonic components, typically a 6th order series, fit the
average phenology of the data. Harmonic analysis (specifically
using Fourier series) has been shown to produce an accurate
representation of a single year phenology across a range of land
cover (Jakubauskas et al., 2001, 2002; Moody & Johnson,
2001). Here, we found that 6 harmonic components (periods of
1 year, 6 months, 4 months, 3 months, 2.4 months and
2 months) were sufficient to capture the variety of phenologies
tested (e.g., differences in length of growing season and
steepness of onset of greenness).

Using a 6th order series of annual harmonics can create
spurious oscillations in a curve fit. In our experience, this occurs
primarily during winter months when data gaps due to cloud
cover are common and the model is hence unconstrained by
observed values (Fig. 3A). Because we expect minimal
temporal variations during the dormant season, we introduce
roughness damping during selected winter months (in the case
of the Great Basin, November–February). “Roughness” is de-
fined as the sum of the squared values of the second derivative
of the curve at each time step during the winter months
(Hermance, in press). This parameter is minimized in the second
iteration of the average annual curve fit, so that the curve is
stabilized and less affected by high order spurious oscillations.
Fig. 3A shows two iterations of the average annual curve for a
montane shrubland, where lack of data due to persistent winter
snow cover can cause instability in the initial model. This step
of minimized winter roughness is useful when the main interest
is growing season phenology, but clearly should not be
performed if land surface phenology during winter months is
the main research interest. The resulting average annual curve is
a useful first order estimate of phenology in any given year.

2.7. Creating an inter-annual curve fit

Inter-annual variability of phenological shape and amplitude
is common in terrestrial land cover. As a result, harmonic
analysis is not appropriate for long-term time series because it
does not accommodate inter-annual variability. However, the
average annual curve is assumed to be a good baseline ap-
proximation of inter-annual phenology. Additionally, the av-
erage annual curve serves to stabilize the fit. Excluded zero-
value data can be replaced by estimates based on the average
annual curve, which provide continuity through data gaps. An
example of this option is shown in Fig. 3B which illustrates the
replacement of zero-value data during winter months and during
the gap in data caused by sensor failure in late 1994.

In order to accommodate the type of inter-annual variability
shown in Fig. 3C, we use a high-order spline fit. An advantage
of the spline is that the fit is not limited by any method-



Fig. 3. Curve fitting methodology demonstrated on two land cover types. (A)
The average annual fit: two iterations of an average curve are fit for a montane
shrubland land cover. The second iteration has minimized roughness in winter
months. (B) Handling data gaps: missing and zero value data are replaced with
estimated values based on the average annual curve to stabilize the fit for a
montane shrubland. (C) The inter-annual fit: two iterations of an inter-annual
curve are fit for a highly variable cheatgrass grassland. Note the tendency to
generate an upper envelope of the observed data, while tracking detail in the
timing of green-up and senescence.
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constrained shape, rather the phenological shape is driven
entirely by the data. The order of the spline is user defined. A
higher-order spline may be necessary to capture more rapid
changes in phenology. We find that a range of 11–14th order
works well for the example land cover types. For systems
having simple phenology (e.g., agriculture) a higher order
spline takes computation time that may not be required. De-
pending on the goal, a lower order spline, or even the most
computationally efficient average annual model, might be
sufficient.
The initial inter-annual fit uses the average annual curve as a
baseline and asymmetrically weights all data points above and
below the average in order to fit the upper envelope of the data.
Points above the average annual curve are up-weighted
exponentially with distance from the average curve, while
points below are down-weighted exponentially with distance.
An exponential weighting function was chosen to make the fit
particularly responsive to local maxima, and able to model
abrupt increases in NDVI at the onset of greenness. Fig. 3C
illustrates the inter-annual responsiveness of the model for the
cheatgrass system, which has a high degree of inter-annual
NDVI variability. Although exponential weighting is appropri-
ate for fitting rapid green-up, one drawback is that it also fits
data errors (“spikes”) that fall above the time series. One
approach to dealing with these high value errors is to pre-
process the data using a threshold filter as suggested by Jonsson
and Eklundh (2002). Another approach that we are currently
developing is to create a statistical framework where data values
above a given confidence interval (e.g., 99th percentile) of the
inter-annual range about the average annual curve are excluded.

In fitting the cheatgrass data in Fig. 3C, a second iteration is
performed on the inter-annual model, whereby residuals are
again exponentially weighted, but now with distance from the
initial inter-annual curve. Although the model can be adapted
for further iterations, two were sufficient to capture local max-
ima within the highly variable cheatgrass system, thus we
assume that two iterations are sufficient to capture inter-annual
variability in other less responsive systems (Fig. 3C). For the
results presented here, we use the same control parameters when
comparing the inter-annual variations for all Great Basin land
cover types.

Note that onset of greenness and timing of peak greenness in
the time series for the cheatgrass example shifts between years
in Fig. 3C, showing that timing of phenology as well as shape
and amplitude are flexibly modeled with the inter-annual curve
fit. Thus, the inter-annual curve fit maximizes the contribution
of high data values while minimizing low data values, accom-
modates inter-annual variability, and remains stable through
data gaps and changes in data sampling interval.

