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Abstract

Leaf phenology describes the seasonal cycle of leaf functioning. Although it is essen-
tial for understanding the interactions between the biosphere, the climate, and biogeo-
chemical cycles, it has received little attention in the modelling community at global
scale. This article focuses on the prediction of spatial patterns of the climatological
onset date of leaf growth for the decade 1983-93. It examines the possibility of extra-
polating existing local models of leaf onset date to the global scale. Climate is the
main variable that controls leaf phenology for a given biome at this scale, and satellite
observations provide a unique means to study the seasonal cycle of canopies. We com-
bine leaf onset dates retrieved from NOAA/AVHRR satellite NDVI with climate data
and the DISCover land-cover map to identify appropriate models, and determine their
new parameters at a 0.5° spatial resolution. We define two main regions: at temperate
and high latitudes leaf onset models are mainly dependent on temperature; at low lati-
tudes they are controlled by water availability. Some local leaf onset models are no
longer relevant at the global scale making their calibration impossible. Nevertheless,
we define our unified model by retaining the model that best reproduced the spatial
distribution of leaf onset dates for each biome. The main spatial patterns of leaf onset
date are well simulated, such as the Sahelian gradient due to aridity and the high lati-
tude gradient due to frost. At temperate and high latitudes, simulated onset dates are
in good agreement with climatological observations; 62% of treated grid-cells have a
simulated leaf onset date within 10days of the satellite observed onset date (which is
also the temporal resolution of the NDVI data). In tropical areas, the subgrid heteroge-
neity of the phenology is larger and our model’s predictive power is diminished. The
difficulties encountered in the tropics are due to the ambiguity of the satellite signal
interpretation and the low reliability of rainfall and soil moisture fields.
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Introduction

Phenology is the study of the timing of recurrent
biological events and the causes of timing with regard
to biotic and abiotic forces (Lieth 1975). This article
focuses on leaf phenology in general, and on the
climatological onset of leaf growth, in particular.
Usually defined as the time evolution of the leaf-area
index (LAI), leaf phenology depends primarily on the
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climatic conditions for a given biome. It strongly affects
land-surface boundary conditions and the exchange of
matter and energy with the atmosphere, influencing the
surface albedo, roughness, and dynamics of the terres-
trial water cycle. Changes in the phase of LAI evolution
may therefore have impacts on climate (Chase et al. 1996;
Betts etal. 1997; Botta 1999). Leaf phenology also affects
the terrestrial carbon cycle. Myneni etal. (1997) and
Menzel & Fabian (1999) have recently highlighted the
importance of ongoing large-scale changes of phenology.
Besides, Goulden et al. (1996) have correlated changes in
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phenology with variations in carbon uptake at the stand
level

Therefore, it is crucial to account for changes in
phenology to accurately simulate seasonal cycles in
coupled biosphere/atmosphere climate models, in ter-
restrial biogeochemical cycle models, and in vegetation
dynamics models. To date, the leaf onset date of such
models has been either prescribed (Ruimy etal. 1996;
Sellers etal. 1996) or parameterized using very simple
methods (Haxeltine & Prentice 1996). In some cases,
these parameterizations have been tested against pheno-
logical observations, but generally only for mid and high
latitudes (Kaduk & Heimann 1996; Friend et al. 1997).
More realistic leaf onset models based on plant physio-
logical principles developed at the stand level have
recently been extrapolated for the United States by White
etal. (1997). However, very little work has been carried
out so far on leaf onset in arid and semiarid regions,
where phenology is controlled predominantly by water
availability. The aim of the present study is to use
satellite observations to extrapolate different process-
based phenological models established at the stand level,
and reproduce the global-scale spatial distribution of the
climatological leaf onset date for 1983-93.

In the following section, we describe the input
datasets, the land-cover map, the leaf onset date
retrieved from the temporal evolution of the NDVI
index, and the gridded climate and soil moisture fields.
In the second section, we review the leaf onset models
applied previously at the stand level for different
vegetation types or biomes. We then construct one or
several models for each biome and calibrate them using
climate data and satellite onset dates averaged for 1983—
93 at a 0.5° spatial resolution. In the final section, we
define our global unified model by incorporating the
stand-level models that best reproduce the spatial
variability of leaf onset date for each biome.

Input datasets

Both the land-cover map and the global leaf onset dates
are retrieved from satellite observations, using primary
NOAA/AVHRR measurements.

The land-cover map

In order to establish a land-cover map consistent with the
satellite dataset used to infer the observed leaf onset
dates, we chose the DISCover global land-cover dataset
(Loveland & Belward 1997). This dataset was derived
using monthly NDVI from 1992 to 1993 1-km AVHRR. It
distinguishes 14 vegetation types and 2 types of bare soil.
We determine the dominant vegetation type first at 8-km
resolution and then at 0.5° resolution, the working

resolution of our unified onset date model. Because a
single vegetation type covers more than 50% of the
surface in 86% of the 0.5° pixels, we expect spatial
aggregation to retain most of the original information.
Figure 1(a) shows the DISCover map aggregated at 0.5°
resolution.

