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Abstract. Seasonal and year-to-year variations in leaf cover1999, although the relative importance of these determining
imprint significant spatial and temporal variability on bio- factors and how they might change with climate is poorly
geochemical cycles, and affect land-surface properties reanderstoodiorner and Basler2010).

lated to climate. We develop a demographic model of leaf However, the majority of the world's forests retain leaves
phenology based on the hypothesis that trees seek an optimabar round: boreal forests which are dominated by evergreen
leaf area index (LAI) as a function of available light and soil peedle-leaf trees and often mixed with deciduous broadleaf
water, and fit it to spaceborne observations of LAl over the gng needle-leaf species; and mesic tropical forests, domi-
Amazon basin, 2001-2005. We find the model reproducegated by evergreen broadleaf species, which are responsi-
the spatial and temporal LAl distribution whilst also predict- pje for the majority of terrestrial carbon fixatiomMélhi and

ing geographic variation in leaf age from the basin centregrace 2000. Observed LAl over these evergreen forests,
(2.140.2 years), through to the lowest values over the de-particularly over the tropics, still show seasonal and year-
ciduous eastern and southern Amazoe:@® months). The to-year variationsNlyneni et al, 2007, but we lack knowl-
model explains the op;erved increage in LAI during_the dryedge about the magnitude, geography, timing, and the pro-
season as a net addition of leaves in response to increase@sses driving such variation, partly reflecting the difficulty
solar radiation. We anticipate our work to be a starting point ¢ taking year-round measurements. Consequently many

from which to develop better descriptions of leaf phenology modelling studies assume that tropical leaf area is constant
to incorporate into more sophisticated earth system models.(cramer et a].2001, Arora and Boer2005.

Space-borne observations of LAI offer the best opportu-
nity to develop a quantitative model of large-scale controls
1 Introduction of leaf area by virtue of their frequency and global cover-

age. We focus our study on the Amazon basirf (1610 S,
Seasonal and year-to-year variations in leaf area imprint sig80° W-50° W). The vegetation in the region is mainly semi-
nificant spatial and temporal variability on biogeochemical deciduous or evergreen tropical forest, but the species com-
cycles and affect land-surface properties related to climatd0sition varies widely due to the differences in soil type and
(Hayden 1998. For example, the transfer of water from the altitude across the basiS¢mbroek et al2000.
soil to the atmosphere is mostly via leaves through evapo- The Amazon basin experiences wet and dry seasons, with
transpiration, subsequently affecting humidity, air tempera-the dry season generally running from June—September, with

ture and rainfall Yilson and Baldocchi2000. Similarly, longer and drier periods in the south-eastern regi&urn-
carbon enters vegetated ecosystems through carbon fixatidfroek 2001). Fig. 1 shows that the timing of low precipita-
via photosynthesis/¢hite et al, 1999. tion coincides with an increase in direct radiation mainly due

Over temperate regions leaf phenology is known to beto a decrease in cloud cover. Levels of diffuse radiation are
driven by changes in day length and temperat&eh(vartz comparatively constant throughout the year.

Published by Copernicus Publications on behalf of the European Geosciences Union.
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Fig. 1. From top to bottom: MODIS leaf area index £mm—2), WorldClim precipitation (mm) Kijmans et al, 2005, GEOS-4 direct and

diffuse photosynthetically active radiation, PAR (W?r) across the study region. The dry season, with precipitation levels of under 100 mm,

runs generally from July—September, period which coincides with an increase in direct PAR due to a decrease in cloud cover. We can observe
that the LAl also peaks during this period, reaching its lowest levels in the wet season.

Ground-based studies have reported an increase in leaf litJipp et al, 1998. Under these circumstances, we expect that
terfall during the dry periodMalhado et al. 2009 Chave light availability is the primary controlling factor for deter-
et al, 2010, but without simultaneous measurements of leaf mining changes in leaf are@fight and Vanschaik1994.
gain we cannot determine whether the increased litterfall repThis implies that trees will carry more leaves in the dry sea-
resents a net loss of leaves. Studies using space-borne vegen when direct radiation is greater. To test this idea and
etation dataNlyneni et al, 2007 Huete et al.200§ have  to enable predictive modelling of Amazon leaf phenology,
reported an increase in greenness during the dry season overe develop a simple leaf phenology model for the Amazon
the Amazon, even during severe droughBaléska et al. tropical forest. Sect3 describes this model, which we fit to
2007, but these drought observations have been disputedODIS LAI data (Sect2) to obtain parameter values for the
(Samanta et 312010 Doughty and Goulder2008. These = Amazon basin. We discuss our results in Séend demon-
observations are consistent with indirect evidence from thestrate how, in principle, our predictions of leaf area and age
seasonal cycle of satellite-observed emission of biogenidistribution could impact carbon assimilation using a simple
trace gaseBarkley et al, 2009. The dry-season increase in carbon model. We conclude our paper in SBct.
leaf area could be explained by soil moisture dynamics: wa-
ter is available all year round in the deeper soil layétarper
etal, 2010, which can be readily accessed by the large root-
ing depths of Amazonian vegetatioNgpstad et al.1994

