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ABSTRACT

Aim Change in spring phenology is a sensitive indicator of ecosystem response to
climate change, and exerts first-order control on the ecosystem carbon and hydro-
logical cycles. The start of season (SOS) in spring can be estimated from satellite
data using different spatiotemporal scales, data sets and algorithms. To address the
impacts of these differences on trends of SOS, a Bayesian analysis is applied to
investigate the rate of SOS advance and whether that advance has slowed down or
changed abruptly over the last three decades.

Location 30°-75° N in the Northern Hemisphere.

Methods We applied four algorithms to three different satellite data sets
(AVHRR, Terra-MODIS and SPOT) to obtain an ensemble of SOS estimates. A
Bayesian analysis was applied to test different hypotheses of SOS trends.

Results Over the period 1982-2011, SOS is likely (74%) to have experienced a
significant advance best described by a linear trend (—1.4 + 0.6 days decade™). At
hemispheric and continental scales, deceleration or abrupt changes in the SOS
trend are unlikely (< 30%) to have occurred. Trend analysis restricted to the last
decade suggests no significant SOS advance since 2000. This lack of trend can be
explained by large interannual variations of SOS and uncertainties in SOS extrac-
tion, in the context of a short-term decadal-period analysis. Spatial analyses show
that SOS advance could have slowed down over parts of western North America,
and the SOS trend could have abruptly changed over parts of Canada and Siberia.

Main conclusions SOS advance is unlikely to have slowed down or changed
abruptly at a hemispheric scale over the last three decades. At a regional scale, SOS
advance could have slowed down or abruptly changed due to changes in winter
chilling or fire regimes. Trends of SOS derived from different satellites were within
the uncertainties of SOS extraction.

Keywords
Bayesian analysis, Northern Hemisphere, reversible-jump Markov-chain
Monte-Carlo, satellite data, spring phenology, trend change.

INTRODUCTION

(Penuelas et al., 2009; Richardson et al., 2013). Field data have
traditionally been collected for individual plants, but they are

Research interest into phenological changes has been increasing limited in their spatial representation (Cleland et al., 2007); On
because phenology is a sensitive indicator of climate change the other hand, long-term satellite imagery, such as NOAA-
(Menzel et al., 2006) and has impacts on the terrestrial water AVHRR data, provides land-surface phenology (LSP) estimates
and carbon cycles, with consequent feedbacks to climate at an ecosystem level (Stockli & Vidale, 2004). Despite the
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difference in scale from individual plant phenology, LSP esti-
mates enable studies to be carried out at regional or continental
scales (Tucker et al., 2001; Julien & Sobrino, 2009; Jeong et al.,
2011; Zeng et al., 2011).

Normalized difference vegetation index (NDVI) data were
first applied to the study of the start of the growing season in
spring (‘start of season, SOS) in the early 1970s (Henebry & de
Beurs, 2013). Since then, a number of studies have used NDVI
data to investigate changes in vegetation phenology across the
Northern Hemisphere (NH) (Tucker et al., 2001; White et al.,
2009; Jeong et al., 2011; Zeng et al., 2011). One major discovery
was a significant and widespread advance of SOS over the NH
during the 1980s and 1990s, although the magnitude of the
trend varied between studies (Stockli & Vidale, 2004; de Beurs
& Henebry, 2005a; Julien & Sobrino, 2009; Jeong et al., 2011).
As longer time-series of data have become available, however, a
few recent studies have suggested that the advancing trend of
SOS has stalled or even reversed since the late 1990s in regions
such as north-western North America or the Tibetan Plateau
(Yu etal, 2010; Jeong etal., 2011; Piao etal., 2011). For
example, Jeong et al. (2011) reported that SOS advanced across
the NH by 5.2 days from 1982 to 1999, but only by 0.2 days
from 2000 to 2008. This potential slow-down of SOS needs to
be carefully examined given its significant implications for
climate—vegetation interactions.