We excluded the evergreen broadleaf forest biome
from our analysis as it has little or no leaf seasonal cycle.
We also excluded croplands, whose phenology depends
largely on management practices (e.g. irrigation, fertili-
zation) and crop types. However, we included the mixed
biome crop/natural vegetation mosaic, assuming that
natural vegetation dominates the satellite-derived phe-
nological signal. We focused our attention on deciduous
biomes; however, the DISCover classification of decid-
uous contains areas where no seasonal cycle is detected
by satellite imagery. For example, the open shrubland
biome constituted by scrubs and grasses mixed with bare
soil is deciduous, but the seasonality of its NDVI cycle is
too low to detect an onset date over 62% of its surface at a
0.5° resolution. Such pixels are therefore excluded from
the study. Conversely, the evergreen needleleaf forest
biome exhibits a pronounced NDVI seasonal cycle. This
cycle is due predominantly to changes in snow cover, but
it is also linked to the leaf onset of the deciduous
understorey and to an increase in the photosynthetic
activity of conifer needles. A comparison with dates of
snow melt sensed remotely from the SSM/I instrument
demonstrated that the snow cover always disappears
several days before the leaf onset date retrieved from
NDVI evolution (Botta 1999). Thus, we assume that the
onset date detected in the NDVT is due to leaf phenology,
and we included this biome in our analysis.

In the DISCover classification a single biome may exist
both in tropical and boreal regions (e.g. woody savannah
in Fig.1a). To study phenology, we need to subdivide
biomes according to their climate regime in order to
define and apply the suitable model. To do so, we first
separate biomes where temperature controls the onset
date from biomes where other factors, predominantly
water availability, also intervene. In the following, we
use the terms ‘temperature controlled” and ‘water
controlled” to refer to this distinction. We base the
subdivision on three climate criteria: the annual mean of
the daily mean temperature (Timean), the coldest daily
mean temperature of the year (T.), and the annual range
in daily temperature (Ar=T,,~-T. where T, is the
warmest daily mean temperature of the year).
According to the region, the prefix ‘cool” or ‘warm’ is
added to the biome name (Table1). Some partitions are
obvious, such as for woody savannahs or closed shrub-
lands. Others as for grasslands or mixed forests are more
arbitrary.
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The leaf onset inferred from satellite measurements

The NDVI is the difference between near-infrared and
visible reflectance of land-surface normalized by their
sum. The differential response of vegetation and bare soil
characterizes the phenological state of vegetation (Rouse
etal. 1974; Justice etal. 1985). We used the NOAA-
AVHRR Pathfinder dataset with a 10-day time-step and
an 8-km spatial resolution (Townshend 1994). The data
were corrected using the Best Index Slope Extraction
(BISE) algorithm, in order to reduce the effect of cloud
contamination, atmospheric interference, and bidirec-
tional reflectance (Viovy et al. 1992).

The method for determining the leaf onset date from
the NDVI time-series is described in Moulin et al. (1997).

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725

The retrieved onset dates account for the whole
ecosystem phenology at the landscape level, and include,
in principle, tree canopies and understorey plants.

We adjusted the leaf onset dates from 8 km to our 0.5°
model resolution, using our modified version of the
DISCover land covermap. The onset date at 0.5° resolu-
tion is obtained by averaging the data for the 8 km pixels
covered by the dominant biome at 0.5° resolution. At the
0.5° resolution, the retrieved onset dates over the period
1983-93 show that 79% of the pixels exhibit interannual
variation of onset date of less than 10 days, a value lower
than the satellite temporal resolution. Moreover, within
any given biome, the spatial variability of the onset dates
among 0.5° pixels is generally larger than the interannual
variability within each 0.5° pixel. That legitimizes the
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Table1 Subdivision of biomes as defined by the DISCover land-cover map. Ar, T, and Tpean are, respectively, the annual range, the
coldest, and the annual mean of daily mean air temperature. The number of 0.5° pixels (NbP) does not include those where the
algorithm of Moulin etal. (1997) fails to detect an onset date. ¥, areas for which we model the phenology (95% of unmasked 0.5°

pixels)

Biome criteria (°C) Subdivision NbP Region
Cool evergreen needleleaf forest Tmean <10 3475* Bor.

Warm evergreen needleleaf forest Tmean =10 205 Tropical
Cool deciduous needleleaf forest/Woodland 1859* Bor.

Cool deciduous broadleaf forest Tmean <15 903* Temp.
Warm deciduous broadleaf forest Tnean =15 285 Tropical
Cool mixed forest T.<0 3982* Bor./Temp.
Warm mixed forest T.=0 123 Tropical
Cool closed shrubland Tc<0 859* Arct./Bor.
Warm closed shrubland T.=0 343 Tropical
Cool open shrubland Ar>20or T.<5 947* Bor./Temp.
Warm open shrubland Ar<20and T.=5 389 Tropical
Cool woody savannah T.<0 3722* Arct./Bor.
Warm woody savannah T.=0 1635* Tropical
Warm savannah 2483* Tropical
Cool grassland Ar>20or T.<5 2780* Temp.
Warm grassland Ar<20and T.=5 618* Tropical
Cool permanent wetland T.<0 908* Bor./Temp.
Warm permanent wetland T.=0 13 Tropical
Cool crop/Natural vegetation mosaic Tmean <15 3346* Temp.
Warm crop/Natural vegetation mosaic Tmean = 15 1510* Tropical

computation of a temporal average of the onset dates
over the entire NDVI 1983-93 period, with the exception
of years 1991 and 1992, which are corrupted by the
screening of aerosols emitted by the Pinatubo eruption
(Vermote et al. 1994). Therefore, we excluded these two
years to produce mean satellite onset dates over the
1983-93 decade. Finally, we ignored those 0.5° pixels
where our algorithm failed to detect an onset date for at
least one year; these occurred primarily in transition
zones between evergreen and deciduous tropical forests.