Biogeosciences, 9, 1382405 2012 www.biogeosciences.net/9/1389/2012/



Caldararu et al.: Amazon leaf demography 1391

2 Data sets used When relating leaf reflectance measurements to seasonal
cycles we must take into account the fact that changes in
21 MODIS LAl data observed reflectance can also be caused by changes in the

number of young leaves, as these have different reflectance
S properties. This has been advanced as an explanation for the
observed seasonal swings over the Amazon basin by several
studies Doughty and Gouldgn2008 Asner and Alencar
201Q Aragao et al, 2009 Brando et al.2010. However,
the observed seasonal changes in LAI are too large to be at-
OItributed to a flush of new leaves onlggmanta et §12012).

We use leaf area index (LAI) data obtained from the MODI
(Moderate Resolution Imaging Spectroradiometer) instru-
ment aboard the NASA Terra platform. The LAI/fPAR (frac-

tion of absorbed photosynthetically active radiation) product
collection 5 (MOD15A?2) is available globally at a spatial res-

luti f1k 8 days for th iod 2000— t o ) .
O'LTion oF 2 Km EVery S days Tof te perio presen an The study region includes lowland tropical forests, alpine

has been downloaded frohttps://Ipdaac.usgs.goviThe 8 f ; d lands. A tudy is f d
day temporal resolution is a result of compositing, i.e. assign-Ores S, Savannas and grassiands. As our study IS focused on

. . : forests, we use the MODIS landcover product MOD12Q1 to
ing the best value for the 8 day period based on maximum. ' . . )
fPAR. The data set is split into tiles (1@atitude by 10 lon- mf||ter non-forested pixels. We use the provided IGBP classi-

gitude at the equator), which cover northern South Americ fication scheme and have retained .only pixels in classes 1—
%5, evergreen needleleaf forest, deciduous needleleaf forests,

and include the Amazon basin. We use tiles h10-12v08 an X ocid broadieaf f i broadleaf f t and
h10-12v09 for the years 2001 to 2005. eciduous broadieal forest, evergreen broadieat forest an
) i e i mixed forest. As there is no way to distinguish between low-
The LAl is calculated using a radiative transfer algorithm |54 ang alpine forests we include both in our analysis.

(the main algorithm), which uses the red (648 nm) and near- We reproject the LAI data to an orthogonal projection and
infrared (858 nm) bands. The algorithm uses biome-specific pro) g project

. . S average it to the resolution of the GEOS-4 PAR datald®
vegetation structure and height, leaf type and soil b”ghtnesﬁude and 2.5 longitude) and subsequently fit our model at
to obtain LAI values Yang et al, 2006 Knyazikhin et al, this resolution.

1997, 1999. In conditions where the main algorithm cannot

be applied, a back-up algorithm is used, in which case the2 2 Radiation data

LAI value is calculated using an empirical relationship be-
tween Normalised Difference Vegetation Index (NDVI) and
LAI. The data quality is affected by the presence of cloud,
atmospheric aerosol loading and snow cover. Snow cove

Is not an issue for our study region, but cloud cover can afyoqeiing"ang Assimilation Office (GMAO) Bey et al,
quaiity » especially during w 2007). The temporal resolution of this data is 1 day and the

while aerosols.from biomass burning can mtgrfere with m.ea'gpatial resolution is2x 2.5°.
surements during the dry season. The quality flags provide
along with the LAI data offer information on overall data . :

; . 2.3 Soil moisture data
quality, the algorithm used, cloud cover and aerosol pres-

ence. Ground validation studieg¢hen et aj.200§ have We use the volumetric soil moisture for 10-200cm depth

shown.that the back-up algorithm is often.unrehable and our - the NCAR/NCEP reanalysis daily average surface
analysis of the data over the Amazon region shows that val ] i

i X ._flux data set Ifttp://www.esrl.noaa.gov/psd/data/gridded/
ues assigned by the backup algorithm are often unrealisti-

cally low, leading to large week-to-week swings in LAI. As data.ncep_.reanqusis.surfaceflux.t)t(wiﬂalnay ?t a!, 1996
a conseduence we remove any LAl values calculated usinThe da_ta is available at global scales f"‘t dal!y timesteps _for
the back-up algé)rithm prior to spatial averaging the period 1948 to present on a Gaussian grid. We reproject
i ) o the data onto the orthogonal GEOS-4 grid for model fitting.
LAI retrievals of vegetation often have saturation prob-

lems in that LAl becomes insensitive to changes in re-
flectance. Studies have shown that this was an issue fog
high-biomass areas for collections 3 and 4, but this has been
considerably improved for collection ¥¢ng et al, 2006.