One of the major uncertainties associated with satellite-
derived phenology change lies in the different algorithms used
for interpreting NDVI change in terms of vegetation
phenophases. The choice of a particular algorithm strongly
affects estimates of spatiotemporal changes in vegetation
phenology (White et al., 2009). For instance, one recent study
showed that the trend of SOS in temperate China could vary by
a factor of five depending on the algorithm used (Cong et al.,
2013). Despite recognition of these uncertainties in phenology
detection (White et al., 2009; Cong et al., 2013), the effects of
different algorithms on the diagnostic of trends in SOS have not
been systematically studied. Thus, it is natural to question
whether the recently observed shift in SOS trend is robust to
the uncertainties induced by satellite phenology extraction
algorithms.

The objectives of this study are thus (1) to investigate whether
the SOS advance has slowed down or changed abruptly over the
last three decades and (2) to investigate how algorithms of
NDVI filtering in SOS extraction affect the statistics and
regional patterns of SOS trends. To address these questions, we
used four different algorithms to obtain SOS from satellite
NDVI, and then applied a Bayesian approach to infer 30-year
changes of SOS over 30°-75° N in the Northern Hemisphere.

MATERIALS AND METHODS

Data sets and preprocessing

We employed the third-generation NDVI data set (NDVI3g)
derived from the AHVRR (Advanced Very High Resolution
Radiometer) on-board NOAA (the National Oceanic and
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Atmospheric Administration) satellites. The NDVI3g data set is
currently available from 1982 to 2011 with images taken every
two weeks at 5-arcminute spatial resolution. A series of correc-
tions have been made in order to minimize the contamination
introduced by aerosols, clouds and changes in solar zenith angle.
The new generation of NDVI data includes corrections for
potential discontinuities (step changes) due to sensor change.
Previous studies have shown no step change in the entire course
of the 30-year data (Pinzon & Tucker, 2014), and have success-
fully applied this data set to study the change in vegetation
greenness and seasonality over the last three decades (e.g. Xu
etal., 2013).

Two additional NDVI data sets were also used: SPOT Vegeta-
tion (Satellite Pour ’'Observation de la Terre vegetation sensor)
and MODIS (Moderate Resolution Imaging Spectroradiometer).
The SPOT NDVI data set is derived from the sensor on board the
SPOT-4 and SPOT-5 satellites. Data are available at 10-day
temporal resolution and a spatial resolution of ¢. 1 km from
1999. Atmospheric contaminations were corrected using the
‘simple method for atmospheric correction’ (SMAC) algorithm
(Maisongrande et al., 2004).

The MODIS NDVI data set (Collection 5 of MOD13A2) is
derived from the MODIS sensor on board NASA’s Terra satel-
lite. Data are available at 16-day temporal resolution and 1-km
spatial resolution from 2000. The product has minimized cloud
contamination through the maximum-value composite pro-
cedure, and minimized the effects of anisotropy using the bidi-
rectional reflectance distribution composite (BRDF; Huete
et al., 2002). To make the detection of phenology from SPOT
and MODIS data comparable with AVHRR data, both NDVI
data sets were resampled to 10-km resolution before the appli-
cation of SOS extraction algorithms.

Daily freeze—thaw status of the ground was obtained from
passive microwave satellites that observe dielectric changes that
occur as the water in vegetation, surface snow and soil changes
between predominantly frozen and thawed conditions (Kim
et al., 2012). The data set divides the landscape into frozen or
non-frozen states as detected by microwave sensors on board a
series of satellites (SMMR and SSM/I). The data set has global
coverage from 1979 to 2010 with a spatial resolution of 25 km. It
has been used in recent studies to determine the period available
for vegetation growth (e.g. Xu et al., 2013). A detailed descrip-
tion of the data set can be found in Kim et al. (2012).