2.8. Identification of onset of greenness

The use of a smooth curve fit makes it possible to identify
phenological markers inter-annually. In this example, we
identify onset of greenness (a proxy for start of growing
season). Although the smooth curve allows for a variety of
methods for defining onset of greenness, we identify onset of
greenness using the timing of half maximum during spring
growth (Fisher et al., 2006; White et al., 1997) because the half
maximum is stable and consistent across ecosystems. The half
maximum has been used with spatially or temporally compos-
ited NDVI data and is defined as the time at which the NDVI
value first exceeds the mid-point between minimum and
maximum values during spring green-up. Maximum and min-
imum NDVI values on the inter-annual curve are identified and
a half max value for each year was calculated. The date at which
the half max value is exceeded during the spring green-up is



Fig. 4. Average annual curve fit examples from a sagebrush, cheatgrass, and
montane ecosystem. Average phenology may be useful for refined land cover
classification. The horizontal error bars show the location of onset of greenness
and the spatial variability (S.D.) within the type localities.
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identified as the onset of greenness. The accuracy of onset of
greenness is dependent on the temporal sampling of the data. In
this case, because most of the data are weekly composites and
Fig. 5. Examples of multi-year curve fit AVHRR time series for single pixels in
three land cover types: A) sagebrush (39°28′31″N, 116°36′36″W), B)
cheatgrass (40°9′53″N, 117°6′W), and C) montane (39°18′N, 117°8′16″W).
The thin black line is the original time series and the thick black line is the curve
fit.
the exact timing of scene acquisition is unknown, onset of
greenness values also has a minimum associated error of
±1 week. By calculating inter-annual onset of greenness for the
Great Basin, we illustrate the ability of this curve fitting meth-
odology to derive phenological markers at the spatial and tem-
poral resolution of the original data.

3. Results

An average annual phenology for the type locality pixels (28
sagebrush, 42 cheatgrass, 32 montane shrubland) for 1998 is
shown in Fig. 4. Onset of greenness from the average annual
phenology for the type locality pixels occurs at calendar day
103±7 (spatial S.D.) in sagebrush, 96±13 (S.D.) in cheatgrass,
and 146±4 (S.D.) in montane shrubland. Peak NDVI for the
type locality pixels occurs at calendar day 157±5 (S.D.) in
sagebrush, 150±6 (S.D.) in cheatgrass, and 190±3 (S.D.) in
montane shrubland. The small degree of spatial variability
within the stable montane shrublands (Fig. 4) is a measure of the
internal consistency of the average annual modeling algorithm.
In sharp contrast, we have the significantly larger spatial
variability among the cheatgrass type localities, which we in-
terpret as due to local ecosystem responsiveness to microcli-
matic effects. Although the type localities are distributed across
central Nevada, in general standard deviations between type
locality pixels are relatively small, indicating that similar land
cover types respond similarly in an average year and are fit in a
consistent manner.
Fig. 6. Average onset of greenness (A) and date of maximumNDVI (B) based on
the curve fit results during the 1990s for pixels in the three type localities. All
three ecosystems show a high degree of temporal variability. Grey bars indicate
rainfall for the preceding October–May time period. Variability in onset of
greenness likely reflects a temporal response to climate.
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Inter-annual curves fit to single example pixels for sage-
brush, cheatgrass and montane are shown in Fig. 5. For each of
these time series, the timing of the onset of greenness (as
described above) and the timing of maximum NDVI are com-
puted for each year. The results are summarized in Fig. 6, along
with cumulative precipitation from standard gaged stations from
October of the preceding year to May of the current year. Within
the three single example time series, inter-annual onset of
greenness occurs respectively at calendar day 105±25 (tempo-
ral S.D.) in sagebrush, 98±20 (S.D.) in cheatgrass, and 141±17
(S.D.) in montane shrubland (Fig. 6A). Peak NDVI occurs at
calendar day 149±22 (S.D.) in sagebrush, 136±20 (S.D.) in
cheatgrass, and 183±15 (S.D.) in montane shrubland (Fig. 6B).
Clearly, inter-annual phenology is strongly affected by rainfall
patterns.

Temporal variability in timing of both peak greenness and
onset of greenness between years in a single time series is much
larger than spatial variability between type localities. That is,
similar land cover has a similar phenological pattern in a given
year, but year to year phenological variability within a given
land cover type may be very high.

Inter-annual variability for onset of greenness can be seen
spatially in Fig. 7. For the entire region, average onset of
greenness was calendar day 108 (mid April) in 1993, 90 (early
April) in 1996, and 122 (early May) in 1998. Topographic
patterns are also apparent (compare with Fig. 1), with Great
Basin mountain ranges showing a later onset of greenness
(Fig. 4). In 1996, the driest of the three years, salt desert shrub
systems in the southern Great Basin had such a low phe-
nological response (b0.05 NDVI) that they were classified as
unresolvable. The high degree of temporal variability apparent
in the example pixels is present throughout the region.