Ground based values of LAI in the Amazon basin range

from 3.5-6 ¥ m~2 (Malhado et al. 2009 Aragio et al, . i ) ,

2005 Roberts et a).199§ Meir et al, 2000, with values ﬁg’lenLR:"e’ agh"p“”l‘a' Lf&""“"?“(;"’*" refer tg as tr?e target
of up to 10 nt m~2 registered by some studié@qughty and LAl targ The value of LAlarg ||s_ htetermme as the mini-
Goulden 2008, with differences arising from the different Mum of a light-limited target, LAy, and a water-limited
measurement methods. MODIS LAl values are in the rangearget, LAQ’;?&G'. We define LA frgt such that the bottom
2—-6 m? m~2, which provides us with some confidence that layer of leaves receives just enough light to return a positive

there are no major saturation problems. carbon balance, i.e., receives light at the light compensation

We use photosynthetic active radiation (PAR) fields from as-
similated meteorological data products of the Goddard Earth
bbserving System (GEOS-4) based at the NASA Global

Leaf phenology model

The central assumption of our model is that trees adjust their
gains and losses of leaves in order to try to achieve, at any

www.biogeosciences.net/9/1389/2012/ Biogeosciences, 9, 138%-2012
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Table 1. Model parameters

Symbol  Units Description

Cdirect wm—2 Light compensation point for direct PAR (Eq. 1, main paper)
Cdiffuse Wm—2 Light compensation point for diffuse PAR (Eg. 1, main paper)

p days Length of time window for average PAR
gairmax m2m=2  Maximum gain rate for new leaves
Agrit years Age after which leaves start ageing
1o yearsl  Background decay constant
“1 years1  Age-related decay constant
point C as derived from Beer’s law: with the mortality rateu defined as above. The overall LAI
at each time step, LAX, r) is the sum of all leaf cohorts.
LAI {E,ht _ 1 |n(£)’ (1 Overall the rate of change of LAl at each locatiwrand
9 a Ip timer (Fig. 2) is:

wherelo .is the incom.ing PAR_a_t the top qf the canopy and i(LAI X, 1)) = P(Io(X, 1), LAl (X, f — 1)) —
«a is the light attenuation coefficient applying to Beer's Law, dt
which we have fixed to 0.5 (Appendi1). To recognise —L(LAI(x,1), Ws(X, 1)), (3)

the potentially important difference between direct and dif-\yhere p(1o(x, 1), LAl (x,7 — 1)) denotes production pro-
fuse light we apply Eql separately for both direct and dif-  cegses and. (LAI (x, 1) Ws(x, 1)), refers to loss processes
fuse PAR, to determine their respective compensation point§j e to both the age-related mortality rate and active leaf
(Cairect andCuifiuse), and then keep the minimum of the twWo qropping due to water stress. When integrated over
values. For both diffuse and direct PAR we assume that, injme ;. Eq. 3 provides, for each locatiox and time
order to avoid sub-optimal responses to very short-term vari; 5 predicted LAl (AppendixB1) given environmental
ation in light, trees calculate the target l'égg using an ef-  drivers (direct and diffuse PAR, and available soil mois-
fective I, defined as the average over the previpudays.  ture), and given the value of 9 parameters specific to lo-
We drive Eq.1 with GEOS-4 reanalysis estimates of incom- cationx: Cirect, Cdiffuse: > 98iNyax derits 140s 141 B1. B2 (Ta-

ing PAR (Sect2.2. We define the water-limited target as ble 1). Initial parameter estimates (not shown) estimated
LAIEE = B1+ BaWs, whereWs is soil moisture (from the  that | A9 _ | A Water for nearly all locations at nearly all
NCAR/NCEP Reanalysis, Se@.3) and; andpz are em-  {imag. sjégh that th?—zrgfit to data was not statistically improved

pirical coefficients (AppendiA2) We assume leaf demog- y considering water limitation of leaf area so that we can
raphy (the gain and loss of leaves of different ages) is deter- light,

mined by the factor limiting LAkyg. If the current LAl is be- fnect)i;-ﬁrtgrgu—rthg'.targv consequently we do not discuss sol
low LAI.targ trees add new leaves of age= Oat amaximum We simultaneously fit the above parameters using a
rate gaifhax to re_ach LAlarg. If LAl targ IS water Ilm!ted and Bayesian approach (Append®) over our study region with
the current LAl IS above LAk, to avoid excessive water spatial resolution of 2 (latitude) x 2.5° (longitude) to
loss or overheating Ie(_aves, trees lose leaves, beginning wit ollection 5 of the LAl data from the MODIS satellite in-
Fhe_ olde.stlleaves, unti .they achieve a4 When LAkarg strument, which was spatially averaged to this resolution
is light limited and LAl is above LAk, trees add no new (Sect2.1)

leaves, but do not actively drop leaves. In all of the above e

cases, leaves are subject to continuous leaf loss according to

a mortality rateu due to leaf ageing that depends only onleaf 4 Results

agea. We define a minimum ageg;i; (years), below which

we only consider the background loss, e.g. herbivory, branchFig. 3 shows that the model reproduces the spatial distri-
loss, so that the mortality ig = exp 0. Leaves older than bution of mean LAl (Pearson correlation coefficierft=