The spatiotemporal scatter of onset date within a 0.5°
pixel generates an overall standard deviation o), that we
decompose into two terms. First, we compute the
spatiotemporal standard deviation ¢ of onset date within
0.5°. If we assume that the 8-km pixel onset dates within
a 0.5° pixel are independent, the uncertainty is divided
by the square root of 1, the number of observed onset
dates over the study period (the maximum of 7 is 50 8-
km pixels times 9 years). However, this latter assumption
may underestimate o, because adjacent 8-km pixels do
not have independent edaphic and climatic conditions.
Therefore, the uncertainty due to spatiotemporal scatter-
ing is between oand \/0?/n. Secondly, uncertainty arises
from the time-resolution of the NDVI time series. The
maximum composite NDVI of the Pathfinder dataset is
the highest daily value over 10 days, in order to minimize
clouds attenuation. This sampling produces an error that
is not reduced by the subsequent averaging over the 0.5°

pixel (0uar). We estimate o5, from the standard deviation
of a square 10-day wide distribution, as given by:

R 1oxzd 1oxd 2 s
asm:L 0 x—(L 10 x) =833 days”. (1)

The overall variance (0'/,2) is then given by:

2-T1, 2
In summary, the spatial distribution of the onset dates at
0.5° resolution is shown in Fig.2, and the pertaining
uncertainties (o,) in Fig.3. Large values of o, are
obtained in the several dry areas and within rapid
transition zones between different biomes (e.g. moun-
tains). In such areas, the subgrid heterogeneity of climate
is great, and so the mean onset date is meaningless. Thus,
in the water-controlled zone we have excluded open
shrublands and closed shrublands; in the temperature
controlled zone, we have excluded permanent wetlands,
deciduous broadleaf forests, and mixed forests.
Figure1(b) shows the biomes for which we have
attempted to model phenology.

Global climate and soil moisture fields

Our leaf onset models require two input climate data: air
temperature or soil moisture. The climate data were
derived from the ERA-15 reanalysis of the European

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725
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Onset date of vegetation growth retrieved from satellite NDVI
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Fig. 2 Spatiotemporal mean of leaf onset dates at 0.5° resolution for 1983-90 and 1993 retrieved from AVHRR composite NDVI. We first
computed the onset date at 8-km resolution for each of the nine years using an algorithm derived from Moulin et al. (1997). The mean
value at 0.5° resolution over the whole time period is then defined, including only the 8-km pixels covered by the dominant biome at
0.5°. Areas where our algorithm fails to detect an onset date from the NDVI signal at least for one year are shown in white.

Uncertainty of onset date retrieved from satellite NDVI
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Fig. 3 Uncertainty of the satellite-derived onset date at 0.5° of Fig.2. This uncertainty is due to the spatiotemporal aggregation (nine
years and a maximum of 49 8-km pixels) and to the satellite sampling of 10 days.

Center for Medium-Range Weather Forecasts (ECMWE)
model, available at a 1° spatial resolution over the study
time period (Gibson etal. 1996). Reanalysis involves
assimilating, at each 6-h time-step of a global weather
forecast model, a set of ground and satellite meteorolo-
gical observations to correct the model deviations. Daily
mean air temperature is taken directly from ECMWF
model reanalysis. As the reanalysis of rainfall is less

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725

reliable, we have corrected the data with 5° monthly
rainfalls from NCDC (regridded at the ECMWF resolu-
tion; Bissinger 1992; Eischeid etal. 1995; Gibson etal.
1997). Daily rainfalls are obtained by applying the
average daily variability of the ECMWF rainfall to the
monthly NCDC data. Soil moisture is then computed
using the land-surface scheme SECHIBA (Ducoudré et al.
1993), forced by the corrected ECMWEF reanalysis climate
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fields. The relative soil moisture (rsm), the relevant
variable for phenology, depends on the soil type through
the wilting point (wilt) and field capacity (fc) values:

asm — wilt

S = —————,
fc — wilt

(3)

where asm is the absolute soil moisture.

Models of leaf onset

The onset of vegetation growth is controlled either by
abiotic factors, such as climate or soil type, or by biotic
factors, in a manner analogous to endogenous control or
competition between species. At the spatial resolution of
available globally gridded climate data, biotic factors
would be very difficult to model. Fortunately, with the
exception of tropical rain forests they are not predomi-
nant in controlling the leaf onset date (Reich 1994).

The physiological processes involved in triggering leaf
onset are still not fully understood. Models ordinarily
use one of two main approaches. A few studies have
computed leaf onset based on the optimization of
resources (Kindermann efal. 1993; Kikuzawa 1995), but
most adopt an empirical approach using bioclimatic
factors to define the climate factors that limit leaf onset
(e.g. drought, light, or frost). We follow the second
approach as being the more common in the literature.
The first step is the identification of limiting factor(s) for
leaf onset for each biome. Temperate deciduous forest is
the most studied biome. Several models of leaf onset date
based on temperature have been developed. Earlier
works have assumed that the parameters controlling
bud development are related linearly to temperature. For
instance, according to de Réaumur (1735), leaf onset
occurs when the sum of average daily temperature above
a given threshold, accumulated from a starting date (1
January) reaches a prescribed value. Later experiments
have identified the need to incorporate other factors such
as light and chilling conditions, which influence the
temperature dependency of leaf onset (Vegis 1964;
Garber 1983). Some models have determined the thermal
control on leaf onset using the duration of the photo-
period, since longer days promote the onset of vegetation
(Nizinski & Saugier 1988), and different strategies have
been developed to introduce chilling requirements
(Sarvas 1972; Cannell & Smith 1986; Hari & Héakkinen
1991; Hanninen 1994). When applied in a range of sites,
however, more sophisticated models do not necessary
produce better results (Hunter & Lechowicz 1992)*.