Timing of onset of greenness can not be compared between
original and fitted data because of the difficulty of defining
phenological markers on unfitted data without spatial or tem-
poral averaging. However, peak values are more readily
Fig. 7. Regional onset of greenness in calendar day for 1993 (left), 1996 (center), and
while 1996 was so dry that many salt desert shrub and sagebrush ecosystems had n
identified in the original data and can be compared to the
curve fits. Within the three original (observed) single time
series, peak NDVI values are 0.26±0.04 (temporal S.D.)
in sagebrush, 0.44±0.11 (S.D.) in cheatgrass, and 0.55±0.05
(S.D.) in montane shrubland. Within the three fitted single time
series, peak NDVI values are 0.24±0.04 (temporal S.D.)
in sagebrush, 0.41±0.12 (S.D.) in cheatgrass, and 0.54±0.06
(S.D.) in montane shrubland. The similarity between original
and fitted peak NDVI values indicates that the inter-annual
curve is fitting the upper envelope of data values.

4. Discussion

The curve fit methodology presented here is useful for
deriving seasonal phenological markers and assessing inter-
annual patterns of remotely sensed time series. The robust
annual average identifies phenological shape, which may lead
to improved land cover classification. The inter-annual curve fit
makes it possible to distinguish land cover trends at native
sensor resolutions without need for temporal or spatial aver-
aging. Without spatial or temporal averaging, ecosystem dyna-
mics and long-term change can be more confidently identified
and effectively analyzed.

A harmonic approach to fitting an average annual curve has
been shown to be effective across a range of land cover
(Jakubauskas et al., 2001; Moody & Johnson, 2001). The
average annual methodology presented here has the added
advantages of modeling unequally spaced data and reducing the
influence of zero-value NDVI data during winter months. In the
Great Basin, the average annual fit is spatially consistent within
land cover types. In an average year the fitted curve is similar
between distributed type localities of the same ecosystem. The
standard deviations for timing of peak NDVI and onset of
greenness for the type localities were within the temporal
resolution of the sensor (7 days) in all cases except cheatgrass
onset of greenness. The broader range of values in the
1998 (right). Onset of greenness was later in 1998 compared to the earlier years,
o detectable phenology at all.
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cheatgrass case can be attributed to early onset of greenness at
one of the four cheatgrass type localities situated in a more arid
environment (an earlier phenology in more arid environments
allows for growth during milder spring temperatures and can be
observed regionally in the transition from the Mojave Desert in
the south to the Great Basin in the north). The small spatial
variability observed for onset of greenness within particular
land cover types in the Great Basin supports the utility of the
average annual curve fit as a tool for single-year phenology-
based land cover classifications.

The spline-based inter-annual fit is flexible enough to allow
for shifts in timing of annual phenology. This point is illustrated
by fluctuations in onset of greenness at the type localities
(Fig. 6) as well as changes in the regional onset of greenness
(Fig. 7), which shifts by 32 days from as early as day 90 (March
31st) in 1996 to as late as day 122 (May 2nd) in 1998. Local and
regional shifts in phenology are likely a result of weather
patterns. Heavy rains in 1998 enhanced and extended the
growing season in valleys, while additional snowpack delayed
onset of greenness in montane shrublands. Temporal flexibility
is also apparent in the range of onset of greenness and peak
NDVI dates through time in the example pixels. Standard
deviations of these phenological markers through time range
from 15 to 25 days, a high degree of inter-annual variability
compared to spatial variability estimated with the average
annual curve. The high degree of phenological variability
between years demonstrates the necessity of understanding the
underlying cause of inter-annual variability when analyzing
land cover dynamics (Bradley & Mustard, 2005). The inter-
annual curve fit makes phenological variability easier to
identify and thus is an effective tool for distinguishing temporal
variability from land cover change. The value of a curve fit
result for regional studies cannot be overemphasized, as it
allows for land cover change analysis at the native spatial and
temporal resolutions of the sensor.

In the future, we hope to address the problem of high data
“spike” error by developing a way to screen out these data based
on statistical likelihood of annual phenological ranges. We also
hope to apply this methodology to other regions. Although the
curve fit was designed to fit the variety of systems in the Great
Basin, it has not been tested in systems with higher amounts of
cloud cover year round. The application of this curve fit in other
regions may require additional tuning of the curve fitting
parameters.

The methodology presented here for fitting long-term time
series is useful because it models both average annual and inter-
annual phenologies. Both representations are useful depending
on the objectives of a particular study. In addition, the approach
can accommodate irregularly spaced data with substantial data
gaps. Further, the same fitting parameters effectively model a
range of land cover types. Although it is difficult to quan-
titatively compare fitted data to original data, the method clearly
achieves the stated goals of fitting local maxima, capturing inter-
annual variability, and remaining stable through data gaps and
winter months. This approach can be applied to any time series
of remotely sensed data and allows for consistent identification
of phenological parameters. The curve fitting procedure
presented here, which provides an improved identification of
inter-annual phenological characteristics and a more robustly
defined average annual phenology, has significant potential for
studies of local and regional phenology and long term land cover
change.

Algorithm Application Information
Please contact John_Hermance@brown.edu
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