acit are lost at a faster rafe = exp~#t which is caused by ~ 0.9), capturing the high values (up to 4:8.1 P m=2) over

leaf ageing. In order to calculate the age-dependent mortalityhe central and southern Amazon basin and lower values
we introduce the concept of leaf cohorts, defined as a grouy4.0+ 0.2 ¥ m~2) over the Eastern regions. More impor-
of leaves of the same age. For each cohort (LA, 1) we tantly, the model reproduces the broad spatial distribution of

apply the mortality rate as: LAI amplitude, defined as the difference between the maxi-
mum and minimum monthly LAI, with a statistically signifi-
LAl (a,x,t) = u(a)LAl (a — 1,X,t — 1), (2) cant correlation coefficient of = 0.46. This result supports

Biogeosciences, 9, 1382405 2012 www.biogeosciences.net/9/1389/2012/
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Begin calcnlation

Caleulate aternporary leaf age distribution (Hme ¢ fromthe previous
distribution (time ¢ — A#):

(1) For all @, calewlate gi{er, & )

(2) For all @ = At set
LA (ax,t.8 J=enp(—pla—At8 ) ADLAT  (a—-Atx,t—ALB )

(3) For all @ < Attemporarily set LAS (a2, %,¢,8 ) =0

(4) Sum the above over all @ to give atemporacy LA."PM(JC, 66

Calculate effective incomin g radiation
(1) retrieve direct PAR for location x, for each of p, days muinning up to day £.

The mean of these values is fﬁm (x,2,0.0.

(2) retrieve diffuse PAR for location x, for each of p, days munning up to day

t. The mean of thase values is fjhe(x,t,ﬂx) .

Calculaie target LAT

(1) Caleulate LAS,, 4. (%, 8,8,) given Fr(z,8.3
(2) Caleulate LAY, .. (%, 8,8, given F e (%,2,0.)
(3) The mimiomm of the above 35 LAS (%, 6,8.)

(A LAF (%20 )< LAT_ (4,0 7

no

yes

Notation

1393

Symbaol

Meaning

Tnite

LAT (a2, %28 )

Predicted LAT summead over
leaves of age &, a location x,
gt time #

mami? (leaf aea per umit
pround ares)

Wector of par ameters for
location x

Units depend on parameter

H#a 8,

Background mortality rate of
leaves of age a

day?

PAR

Photosynthetically active
radiation

wm?

Fo (2,803

Effective PAR used to
caleul ated tarpst LAT, direct
only

W m?

[diﬂrue

(4,8

Effective PAR used to
caleul ated target LAT, direct
only

Wm

LAI (x.t,0)

targ, direct

Target LAT, con sidering only
direct PAR

mm?

LAL i (51,8

Target LAT, con sidering only
diffuse PAR

mm?

LAL (%18

Target LAT, considering both
direct and diffuse PAR

mm’?

BN

Parameter. marimumn
possible gain rates of leaves
at location x

m'm® da y"

Gain leaves

Is LAf (28,0 ) - LAT (% 8,0 < gatn, 7

no

yes

Gain sufficient leaves to achieve target TAT

Set LAT (0,540 )= LAL (%,4,8, )~ LAL ., (x,4,8,)

Grain leaves at maxinmm rate

Set LAl (0,x,8,8) = gain,,

Calculation complete for time ¢

For timet + At , return to step 1 above

Fig. 2. How to calculate the predicted leaf age distribution and predicted total LAl for a model driven only by light. Note that the calculation
begins with the leaf age distribution from a previous time§: at the same location, which is updated to account for background leaf

mortality, and the addition of new (age = 0) leaves as driven by the LAl target, producing a predicted leaf age distributior for time

www.biogeosciences.net/9/1389/2012/
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2 4 & 0 1 2 3 12 3 B 9
Mean LA LAl amplitude Month of peak LAI

Fig. 3. MODIS (top) and model (bottom) leaf area index (LAI) over the Amazor? {ELC®S, 8C°W-50°W), 2001-2005 averaged over a
1x1 km grid. (a) mean LAI (m? m~2), (b) mean annual amplitude of LAl (fm~2), and(c) mean timing of peak LAI (day of year).