*For more details about phenological models of temperate
deciduous forest see Kramer (1996).

Very few studies have been carried out on leaf onset in
other natural biomes. Over boreal and arctic regions, soil
frost is likely to be the principal factor delaying the onset
of vegetation, by controlling water availability in
permafrost areas (Bertrand etal. 1994; Waelbroeck efal.
1997). Grassland phenology is controlled both by soil
moisture and temperature depending upon the particu-
lar climatic regime (Dickinson & Dodd 1976; Pitt &
Wikeem 1990; Stewart & Dwyer 1994). In the tropical
savannahs and seasonal tropical forests, the principal
factor is soil moisture, although other variables like soil
type can also play a role (Farrar et al. 1994; Le Roux 1995).

We have selected only those phenological models that
require input data at the global scale. Such models are
either applied directly, or adapted where necessary, in
order to have at least one model for each biome. Overall,
we have chosen six models to apply to the different
biomes.

Model 1: boreal and arctic biomes. The end of soil frost is
estimated from the accumulated ‘growing days’, since
reliable soil temperature data are not available. The
number of growing days (NGD), defined as the number
of days during the preceding two months on which the
daily mean air temperature is above a certain threshold
(Ttw=-5°C), is the phenology-driving parameter. Leaf
onset occurs when NGD exceeds a critical set value
(NGD.), determined by the model.

Models 2a and 2b: temperate and boreal biomes. The effect
of temperature on leaf onset is estimated using ‘growing
degree days’ (GDD). We sum the daily mean air
temperature above an arbitrary threshold (Ty,=-5°C or
0°C, according to the biome) for a fixed period of time
(N=10, 20 or 30days). Leaf onset occurs when GDD
reaches a critical value (GDD,). In model 2a, GDD,. is
fixed, whereas in model 2b GDD,. decreases with the
photoperiod P (Nizinski & Saugier 1988). The three
parameters (a, b and c) are determined with the following
equations:

t
GDD(t) = Y " Max(T — Ty, 0) and GDD(t) > GDD, (4)
t—N

GDD, = a for model 2a (5)

GDD, = Cpbl_) 7 for model 2b. (6)

Model 3: boreal and temperate biomes. This model
combines heat and chill requirements assuming that an
increase in chilling days reduces the plant’s GDD
demand (Cannell & Smith 1986; Murray etal. 1989). A
chilling day has a daily mean air temperature below a

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725
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particular threshold (Ty,=0°C or 5°C depending on the
biome). We use the method of Murray etal. (1989),
starting summation from fixed dates: 1 November for the
number of chilling days (NCDyjoy) to cover the major part
of the dormant period, and 1 January for growing degree
days (GDDy,,). In this study, the cool biomes are
exclusively in the Northern Hemisphere; the use of fixed
dates is then possible. The onset date occurs when the
observed GDDy,, exceeds a critical value, which is an
exponential function of NCDyo,. We thus have to
determine three parameters (4, b and c), according to
the following equations:

t
GDDjay(t) = Y Max(T — Ty, 0) (7)
Janl

and GDDjy, () > a + b*e@NDPve®) with ¢ < 0. (8)

Models 4a and 4b: tropical biomes. Adopting the
approach of Le Roux (1995), model 4a determines a
critical value of relative soil moisture that initiates
vegetation growth. Relative soil moisture is defined in
the description of the climate dataset above. Because
results from SECHIBA runs are used for the soil moisture
field, only the first metre of the soil column is considered
in this estimation. Model 4b assumes that leaf onset lags
behind the accumulation of water in the soil, the lag
being specific for each biome. We estimate the onset date
of the soil hydrological cycle (D) as the first 5-day period,
from 1 January for Northern Hemisphere and from 1 July
for the Southern Hemisphere, with increasing soil
moisture. However, we need to filter out small rises of
soil moisture, not sufficient to trigger a leaf onset
detectable by satellite. For the 25days after D, the
number of days with increasing soil moisture is required
to be greater than the number of days with decreasing
soil moisture. The time lag between D and the leaf onset
date is parameterized. Because model 4b does not
employ a fixed value of relative soil moisture, it can
represent regional adaptation to soil type or orographic
influence at the model scale.

Determination of phenological model
parameters

Method

For each biome, we used satellite leaf onset dates and
climatic data to retrieve the observed spatial distribution
of the model parameters (e.g. NGD. or GDD,). The
method of calibration used depends on the kind of
model:

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725

o We estimate the constant parameter (model 1, 2a, 4a
and 4b) as the main mode (X) of the frequency
distribution of the observations, and calculate its stan-
dard deviation (ox). When no mode can be identified, we
reject the model for the studied biome. White et al. (1997)
estimate the optimal parameter by minimizing the
difference between observed and simulated onset dates.
However, we will demonstrate on an example (below)
that our method is more appropriate for isolating
multiple modes and for filtering out atypical data.

e For models based on a relationship between two
variables (model 2b and 3), we plot the variables for all
0.5° pixels belonging to the biome, and apply a least-
squares fit regression. The uncertainty of each parameter
is also calculated. We reject the model if * is lower than
0.5, to ensure that the relationship reproduces at least
50% of the variability of the observed signal.