The climate data set used in this study was the reanalysis
product (ERA-Interim) from the European Centre for Medium-
Range Weather Forecasts (ECMWF). The data set has subdaily
temporal resolution available from 1979 to the present with a
spatial resolution of 0.75° (Dee et al., 2011). We defined presea-
son temperature as the average daily temperature during the 90
days before the SOS for each pixel. We chose this period because
the correlation between variations in SOS and preseason tem-
perature is strongest across 90% of the pixels when preseason is
defined as the period no more than 90 days before SOS (Jeong
et al., 2011; Cong et al., 2013).

Management practices could exert a strong influence on land-
surface phenology (LSP) dynamics. To minimize management
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impacts, agricultural land and urban areas were excluded from
our study. We further used a management intensity map
(Luyssaert et al., 2014) to exclude land areas with medium or
intensive management practices. Evergreen forests were also
excluded because of a lack of seasonality in NDVI time-series.

Extraction of SOS from NDVI time series

Four different algorithms — HANTS (harmonic analysis of time
series), spline, polyfit and timesat — were applied to satellite
NDVI data in order to obtain SOS estimates. The four algo-
rithms used here represent various approaches used to filter
potential data noise and reconstruct the seasonality in vegeta-
tion greenness. One or more of the algorithms have been used in
recent studies of LSP (e.g. Julien & Sobrino, 2009; Jeong et al.,
2011; Barichivich et al., 2013; Cong et al., 2013). SOS is defined
as the date at which the rate of increase of NDVT is highest. (See
Supporting Information for the detailed scheme of the SOS
extraction.)

Bayesian framework to determine SOS change

SOS trends are usually estimated by correlating or regressing
SOS time-series against time, using the least-squares method
(e.g. Jeong etal., 2011; Cong etal., 2013). The underlying
assumptions of a linear regression, however, including normal-
ity and homogeneity of variance, may not always apply to SOS
time-series, possibly resulting in spurious trends and biased sta-
tistical inferences (de Beurs & Henebry, 2005b). The alternative
Markov chain Monte Carlo (MCMC) method is able to produce
statistically unbiased estimates of trends under these conditions
because it can simulate the posterior probability of model
parameters when the observation errors do not follow a normal
distribution or the time-series has non-constant variations.
Changes in trend are usually detected either by setting a fixed
date (Jeong et al., 2011), or by breakpoint-detection algorithms
(e.g. de Jong eral., 2012). These methods could suffer from
temporally varying interannual variability in the time-series
(Forkel et al., 2013). The selection of trend models could also be
addressed using information criteria, such as the Akaike infor-
mation criterion or the Bayesian information criterion, but it
remains challenging for these methods to simultaneously
account for the uncertainties in the time-series data (see Sup-
porting Information). In this study, we used a Bayesian algo-
rithm (reversible-jump Markov chain Monte Carlo, RJ-MCMC)

Figure 1 Diagrammatical summary of (a)
the three candidate models used for
detecting changes in start of season
(SOS) over the period 1982-2011:

(a) linear model; (b) piecewise model
(‘piecewise’); and (c) model with an

SOS

T~

30-year change of spring vegetation phenology

to assess the probabilities of candidate models for SOS change,
and to estimate their parameters (see details in Supporting
Information).

Candidate models for SOS change

We included three models of SOS change: a linear model, a
piecewise model and a shift model (Fig. 1). The linear model
assumes a constant trend over the entire study period, whereas
in the other two, change in trend is either continuous (piecewise
model) or abrupt (shift model). These three models have 2, 4
and 5 parameters, respectively, and have been used to fit vegeta-
tion change in previous studies, but their results have rarely been
compared (de Beurs & Henebry, 2004, 2005a,b; Jeong et al.,
2011; Wang et al., 2011; de Jong et al., 2012; Barichivich et al.,
2013). They are described by the following equations:

Linear: y; =b, +byt; (1)
) ) b, +bt;, t; <bs

Piecewise: y; = (2)
b1+b2t,'+b4(ti_b3)> tiZhS

Shift _{bl+h2t,-, ti <b; 3)
O

where by, by, . .. bs are the fitted parameters, f; is the year and y;
is the SOS value of that year. Although some parameters might
share the same notation in three models (e.g. b, and b.), their
interpretations differ between models. A two-tailed #-test was
applied to examine the statistically significance of the fitted
parameters.