our model structure because, unlike the mean LAI, the LAl preted as a measure of the shade adaptation in trees, with a
amplitude is highly constrained by model assumptions; thelower compensation point indicating leaves that are adapted
maximum LAl amplitude is determined by the amplitude of for lower light conditions. We estimate th&tject is lower
incoming PAR. in the south of the Amazon, with values of 1.5 compared to
Figure 4 shows that the model generally has a negatived Wm~2 elsewhere. In contrasGiuse. Which effectively
bias with respect to amplitude, which we attribute at least inlimits the overall compensation point during the dry season
part to measurement noise, with mean MODIS (model) LAI resulting in a lower LAl amplitude, is more homogeneous
amplitude of 1.5+ 0.4 (0.7 0.4) m? m~2, but the MODIS  across the basin with mean values of 0.23 WmOur val-
value falls within the confidence intervals of the model ues for the compensation points are broadly consistent with
(Fig. 5). Similarly, the model reproduces the seasonal timingground-based measuremerf&ddoch et al. 1997, provid-
of LAl variation (Fig. 4), which is also highly constrained ing further support for our methodology.
by the model structure, as the greatest target LAl occurs at The delay p represents the time required for the veg-
the time of peak incoming PAR. We find that our model gen- etation to respond to changes in PAR. We find thais
erally describes between 20-80 % (median of 31 %) of thegenerally 14 days for most of the basin. The exception is
observed temporal variability of LAl at any oné 2 2.5°  over the northwestern region, whepe> 1 month, suggest-
grid cell. ing that vegetation over this region is slower to respond to
Fig. 6 shows posterior model parameters, which providechanges in PAR. The maximum gain of LAl is typically
further insight into the underlying processes that determingaround 1mm~2month?, with the highest values (up to
observed variations in LAI. The spatial variations of the pa-2-2"F m~2montiT ) over the eastern, drier regions corre-
rameters are a reflection of not only the seasonality but als§Ponding to an area with a higher LAl amplitude and a more
of species composition, soil type or nutrient availability. The Pronounced seasonal cycle.
two compensation points;girect and Cyifiuse, Can be inter-

Biogeosciences, 9, 1382405 2012 www.biogeosciences.net/9/1389/2012/
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Fig. 4. LAl time series in(a) the eastern Amazon (& 62.5 W), (b) the semi-deciduous Amazon°( 72.5 W), and(c) the evergreen
central Amazon basin N 67.5° W), as predicted by the model (black line) and MODIS LAI data (blue line). Gray shaded area represents
95 % confidence intervals. Blue bands represent aproximate dry seasons.
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Fig. 5. Model uncertainty for mean LAl and annual amplitude (the difference between the maximum and minimum monthly LAI). We used
samples drawn from the posterior distribution to calculate model LAl values and then obtain posterior means and confidence intervals. Here,
the uncertainty is represented as the difference between the upper and lower bounds of the 95 % conidence intervals using parameter posteri
distributions.

To help interpret our estimated leaf loss parameters, determonths and 6.4 yearRegich et al.2004 and in other tropical
mined by the amplitude of the observed LAI seasonal cycle forests (up to 26 monthSharpe1997 Osada et al2001)).
we calculate a leaf lifesparys as the time at which 95 % of To obtain an estimate of parameter uncertainty, we use the
the leaves from a cohort have dropped, based on the expgeosterior distribution resulting from the fitting algorithm to

nential decay ratego andu (Eq.2): calculate 95% confidence intervals (Fij). Most param-
IN0.05 o eters are well constrained, with confidence intervals of 0.1
T95 = — m — M—Clcrit + dgrit, (4) (£0.07) of the posterior mean for most parameters. The ex-
1 1

ceptions are two of the leaf mortality parameters (Ffgand

with variables as defined in Table Figure6 shows that ), with confidence intervals of 0.8-0.2) for the base mor-

795 is longest in the middle of the Amazon basin, with val- tality rates,io and 0.5 ¢0.1) for the age related ratg,;.

ues of around 2.% 0.2 years, and lower in the Southern and This can indicate a trade-off between the two parameters as

Eastern regions (14 0.7 years), where the vegetation has a they both contribute to determining the overall leaf lifespan.

larger deciduous component. Also, the diffuse compensation poi6iifuse (Fig. 7b) is less
These lifetimes are consistent with sparse ground-basedell constrained in the north-eastern regions.

studies over the same region, which report values between 2

www.biogeosciences.net/9/1389/2012/ Biogeosciences, 9, 138%-2012
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Fig. 6. Mean posterior parameters that describe leaf gain and (apsdirect PAR compensation pointgirect (W m~2): (b) delay in vege-
tation response to changes in PAR(days);(c) maximum number of leaves that can be added over a monthng,a(m2 m—2 month1);
and(d) mean cohort leaf lifetimegs defined as the time at which 95 % of the leaves from a cohort have dropped (years).