Results

Distinct biomes may have identical parameterizations
regardless of the model used. This was the case for
models 1 and 2a over cool closed shrubland and cool
woody savannah (Tables 2 and 3). We attribute this to the
similar phenological behaviour of the biomes, which are
usually aggregated into a single biome often called
‘tundra’ in other classification schemes (Haxeltine &
Prentice 1996). We also found similar NGD, parameter
values for cool deciduous needleleaf forest/wood, cool
mixed forest and cool permanent wetland (Table2). As
displayed in Fig.4, we aggregated these three biomes
and defined a common NGD, of 15days. A simple linear
average of the NGD, distribution would yield a NGD of
23 days, while minimizing the difference between ob-
served and simulated onset dates would yield a NGD, of
21 days. Those methods capture the mean behaviour of
the entire biome, but ignore the existence of a dominant
mode of phenological functioning.

We managed to define model 1 parameters for arctic
and boreal biomes only by using the arbitrary threshold
of -5°C (Table2). Arctic biomes (cool woody savannah
and cool closed shrubland) require larger NGD, to
initiate their growing season than boreal biomes (25
and 15days, respectively). We interpret this to be a
consequence of a longer soil thawing period in the arctic.
Some biomes exhibit spatially heterogeneous phenologi-
cal behaviours, e.g. cool evergreen needleleaf forests.
Figure5 shows two primary modes: one for North
America (NGD.=14days) and the other for Northern
Europe (NGD.=23days) This bimodal behaviour is
likely due to climatic differences between the two
continents. North America has a more continental
climate, with colder winters than northern Europe
(colder Tpean and Ty).
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Table 2 Global-scale calibration of the

Biome T (°C) NGD. (days) model 1, the critical number of growing
days (NGD,) is estimated by the main
Cool evergreen needleleaf forest (Europe) -5 2313 value (X) and the scatter (oy) of the
Cool evergreen needleleaf forest (America) -5 14 = 28* observed distribution of this parameter
Cool closed shrubland -5 25*14 (NGD.=X = 0x). Some biomes show
Cool woody savannah =5 2514 asymmetric scattering of NGD, around X
Cool deciduous needleleaf forest/Woodland -5 15+ 18* *
Cool permanent wetland -5 15+ 18*
Cool mixed forest -5 15+18*
Table 3 Global-scale calibration of the
Biome T (°C) GDD, (°C*days) model 2a, the critical value of growing
degree days (GDD.) is estimated as
Cool closed shrubland -5 125+ 68 NGD, in Table2
Cool woody savannah -5 125+ 68
Cool deciduous broadleaf forest 0 180+ 72
Cool crop/Natural vegetation mosaic 0 13580
Cool grassland -5 240 =113
Cool open shrubland -5 20093

Model 2a appears suited to predict the leaf onset date
for arctic and temperate biomes using arbitrary thresh-
olds of -5°C and 0 °C, respectively (Table 3). However, it
shows no dominant mode for boreal forests. The
calibration of model 2b yields no result for any of the
biomes, including the cool deciduous broadleaf forest
biome for which it was originally developed at the local
scale. This suggests that while such a model may be
accurate at the local scale, it does not provide a good
description of the leaf onset date at a larger scale. GDD
and photoperiod of 0.5° pixels covered by this biome
computed using the same counting period (N =10days)
as Nizinski & Saugier (1988) are plotted in Fig. 6(a). The
field observations used by Nizinski and Saugier and the
associated fit are also shown. Clearly, the local model
cannot be scaled up as no relationship is observed
between the two variables. There are several reasons why
the extrapolation of model 2b fails. First, the observations
of Nizinski and Saugier are from Fontainebleau forest in
France, which is covered by croplands at the 0.5° pixel
resolution. Secondly, in order to evaluate the spatial
heterogeneity of phenology within a biome, we isolated
the 0.5° pixels corresponding to the scattered points
surrounding the local data (Fig.6a), which are all the
American cool deciduous broadleaf forests. But even in
these regions, we could not fit a curve (with *>0.5).
Thirdly, the onset dates derived from satellite NDVI
correspond to 25% of greenness of the whole biome,
while the field observations are real first flushing dates of

oak trees. Lastly, it seems that even within the cool
deciduous broadleaf forests there is a large heterogeneity
in the phenological response to photoperiod. Hunter &
Lechowicz (1992) have shown that photoperiod is less
efficient than heat and chilling requirements for phenol-
ogy prediction in temperate deciduous forests when
applied to different sites.

For the cool deciduous broadleaf forests, we instead
apply model 3 using Ty, =5°C, as in Murray et al. (1989).
Murray et al. isolated five relationships between NCDyoy
and GDDy,,, according to tree species. Figure 6(b) shows
only the two extreme curves and our global observations
of GDDj,, vs. NCDnjoy- In this case, most of the 0.5° pixels
follow the same relationship as in Murray etal. It is then
possible to compute an exponential fit to the observations
(Table 4).