RESULTS

Spatial pattern of SOS

Mean SOS ranged from day 60 (early March) at lower latitudes
to day 170 (late June) in the Arctic, around a median value of day
126 (see Fig. 2 for the spatial distribution of 30-year average SOS
between 30° N and 75° N, estimated as the mean of the four
algorithms applied to AVHRR NDVI data). SOS occurred earlier
along the eastern coasts of the Atlantic and Pacific oceans than at
the same latitudes along the western coasts. The Rocky Moun-
tains, Scandinavian Mountains, Urals and the Tibetan Plateau
experience SOS later than the surrounding lower-elevation areas
(Fig. 2).

(b) (c)
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/
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abrupt change (‘shift’). Year
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Figure 2 Spatial distribution of the
30-year average start of season (SOS)
over 30°-75° N of the Northern
Hemisphere (NH) estimated by the
ensemble mean of the four SOS
extraction algorithms. The black line in
the right-hand panel shows the
longitudinal average SOS estimated by
the ensemble mean of each latitude. The
inter-algorithm range of the longitudinal
average SOS is shown in grey. The
differences of 30-year average SOS
estimated by four algorithms (see
Methods section) are shown in Fig. S1.
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Figure 3 Change in start of season (SOS) over the period 1982-2011 across (a) the Northern Hemisphere (NH), (b) North America, and
(c) Eurasia. In the upper panel, the black line and grey areas show the ensemble means and inter-model ranges of the SOS estimated by the
four algorithms. Coloured lines show different model fit to change in SOS (red, linear model; blue, piecewise model; yellow, shift model)
estimated by reversible-jump Markov chain Monte Carlo (R]-MCMC). The lower panel shows the posterior probability of the three models
under RJ-MCMC. Models with posterior probabilities below 0.1 are not shown in the upper panel. DOY, day of year.

Uncertainties due to different SOS extraction algorithms also
varied spatially. The range (maximum-minimum) of average
SOS dates from the four algorithms varied between 2 and 20
days at different latitudes (Fig. 2). South of 65° N, the inter-
method range was less than 2 weeks, but it increased to 3 weeks
in the Arctic. In the temperate zone, mean SOS values derived
from polyfit, spline and timesat were all similar, but estimates
from HANTS were systematically earlier than the other methods
(Fig. S1). In the Arctic, however, SOS values from HANTS and
timesat were similar, whereas those from polyfit and spline
tended to occur later (Fig. S1).

SOS change at hemispheric and continental scales

To study temporal change in SOS, we first examined the area-
weighted average SOS over the Northern Hemisphere between
30° N and 75° N (‘NH’ hereafter). There were positive anomalies
during the 1980s and early 1990s and negative anomalies in
1990, 1998, 2000 and 2010 (Fig. 3a). The earliest SOS on record
occurred in 2010. The inter-algorithm range of area-weighted
SOS (grey area in Fig. 3a) was about 6—7 days, and varied slightly
from year to year. Results from RJ-MCMC showed that SOS was
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most likely to have experienced a linear advancing trend over the
past 30 years (two-tailed t-test, P <0.01), because the linear
model had the highest posterior probability (74%) of the three
candidate models. The trend was —1.4 + 0.6 days per decade. The
likelihood of SOS advance having stalled since the mid-1990s
was 23% (Fig. 3a), and abrupt changes (at the scale of the huge
region considered here) were extremely unlikely (< 3%).
Because previous studies have suggested that NDVI trends
and variability differ between North America and Eurasia
(Barichivich etal., 2013), we also compared SOS changes
between the two continents. For North America, the linear
model was the most likely (62%) model to describe spatially
averaged SOS change (Fig. 3b), but the rate of SOS advance
(—0.8 £ 0.7 days per decade) was not significant (P> 0.10). We
found a 34% probability that the change of SOS over North
America was described by the piecewise linear model, with a
period of advance (—4.6 + 4.8 days per decade) before 1994 fol-
lowed by a period of delay (1.6 £ 7.2 days per decade) after 1994
(Fig. 3b). By contrast, spatially averaged SOS significantly and
consistently advanced over Eurasia with a trend of —1.7 £ 0.6
days per decade (P <0.01) (Fig. 3c). A linear trend model was
more likely to explain the data over Eurasia (79%) than over
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North America (62%). For both continents, abrupt changes are
extremely unlikely (< 4%; Fig. 3b,c).