Our model also allows us to estimate the leaf age distribu-out the year. The largest difference (3.37 umofrs1) oc-
tion at any point over the basin, something that would be ex-curs in June, when the new leaves start appearing in response
tremely difficult to do using traditional means. FRjshows  to increased sunlight. The assimilation also peaks later than
that leaves in regions with a high leaf turnover rate are genwhen using a constant LAI, as new leaves reach peak pho-
erally younger than one year, with a high proportion of very tosynthetic rates only after a certain period of time. While
young leaves (less than 6 months) with an approximately exsome ground studies report a decrease in assimilation rate
ponential leaf age distribution which shows pronounced seaduring dry periodsilalhi et al, 1998 Miranda et al. 2005
sonality between wet and dry seasons. In contrast, over thand during severe drought period®hfllips et al, 2009, the
evergreen areas of the central Amazon basin we estimate lawer assimilation rate at the start of the dry season has been
higher proportion of leaves older than 1 year and a leaf agebserved in ground studiesityra et al, 2007 Goulden
distribution with a less pronounced seasonality. In the moreet al, 2004 Graham et a] 2003 Bonal et al, 2008 da Rocha
deciduous regions in the southern basin, we find distinct leakt al, 2004 but previous models were unable to predict this
cohorts originating from past growing seasons. pattern. The hypothesis advanced by one of these studies

To provide an example of the potential impact of our new (Hutyra et al, 2007 was that the emergence of new leaves
estimates of leaf age distribution on large-scale calculationgt the start of the dry season would create this pattern, which
of biogeochemistry, we incorporated this information into a iS quantitatively supported by the leaf demography predicted
simple model of carbon assimilation. We present three sceby our model.
narios: (1) using a constant LAl and constant leaf age distri-
bution throughout the year, (2) using the predicted LAl with a
constant leaf age distribution and (3) using the predicted LAI5 Concluding remarks
and leaf age distribution. Fi@ shows that the seasonality
of the carbon flux is driven mainly by the incoming PAR and We present a simple phenology model for the Amazon basin,
not by changes in LAIL. When we include the predicted LAI, which we fitted to 5 years of MODIS LAl data. We showed
the overall photosynthesis is higher by only approximatelythat our model reproduced the observed increase in LAl dur-
1umolnT?s1 during the dry season. However, if we in- ing the dry season as a response to an increase in direct
clude a leaf age adjusting factor (Appendlk the assimila-  solar radiation. Our model parameters provided further in-
tion rate is lower by an average of 1.5 umotfs~1 through-  formation about the vegetation in the Amazon basin. The
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Fig. 7. Parameter uncertainty derived from the posterior distribution, expressed as 95 % confidence intervals relative to posterior means
for (a) direct PAR compensation poinfgirect; (b) diffuse PAR compensation pointgisuses (C) delay in vegetation response to changes

in PAR, p; (d) maximum number of leaves that can be added over a monthyhgai(e) age after which age related decay startscage

(f) background decay constapty and(g) age-related decay constant,.
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Fig. 8. Estimated frequency distribution of leaf ages (months) ¢athe eastern Amazon, where leaves are typically short-li®dver
the semi-deciduous Amazon, af@ over the evergreen central Amazon basin. All locations are the same as fdr Fig.

22 demography to future changes in climate and could be ex-

tended to include other tropical regions where leaf phenology
is driven partially or wholly by soil moisture. We therefore
anticipate that the insights afforded by our analysis will have
far-reaching implications for improving current understand-
ing of the natural carbon cycle in the Amazon and elsewhere.

Constant LAl and age
Model LAI
Model LAl and age

Apmolm?2s™?

Appendix A
Model structure

Al Attenuation Coefficient

15

2 4 6 8 10 12 To quantify the attenuation of photosynthetic active radiation
Month (PAR) as it passes through a forest canopy, we used Beer’s

Fig. 9. Gross carbon assimilation calculated using a simple carborlaw:

model for a constant LAI, model LAl and model LAl including the

temporal variations in leaf age. The values presented are monthly — 109—0‘{ (A1)

means over a 5 year period at one locatichN&5° W). All values

1o i . . .
are ymolm=s~=. where Iy is the incoming PAR (Wm?) at the top of the

canopy,/ is the light level at layet. inside the canopy and

«a is the light attenuation coefficient. We assume a vertically
model also provided leaf demography estimates, which cathomogeneous canopy with no leaf clumping. The light at-
be used to improve predictions of the seasonal carbon cycldgnuation coefficient is a function of the solar inclination an-
which we demonstrated in principle using a simple carbongle, ¢. For a random distribution of leaf angles this is equal
model. We showed that using our predicted leaf demograto o = % We use a homogeneous canopy with no leaf
phy explains observed decrease in carbon assimilation at thelumping and a random leaf angle distribution as these as-
start of the dry season. Carbon fixation is only one of manysumptions are valid for canopies at a large scale. Because we
examples of leaf-age-dependent processes of which our cuare using daily time scales, we can, for simplicity, calculate
rent understanding is hampered by incomplete knowledge ofhe attenuation coefficient at its maximum value for a solar
leaf demography. Recent work has shown that including aangle equal to 90 For non-directional (diffuse) radiation the
better description of leaf phenology in Earth system mod-attenuation coefficient can be calculated as the median value
els can significantly revise estimates of land surface warm-over all possible radiation angles. The median is used here
ing (Bounoua et a).2010. The demographic model pre- rather than the mean to avoid the excessive influence of very
sented here can be used to predict responses of Amazon leaimall or very large angles.
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Table A1. Comparison of leaf litterfall as predicted by the model and ground-based measurements across the Amazon basin.