Model 4a could not be calibrated in the tropics. A fixed
value of relative soil moisture does not seem to be able to
trigger leaf onset in water controlled areas. This could be
a result of soil/plant adaptations, and to the local
heterogeneity of soil moisture (e.g. drainage basin). It
could also be a consequence of the inaccuracy of the
simulated soil moisture field. However, we were able to
calibrate model 4b in all water controlled regions. For
cool evergreen needleleaf forests, it was necessary to
distinguish two behaviours for warm savannah accord-
ing to the hemisphere (Table5). The reasons for this
dichotomy in phenological behaviour are still uncertain.
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<

Spatial goodness-of-fit of the models

The second step of this study was to run the different
biome/model associations with the climate dataset used
for calibration, in order to estimate the quality of the fit.
For each biome/model association, we tested whether
the relationship resulting from the first mode of the
frequency distribution adequately represented the spatial
distribution of onset dates within the biome. We also
estimated the sensitivity of each model to its parameters
uncertainties. Then, using two statistical criteria, we
selected the best model for each biome in our global
unified model, and analysed the spatial performance.

Model sensitivity to parameter uncertainty

In the calibration step, an uncertainty (ox) was computed
for each model parameter (X). For models with a
threshold (model 1, 2a, 4b), we estimate the shift of the
simulated onset date averaged over the whole biome
produced by adding or subtracting ox to X. For model 3,
which uses three parameters, we define the upper and
lower curves by combining the uncertainties. Then, we
use the two extreme curves to compute the mean shift on
the simulated onset date. Results are presented in
Table 6. In the water controlled regions, the parameter
uncertainty is linked linearly to the model performances
(values in Tables 6 and 5 are the same). However, this is
not the case in temperature-controlled regions, where all
the models contain thresholds or nonlinear relationships
between variables. Consequently, for a given model, a
biome with a low parameter uncertainty could also have
a large uncertainty in onset prediction. For model 2a, the
parameter of the cool crops/natural vegetation mosaics
and cool grasslands are defined, respectively, with 80
and 113 degree-days, but the derived onset uncertainty is
of a similar magnitude (+16/-20 and +16/-23days,
respectively). Furthermore, adding or subtracting the
uncertainty does not give symmetrical deviation in the
simulated onset date. For the cool grassland-model 2a
association, increasing the GDD, of 110 degree-day led to
an onset delay of +16 days, whereas decreasing it by the
same value led to an onset delay of —23 days.

Fig.4 Common behaviour of cool deciduous needleleaf forest/
woodland, cool permanent wetland and cool mixed forest
using model 1. These three biomes present a main mode in
their frequency distribution of observed NGD. of approxi-
mately 15days.
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Selection of the best model for each biome

The root mean-square of observed vs. simulated onset
date (RMS) and the linear correlation coefficient (p) for
each biome/model association, are given in Table7 for
temperature-controlled regions and in Table 8 for water-
controlled regions. These values are computed consider-
ing only 0.5° pixels where a model successfully simulates
an onset. A model may fail to find an onset date for
several 0.5° pixels because the requirements are never, or
are always, fulfilled. In the case where more than one
model is calibrated for a single biome, we compute RMS
and p over the subset of 0.5° pixels where all models
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predict an onset date. This allows us to compare model
performances with the same dataset (Table7). The best
biome/model associations are emphasized in bold in
Tables 7 and 8.

In general, temperature-controlled regions have lower
RMS than water-controlled regions; the vegetation onset
date of temperature-controlled biomes is simulated
between 9 to 31 days, compared with 42 to 89 days for
water-controlled biomes. However, p can be equally high
(0.80 compared to 0.78) in both regions. Figure?7
illustrates this apparent paradox, by showing observed
vs. simulated onset dates for a temperature- and a water-
controlled biome (cool permanent wetland and warm
savannah). The range in warm savannah onset dates is
clearly much larger than the range in cool permanent
wetland onset dates. Thus, warm savannah can show a
higher p despite a quite large RMS. Therefore, p is not a
good estimator of model reliability for biomes like cool
permanent wetlands, which have a narrow range of
onset dates.

For cool deciduous broadleaf forest, model 2a appears
to be the best choice (the lowest RMS and the highest p).
However, if we compare RMS and p obtained with the
common dataset, model 3 appears to be more appro-
priate. Besides, model 2a underestimated the earliest
onset dates and overestimates the latest ones (Fig.8).
Model 3 best reproduces most onset dates, but computes
extremely unrealistic onset dates for 5% of the biome.
Nevertheless, these few anomalous results have a
disproportionate effect on RMS and p. We isolated the
pixels with onset dates greater than 160 (day of the year);
they all occurred on the border between temperate and
tropical areas, where water availability influences the leaf

Table 5 Global-scale calibration of the model 4b. The critical
time-lag between the onset of the soil hydrological cycle and
the vegetation cycle (Time-lag) is estimated as NGD, in Table2

44 48 52 56

4 28 32

Observed NGD, (days)

Fig. 5 Different phenological behaviours within the cool ever-
green needleleaf forest biome according to climatic regime.
The leaf onset growth of the cool evergreen needleleaf forest
occurs with less NGD over the two previous months (14 days)
in North America than in Europe (23 days).