SOS change at different latitudes

The SOS trends over North America varied latitudinally from
—2.8+£0.7 days per decade in the south to 1.4 £ 1.8 days per
decade in the north (Fig. 4a). Significant SOS advances were
only found south of 50° N, and slight delays in SOS were seen
north of 70° N. Results from RJ-MCMC showed that about 60%
of the latitudinal bands over North America did not exhibit a
high probability of trend change (Fig. S2a). One remarkable
feature, however, was that for a band of latitudes between 45° N
and 50° N, an abrupt SOS change had more than 50% probabil-
ity of having occurred (Fig. S2a).

Across Eurasia, positive anomalies of SOS were concentrated
at all latitudes in the 1980s and early 1990s, and negative ones in
1990, the late 1990s and the 2000s. All the latitudinal bands
showed SOS advance with trends from —4.8 £ 0.8 to —0.1 £ 0.5
days per decade (Fig.4b). We found that a stall in the SOS

(a) North America

30-year change of spring vegetation phenology

advance could have occurred between 40° N and 55° N (prob-
ability > 50%), with SOS over this region occurring later during
the late 2000s than the late 1990s (Fig. 4b).

Spatial patterns of SOS change

The linear model had the highest probability of the three can-
didate models over 55% of the study area (Fig. 5a—c). The
regions that are most likely to have experienced linear advance-
ment over the past three decades include the Arctic part of
North America, western and northern Europe, southern areas
of central Asia and the north-eastern part of East Asia. More
than 80% of the pixels showed SOS advance (Fig. 5f), with the
largest velocities (>3 days decade™) in Alaska, south-eastern
Canada and Europe (Fig. 5f). Other regions, such as northern
Canada, parts of northern Europe and East Asia showed mixed
patterns of SOS trends. One exception is western North
America and a few pixels in Quebec and Labrador, where a
delay in SOS of more than 1 day per decade was seen (Fig. 5f)
— regions where spring temperatures have not increased or
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Figure 5 Spatial distribution of the results from reversible-jump Markov chain Monte Carlo (RJ-MCMC). Posterior probability (%) for
(a) linear model, (b) piecewise model and (c) shift model; (d) turning point detected by the piecewise model; (e) breakpoint detected by
the shift model; (f) start-of-season (SOS) change (days decade™) estimated by the linear model; (g) SOS change before the turning point
estimated by the piecewise model; (h) SOS change before the breakpoint estimated by the shift model; (i) SOS change after the turning
point estimated by the piecewise model; (j) SOS change after the breakpoint estimated by the shift model. For panels (d), (g) and (i), only
pixels with a posterior probability of the piecewise model higher than 10% are shown. For panels (e), (h) and (j), only pixels with a
posterior probability of the shift model higher than 10% are shown.
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have even decreased (Fig. S3; Wang et al., 2011; Cohen et al.,
2012).

The piecewise model was found to be the most likely model
only in a few regions, but even in regions where the linear model
was the most likely, the probability of the piecewise model was
often not negligible (20-40% over much of the study area)
(Fig. 5b). The detected turning points (shown in Fig. 5d for
pixels where the probability of the piecewise model is higher
than 10%) were mostly found between 1996 and 2000, with 30%
of the turning points assigned to 1997. One major exceptions
was eastern Siberia, where turning points occurred after 2000
(Fig. 5d).