Location Measured litterfall  Predicted Reference
leaf loss
2°51 S 5458 W 0.25-0.81(8.16) 0.47-0.62 Malhado et al(2009,
Doughty and Gouldef2008
0°25-1°30'S, 7230-70C40 W 0.24-0.55 0.03-0.11 Lips and Duivenvoorde(i1996
11°24'S 5519 W 0.11-1.42 0.002-0.14 Sanches et a{(2008
4°45-05°30'N 60°30-61°22 W  0.17-0.72 0.52-0.56 Dezzeo and Chacai2006
A2 Soil Water Target water affects the entire tree, and so could cause damage to all

leaves, or to the whole plant through cavitation. In addition,
Soil water is widely recognised as a primary constraint inyery few trees store an amount of water that is significant
LAI, and the seasonality of LAI, in many different vegeta- in comparison to daily water use. Therefore, when LAI ex-
tion types around the world. For an individual tree, a greaterceeds LAJ2", the excess leaves are an immediate source of

. . . arg
leaf area implies a higher stomatal conductance and hence ganger to tr?e whole tree.

greater potential rate of evapotranspiration. If this potential \we fit the model using the method as described in Rect.
tree can either keep stomata open, risking excessive watefata Kalnay et al, 1996. The values obtained for the
loss, cavitation and hence drought death; or close the stomyng g, parameters result in a water limited target %F’

ata, which greatly reduces water [0ss, but aiso shuts dowl i ie igner than the light limited target L[ at all lo-
photosynthesis and risks leaves overheating, causing perma-

nent damage to the leaves; or the tree can reduce its total Ieg]atmns throughout the year, This implies that vegetation is

, L L never water limited. As a result we set = LA }ater
area, thus allowing for individual leaves to maintain evapo- L targ

transpiration and photosynthesis without excessive water us\é\/h'Ch results in the model structure described in Big.

overall McDowell et al, 2008. The first two options are
short term responses to unpredictable drought, whereas Io%\ .
; : . \ppendix B
ing leaves is the more sensible response to the seasonal vari-
ation in soil moisture that drives leaf phenology. Therefore, N
Parameter estimation

we assume that where the current LAl exceeds the water-

mi water H

limited LAIatLQ'rM targ tree.s would drop leaves in order (0 o g has 7 free parameters (Tablewhich we fit in-
reach LAg", starting with the oldest leaves, to produce yenendently for each location, resulting in 840 parameters.
a leaf demography that is sustainable in the long term (see Our aim was to estimate model parameters for location

main text). . . . .. X, which we denote as the vectég, given the MODIS
Based on these assumptlct)ns, we specify a relationship bedata for locationx, which we denoteZ,. To do this we
i i el na- ! :
tween soil moisture and LAy as: used a Bayesian approach, seeking to estimate the poste-
LAIWater _ g o gy A2 rior probability distribution ofty, given Zy, which we de-

g = F1+F2Ws (A2) note p(Ax| Zx). The posteriop(fx| Zx) is proportional to the
whereWs is the percentage soil moisture, afdandg, are product of the likelihood. (Zx|6x), and the priomp () such
empirical coefficients. If the current LAl is above this target, that p(6x|Zx) oc L(Zx|6x) p(6x). Often, p(6x|Zx) covers too
trees will drop leaves until they reach quger. large a region of parameter space to be evaluated completely.

We assume trees actively drop leaves when LAI exceedsn this case we instead use sampling methods, which provide

LAI2" hut do not do so when LAl exceeds L& Where @ set of random samples@fdrawn fromp (éx|Zx). We used

targ 1 A ) )
LAI exceeds LAIight the leaves receiving the least light will a Metropolis-Hastings Markov Chain Monte Carlo (MCMC)
arg » e§ampling routineGilks, 1996).

be below their compensation point and so be a net sink, rath , AT
than source, of carbon. However, the magnitude of this sink We define the likelihood as

will be relatively small, when compared with the magnitude _

of the source from the leaves receiving more light. Also, trees 190 = %): N[ (LAT obs(X, 1), LAl prea, 7, 6x), 001 (B1)
can store substantial amounts of labile carbon, which can be

used to offset short term deficits in carbon fixation. There-where I(Zx|0x) is the log-likelihood; LApred(X,?,6x) is
fore, where LAI exceeds Lé'.rf,gt, the excess leaves are un- the predicted LAl at locatiorx at time ¢ (this depends
likely to be a cause of whole plant stress or death. In contraston the model parametety); LAl ops(X, 1) is the observed
as outlined above, where LAl exceeds l,vggff, the lack of  MODIS LAl at location x at time ¢; and n(LAl gps(X, 1),
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LAl pred(X, £, 6%), 0x) denotes the probability density for ob- any one parameter) no longer change. After this quasi-
serving LAlps(X, #) given a normal distribution with mean equilibrium has been reached, the current position of the al-
LAl pred(X, ¢, 6x) and standard deviatiary whereoy is a pa-  gorithm at any one time constitutes a random sample from
rameter that specifies the magnitude of unexplained variationthe posterior Gelman 2004. However, there is a great deal
in LAI. Eq. B1 represents a loop over all timegor which of freedom in exactly how to carry out MH-MCMC for a
observed LAI were available for location(this set of times  particular case, especially in how new parameter sets are pro-
is denoted (x) in Eq.B1). posed. For our analysis we used “Filzbaéi'a previously