Biome Time-lag (days)
Warm woody savannah 50 =41
Warm crop/Natural vegetation mosaic 75+78
Warm grassland 45+95
Warm savannah (NH) 70 =41
Warm savannah (SH) 40 £43

Table 4 Global-scale calibration of the model 3: its parameters, their associated and the square of the coefficient of linear correlation

between observed and estimated GDD (%)

Biome T (°C) a

Cool deciduous broadleaf forest 5

-68 =22

638 =16 —-0.010 = 0.001 0.59

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725
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the same trend as the local fits (dashed
curves). The line is the selected global fit. Number of chilling days from November 1 (days)
onset as well as temperature. Thus, we retain model 3 for the aridity gradient in the Sahel and the frost gradient in
this biome. For cool closed shrubland and cool woody the Northern Hemisphere, are well represented (Fig.9).
savannah, we selected model 2a rather than model 1. Figure 10 exhibits the difference between the simulated
and the satellite-retrieved onset dates. The difference is
. . e t ted wh th ified del i ble t
Spatial predictions of the unified model not computed where the untied model 15 unab'e fo

simulate an onset date. Because we have selected the
average behaviour for each biome, atypical areas are not
represented so well. Thus, the results for each biome
depend on the scatter of fitted parameters and the

In general, the unified model obtained by selecting the
best biome/model association simulates onset dates
realistically. The primary spatial gradients , including

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725
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Table 6 Model sensitivity to parameter uncertainties, mean bias on simulated onset date introduced by adding or subtracting the

uncertainty oy on each parameter (in days)

Prediction uncertainty (days)

Biome Model 1 Model 2a Model 3 Model 4
Cool evergreen needleleaf forest (Europe) +11/-12

Cool evergreen needleleaf forest (America) +10/-14

Cool deciduous needleleaf forest/Woodland +13/-17

Cool deciduous broadleaf forest +12/-18 +17/-5

Cool mixed forest +13/-17

Cool closed shrubland +14/-13 +11/-8

Cool open shrubland +19/-22

Cool woody savannah +14/-13 +11/-8

Warm woody savannah +41/-41
Warm savannah (NH) +41/-41
Warm savannah (SH) +43/-43
Cool grassland +16/-23

Warm grassland +95/-95
Cool permanent wetland +13/-17

Cool crop/Natural vegetation mosaic +16/-20

Warm crop/Natural vegetation mosaic +78/-78

Table7 Global results of different biome/model associations in the temperature-controlled region: p, correlation coefficient; RMS,
root mean-square between observed and simulated onset date (in days); NbP, number of 0.5° pixels where model simulates an onset
date. Bold characters indicate the retained biome/model associations. Asterisks indicate p and RMS values computed on 0.5° pixels
where all the models calibrated for a given biome simulate an onset date

Model 1 Model 2a Model 3
Biome P RMS  NbP P RMS  NbP P RMS  NbP
Cool evergreen needleleaf forest 0.58 12 2734
Cool dec. needleleaf forest/Wood. 0.34 12 1848
Cool dec. broadleaf forest 0.31 22 849 0.19 31 899
0.31* 22% 849* 0.58* 18* 849*
Cool mixed forest 0.51 15 3591
Cool closed shrubland 0.58 14 763 0.58 17 876
0.64* 14* 716* 0.80* 11* 716*
Cool open shrubland 0.76 20 876
Cool woody savannah 0.38 10 3595 0.50 24 3678
0.51* 10* 3571* 0.70* 9* 3571*
Cool grassland 0.65 24 2548
Cool permanent wetland 0.61 9
Cool crop/
Natural vegetation mosaic 0.49 20 3120

nonlinearity models. For example, cool deciduous broad-
leaf forests are well represented (shown in grey in the
Fig.10). Areas below the curve in Fig.6(a) have a late
simulated onset date with respect to the satellite
observations, and areas above the curve have an early
simulated onset date. The unified model fails to predict
an onset date in several 0.5° pixels covered by the cool
mixed forest in Quebec and the US. As shown in Fig. 4(c),
these areas have a NGD, larger than 15days, so the heat

requirement defined by our model is always satisfied.
This biome, by definition, has a mixed species composi-
tion, which may explain our difficulty to select a unique
model. The same problem occurs for the cool grasslands
in Tibet, where the heat requirement of model 2a is never
fulfilled. Areas with a large uncertainty in the satellite
observation (Peru or the north of India) also exhibited a
large discrepancy between observed and simulated onset
dates (Figs3 and 10).

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725
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Table 8 Global results of different biome/model associations in
the water-controlled region (same legends as Table7). All
correlation coefficients are significant, warm grassland and
warm crop/natural vegetation mosaic excepted

Model 4b
Biome p RMS  NbP
Warm woody savannah 0.67 42 1670
Warm savannah 0.78 42 2470
Warm grassland 0.06 89 611
Warm crop/Natural vegetation mosaic  0.09 66 1506

Discussion

The calibration method does not consider uncertainty in
the satellite observations. Biomes with larger error bars
on satellite onset dates have higher parameter uncertain-
ties and hence larger uncertainties in the predicted onset
date. In the future, weights could be applied to the
observations, determined by the uncertainty in the curve-
fitting procedure.

Some assumptions made in the land-surface scheme
SECHIBA may also have an impact on our model
performance. First, SECHIBA uses a potential land-cover
map obtained by the model BIOMEL1 (as described in
Prentice etal. 1992), whereas we use the DISCover land-
cover map. For instance, South-east Asia is covered by
evergreen/warm mixed forest in the BIOMEL1 distribu-
tion, and by crop/natural vegetation mosaic in the
DISCover map. In such regions, the soil moisture
computed by SECHIBA deviates significantly from
reality. Secondly, SECHIBA does not account for land-

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725

100 150 200 250 300 350

Observed onset date (day of the year)

use change and practice (irrigation), which may affect the
soil water conditions. Lastly, the root zone depth is
assumed to be one metre, independent of the biome.