The abrupt change (shift) model is very unlikely (< 10%) to
have occurred in most regions, but it was the most likely in
some central Canadian forests and eastern Siberia (Fig. 5¢).
Unlike the turning point found by the piecewise model, the
breakpoint of abrupt change had considerable spatial
inhomogeneity, ranging from the early 1990s to the early 2000s
(Fig. 5¢). Adjacent areas could show large variation in the
breakpoints detected. For example, in eastern Siberia, break-
points seem to have occurred more widely after 2000, but there
are also many pixels in the region with a breakpoint found in
the early 1990s (Fig. 5e).

There are few regions, such as Mongolia and the Tibetan
Plateau, where the three models were recovered with similar
probabilities (Fig. 5a—c). A similarity between the posterior and
the prior probability distribution indicates that the SOS
derived from satellite data over these regions may not provide
sufficient information to separate the posterior probability dis-
tribution from the prior, leaving us with little confidence to
infer whether there has been any trend change in the SOS in
these regions.

SOS change in the most recent decade

Recent studies suggest that NDVT estimates obtained from dif-
ferent satellites could result in different estimates of SOS
change (e.g. Zeng etal., 2011). We therefore examined SOS
change over the last decade with the NDVI data sets from
AVHRR, MODIS and SPOT (Fig. 6a). Variance-decomposition
analysis shows that the variation in SOS estimates derived from
different satellites was about one-fifth of the variance in esti-
mates derived from different algorithms (Fig. S4). We further
examined the SOS change during the estimates’ period of
common availability (2000-2011) with linear-model MCMC
(Fig. 6b). SOS from SPOT showed the largest advance
(=5.3 £ 6.4 days decade™), whereas AVHRR showed a delay
(1.0 = 2.4 days decade™); SOS derived from MODIS showed an
intermediate change (—1.2 £ 10.5 days decade™). Although the
SOS changes derived from SPOT and MODIS data appear to be
close to each other, at least of the same sign, the SOS changes
estimated from the three data sets were not statistically signifi-
cant from zero (P> 0.10) (Fig. 6b), due to the short time-span,
large interannual variations and uncertainties from different
SOS extraction algorithms.

Global Ecology and Biogeography, © 2015 John Wiley & Sons Ltd
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DISCUSSION

SOS change over the last three decades

Our estimates of the rate of advance in SOS across the NH over
the last 30 years are smaller than previous satellite-based esti-
mates limited to the 1980s and 1990s, which gave rates of
advance from —1.9 to —8 days per decade (de Beurs & Henebry,
2005a; Julien & Sobrino, 2009; Jeong et al., 2011). As well as the
difference in spatial extent and whether or not uncertainties in
SOS extraction are considered, the slower rate of SOS advance
over the 30-year period than over the 20-year period might
indicate that the SOS advance has slowed down or reversed in
the last decade. This conclusion might be supported by analyses
of SOS change for the last decade (Fig. 6; Jeong et al., 2011),
but trend analyses for short periods are sensitive to natural
variability (Easterling & Wehner, 2009), particularly at the
beginning and the end of the period analysed (Cong et al.,
2013). The large interannual variations of winter and spring
climate significantly affect interannual variations in SOS
(Maignan et al., 2008). The end of the 1990s and early 2000s

(a)
140
S
> 130 1
[ih)
<
5 120
g —— AVHRR
& 1101 —— spoT
S —— MODIS
100

2000 2002 2004 2006 2008 2010
(b)