Discrepancies in some regions (e.g. Brazil) could be due
to the low frequency of satellite observations. In most of
these areas, the intense cloudiness prevents the detection
of an onset date for at least one year of the satellite record.
We suspect that, even in other years, the cloudiness may
perturb the NDVI signal, and the detection algorithm may
return a meaningless onset date.

The NDVI data (originally at 8-km resolution) may
present an important heterogeneity within a single 0.5°
pixel. The phenological processes responsible for this
subgrid heterogeneity of onset dates are not the same in
dry and wet regions. In dry areas like West Africa,
vegetation is sparse and generally responds to subgrid
hydrological events (local rainfall). In wet areas such as
central Africa, vegetation phenology can be controlled
predominantly by plant genetics (Reich 1995).
Furthermore, a given species may change its strategy
against water stress. In Israel, Quercus ithaburensis is able
to become ‘evergreen’ depending on the climate condi-
tions (Ne’eman 1993). Singh & Singh (1992) have shown
that the seasonal cycle of adjacent Indian plants may be
asynchronous under severe water stress. Besides,
Borchert (1994) has demonstrated that soil moisture is
not sufficient to represent plant water availability;
physiological characteristics such as water reserve or
specific soil structure are also important. Finally, it is still
not clear whether it is possible to reproduce the tropical
vegetation phenology without accounting for the subgrid
variability of the hydrology. In temperate and high
latitudes, the subgrid heterogeneity is less important and
leaf phenology is driven mainly by temperature.
Temperature is far less spatially heterogeneous than
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Fig.9 Leaf onset dates simulated by our global unified model at 0.5° resolution. Areas where our model fails to simulate an onset

are shown in black.

precipitation. This scaling issue is also present in
mountainous regions (the Rockies and the Himalayas),
where we lack the subgrid climatology typical of these
regions to reproduce their phenology accurately.

Conclusion

This study shows that the extrapolation of local
phenological models to the global scale is not trivial.
Variables that reflect local adaptation (in particular,
photoperiod) are not relevant at the global scale.
Nevertheless, we have successfully defined a unified

phenological model for all the natural deciduous biome
areas. Our model reproduces the leaf onset date for 62%
of the temperature-controlled regions within 10 days of
the satellite onset date, and for 75% within 15days
(Fig.11). The phenology of water-controlled regions is
more difficult to simulate. Only 32% of the water-
controlled regions have a simulated onset date within
the 10-day satellite resolution, and 75% are within
43 days. There are three possible causes for the larger
error in our model in water-controlled areas (tropics and
subtropics): the instrumental limitations of the satellite
due to cloudiness near the intertropical convergence

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725



GLOBAL PROGNOSTIC SCHEME OF LEAF ONSET 723

Observed minus simulated onset date

20
" 40
5 by ln; -.-.._ ® -
BO°N S ! . y - . 30
% e T ) =5 : P el ]
T > L i . : 20
LTl y L2 X i ‘;" 2
o -,’L‘.‘_ A - i TR e 0
- W i . L
Y o ) . o o~
= 8- P i) C
rhes W ; at / ' -
- i i~ i
<1 o° ' d '. LT X 10 '
Tee-A e el 5 '_
i : gf ‘: f-'.n'.L
b "3 ip iz
£ o }
fd " ¢ 40
@ -..*‘- :
B0%S 5(
180%W 120°W 60°W 0°E BO°E 120°E 180*%

LONGITUDE

Fig. 10 Spatial distribution of observed minus simulated onset dates. Areas in white are either, excluded biomes, 0.5° pixels where
our model fails to simulate an onset, or 0.5° pixels where our algorithm fails to detect an onset date in the NDVI records. The differ-
ences range from —183 to 183 days to account for the 365-day cycle of the calendar.

== = == WATER-CONTROLLED REGIONS

TEMPERATURE-CONTROLLED REGIONS|

Cumulative percentages
of 0.5°-pixels

0 20 40 60 80 100 120 140 160 180
Difference between observed and simulated leaf-onset date (in days)

Fig. 11 Histogram of cumulated frequencies of absolute differ-
ence between observed and simulated leaf onset dates.

zone, the low reliability of input data (rainfall and soil
moisture), and the importance of subgrid processes.
When we normalized the onset date differences by the
observation error, the range of error became more similar
for both temperature- and water-controlled regions.
Additionally, the relative spatial heterogeneity of the
onset date was reproduced similarly in the two regions.
However, the higher variability in the tropics leads to a
higher absolute error. To adequately simulate the
tropical leaf onset date, it may be essential to reproduce
the subgrid hydrological processes. It is unclear whether
a mean value can be used in regions with a high subgrid
heterogeneity, and whether a model based on ecological
requirements at the local scale (8km) can simulate the
average of a larger region (0.5°).

©2000 Blackwell Science Ltd, Global Change Biology, 6, 709-725

If we assume that spatial and temporal variations are
controlled by the same physical processes, then we could
use our unified model to study interannual variability of
phenology. However, the model accuracy is of the same
order as the interannual variability of the leaf onset date
(15days in mid and high latitudes and 60days in the
tropics), and so it may be difficult to reproduce this signal.
Nevertheless, our phenological model can be viewed,
within a given biome, as the asymptotic (or long-term)
response to climate change from one location to another
one. Thus, our model could be used to reproduce large
temporal variability such as the decadal trends observed
in the NDVI (Myneni et al. 1997; Menzel & Fabian 1999), or
in the vegetation activity itself (Goulden et al. 1996; Botta
1999), and possibly part of the response to El Nifio events.
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