-
o
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s
o

SOS change (day decade")
ci_‘n fh o

GIMMS SPOT MODIS

Figure 6 (a) Change in start of season (SOS) over the Northern
Hemisphere (NH) during the period 2000-2011 estimated with
three NDVI data sets derived from different satellite sensors
(AVHRR, Advanced Very High Resolution Radiometer; SPOT,
Satellite Pour I’Observation de la Terre; MODIS, Moderate
Resolution Imaging Spectroradiometer). (b) Rate of change of
SOS over the NH over the period 2000-2011 estimated by
linear-model Markov chain Monte Carlo (MCMC). SPOT data
were available for 1999-2011, and MODIS data were available
during 2000-2011. Solid lines in (a) show the ensemble mean of
SOS detected by the four methods, and the shaded area shows the
inter-method range of SOS.
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saw warm springs that were even warmer than many of the
years in the 2000s (Fig. S5). Such climatic events could lead to
a few SOS anomalies, resulting in apparent trend changes
(larger trend before the event and small or reversed trend after-
wards). This signal could also be blurred or amplified by poten-
tial errors in SOS algorithms. Thus, a contrasting trend in the
last decade is not sufficient evidence for a trend change
(Easterling & Wehner, 2009). By considering the interannual
variations of the SOS and the uncertainties in SOS extraction,
our Bayesian analysis suggests that we have less than 30% con-
fidence that a trend change in SOS has taken place at hemi-
spheric scale (Fig. 3). The 30-year change in SOS over the NH
is best described by a linear advance with a trend of —1.4 £ 0.6
days per decade. Interestingly, this rate is well within the range
of long-term (longer than 30 years) ground-based phenological
studies (e.g. Menzel & Fabian, 1999; Beaubien & Freeland,
2000; Schwartz & Reiter, 2000).

There are large spatial differences in SOS trends between dif-
ferent continents and latitudes. Consistent with the findings of
White et al. (2009), we found no significant SOS advance over
North America, whereas the SOS across Eurasia has advanced
significantly over the past three decades (Figs 3 & 4; Barichivich
etal., 2013). This is probably associated with less spring
warming in North America than in Eurasia (Cohen et al., 2012)
because spring phenology is a sensitive biological indicator of
climate change (Menzel et al., 2006). The sensitivity of spring
phenology to climate change varies, however, between different
locations and species (e.g. Maignan et al., 2008). Such differ-
ences could be an important driver of the spatial differences in
SOS trends. For example, higher latitudes of the NH experi-
enced more dramatic warming than lower latitudes (Hassol,
2004), but the rate of SOS advance at higher latitudes is less than
at lower latitudes (Fig. 4). This seems to imply that SOS is less
sensitive to warming at higher latitudes than at lower latitudes,
a phenomenon which may result from photoperiod limitation
(Korner & Basler, 2010) or other climatic factors, such as pre-
cipitation or variability in temperature (Penwuelas ef al., 2004;
Wang et al., 2014).

Despite the linear SOS advance across most of the NH over
the last three decades, extrapolating it into proportional SOS
advance under future warming would be unwarranted. In parts
of eastern and western North America, for instance, the
piecewise model has a higher probability than the linear model,
with a reversal of the trend occurring in the mid-1990s (Fig. 5).
This is consistent with the findings of Pope et al. (2013), who
observed a reversal of leaf-out date in the mid-1990s in Califor-
nia, although the mechanism for this trend reversal awaits better
understanding. It could result either from the stall or reversal of
spring temperature (Piao et al., 2011; Wang et al., 2011) or from
the lack of winter chilling (endodormancy) under warmer con-
ditions (Yu et al., 2010; Cook et al., 2012; Pope et al., 2013). Our
spatial analysis does not appear to support the latter theory,
because the reversal of SOS only occurred in a small proportion
of the study area that experienced warming over the past three
decades. The small proportion of area showing SOS reversal
could, however, also be explained by the presence of a minority
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of species responding for instance to a lack of winter chilling
over temperate ecosystems (Cook et al., 2012), or by the pos-
sibility that chilling requirements could have been generally ful-
filled under contemporary climate conditions for vegetation
north of 40° N (Zhang et al., 2007). If a lack of winter chilling
was indeed the primary driver for the changing trend of SOS,
slow-downs or reversals of SOS should be expected to become
more and more widespread in the future as temperature
increases further.

On the other hand, an abrupt change of SOS is also found in
a very small fraction of the NH (Fig. 5). Such abrupt changes
could be related to large-scale disturbances, such as land-use
change, forest-cut or large fires (de Jong etal., 2012). The
regions most likely to have experienced abrupt SOS change
include parts of central Canada and Siberia, where fire is an
important driver of ecosystem dynamics (Sheng et al., 2004;
Bond-Lamberty et al., 2007). For example, fires burn around
four million hectares of Russian forests per year, and the area
burnt is increasing (Hassol, 2004). The impacts of forest and
peatland fires on vegetation phenology have attracted much less
attention than climatic factors, but fires are able to significantly
alter SOS and the regime of SOS change in pre-fire and post-fire
periods (Peckham et al., 2008; Risberg & Granstrom, 2009).

The occurrence of both continuous and abrupt trend changes
in a few regions highlight that a non-linear response of SOS to
climate change (Cook et al., 2012; Pope et al., 2013) could have
taken place over areas such as western and boreal North America
and Siberia. With increasing frequency of forest fires expected in
the warmer future (Flannigan et al., 2009), fire regime could
become an important driver of LSP change over the fire-prone
boreal ecosystems. It should be noted that, despite our efforts to
consider various uncertainties, it is still imprudent to fully rule
out the possibility that some data noise could have contributed
to the trend change; detailed regional assessments could thus
help for further validation.

Uncertainties in SOS extraction and its implications
for trend deduction

Methodological differences have previously been recognized as
one of the major reasons for the discrepancies in satellite-
derived SOS change detected by different studies (White et al.,
2009; Jeong et al., 2011; Cong et al., 2013). These uncertainties
are primarily caused by the different filtering functions used to
fill data gaps and to minimize the impact of contamination
remaining in the NDVI data sets (Cong efal., 2013). For
example, larger intermethod differences were found for SOS at
higher latitudes (Fig.2), which might be counterintuitive
because higher latitudes usually have a more distinct seasonal
cycle. Although the seasonal change in NDVTI is larger at higher
latitudes, the growing season is shorter, particularly in the Arctic
zone, where the growing season can be less than three months.
The shorter growing season renders fewer meaningful NDVI
observations, given the fixed temporal resolution of NDVI data,
and thus fewer constraints on the filter, resulting in larger SOS
differences among different methods used.

Global Ecology and Biogeography, © 2015 John Wiley & Sons Ltd



To the best of our knowledge, this is the first study to explicitly
consider the uncertainties in NDVI filtering methods in SOS
extraction from satellite data when deducing the historical
change of SOS. We argue that the uncertainty in SOS extraction
should not be dismissed in such a deduction, because it signifi-
cantly affects the statistical interpretation. For example, in a
statistical experiment, if we reduce the inter-algorithm range of
SOS by 30% over NH, the posterior probability of the piecewise
model will increase by 8%.

Finally, recent studies have indicated that contemporary
Earth system models needed to improve their representation of
vegetation phenology (Jeong et al., 2013; Richardson et al.,
2013). The rich information provided by the spatiotemporal
changes in SOS could, on the one hand, help better understand
the mechanisms of how climate change drives SOS. On the other
hand, with the explicit representation of uncertainties in the
satellite-based observations, we could either confront the
models with SOS change or assimilate the SOS change in
order to gain confidence in predicting the future evolution of
SOS dynamics and its effects on the carbon and hydrological
cycles.
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Figure S1 Spatial distribution of the average start of season
(SOS) over the period 1982-2011, estimated by four different
methods.
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Figure S2 Posterior probability (%) of the candidate models for
30-year start-of-season (SOS) change in each 0.5° latitudinal bin

from 30° N to 75° N.

Figure S3 Spatial distribution of preseason temperature change
over the period 1982-2011.

Figure $4 Inter-satellite and inter-algorithm variance of start of
season (SOS) over the period 20002011 for three satellites and
four algorithms.
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