We initially used non-informative, uniform priors for all tested and robust algorithm.
parameters. We assumed that, a priori, all parameter com- We allowed 60 000 iterations for the burn-in (the period to
binations were equally likely. However, we found that, with quasi-equilibrium), then sampled every 100 iterations from a
non-informative priors on all parameters, we could not prop-further 60000 total iterations, thus providing our 600 sam-
erly constrain all parameters for all locations. Therefore, weples fromp(6x|Zx). From these samples we calculated, for
assigned an informative prior on one of the parameters afeach parameter, the posterior mean, and 95 confidence inter-
fecting the rate of gain and loss of leaves. We did this forvals. All values reported in the paper are posterior means.
one parameter only to keep the overall influence of priors toWe have used parameter sets drawn from this distribution to
a minimum. We base our prior on an extensive stiRlgi¢h ~ obtain LAl values (Fig.2) and then calculate average LAl
et al, 2009 of leaf lifespan (time after which all leaves are values and upper and lower 95 % confidence bounds for all
dead) in the northern Amazon. To define the prior we usevalues.
the mean (2.35 years) and standard deviation (0.18 years) of
these measurements. In our model, we define leaf lifespaBl Generating predicted LAl values
795,x as the leaf age at which only 5% of leaves remain alive.
This is a function of three model parametes;x, 11.x and
acrit.x- Using this prior, the posterior in the MCMC sampling
becomes:

In order to both parameterize, and run simulations of, our
model, it was necessary to generate predicted LAl values for
each locatiorx and timetz, (e.g. see the likelihood defined
above). Importantly, as a demographic model, our model as
IN(p(6x| Zx)) = 1(Zx|6x) + IN(n(z95x, 7, 7¢)) (B2) defined in the main text produces rates of change of the LAI
R held within different leaf age classes. Therefore, to produce
wheren(tes . £, 07) is the probability density fofgsy as- LAl (X.7,6x) itis necessary to first, set an initial leaf age dis-
suming that it is drawn from a normal distribution with mean tribution, and second, simulate the model forward in time
# and standard deviatiom,. This measure is only propor- from this initial state, until we reach time The schematic
tional to the posterior because it does not take into accounfor this is given in Fig.2. To make our predictions for a
an integration constant. However, when using MCMC sam-giVen parameter sék, we set the initial leaf age distribution
pling this is unimportant because the constant cancels oS LAl(. X, 7,6x) = 0 for all a (corresponding to no leaves)
when calculating the probability for acceptance and rejecthen simulated the year 2000 10 times over, each time be-
tion. With this simple leaf lifespan constraint in place, we 9inning the simulated year, using as the initial state the leaf
found that all parameters converged for all locations and tha@d€ distribution from the end of the previous simulated year.
leaf lifespan varies substantially across the region, showing! Nis acted to spin up the model to produce a reasonable ini-
that the parameter estimates were not overly influenced byi@! 1eaf age distribution consistent with current parameters.
the prior (otherwise all leaf lifespans would have convergedAfter the spin-up, we then simulated the model forward in
on£). Also, parameters not directly affectings x were es- ~ ime in steps of 8 days, keeping note of LAl, 6x) for all 1
timated to have reasonable values, implying that the modeYvhere we had observations of LAl with which to compare the
structure, MODIS data, the prior on leaf lifespan, and previ-Predictions. Note that, although for the parameter estimation

ous knowledge on other parameters, were all consistent wit{'€ Only used the total LAI, LAlx, 7, 6x), the model can only
each other. be simulated by keeping track of the LAl within each age

class, LAKa,x,t,6y). Thus predicted leaf age distributions

We used Metropolis-Hastings MCMC sampling (hereafter ;
emerge as a natural outcome of applying our model.

MH-MCMC) to provide a set of 600 random samples from
p(6x|Zx). MH-MCMC is a widely recognised and simple,
albeit computational heavy, method to provide samples from

the posterior parameter distribution. MH-MCMC samples

this dis.tribution .sim_ply by proposing neW_ paramgtersets and 1Filzbach, a software library for carrying out Metropolis-
accept[ng or rejecting these on th? ba_s's_Of the'r poster'orsl*-lastings Markov chain Monte Carlo parameter estimation in C++
according to a standard Metropolis criterion. Given a suf-,r c#. Filzbach is under development in the Computational Science
ficient number of steps, the random walk reaches a quasimp at Microsoft Research Cambridge and is available for download,
equilibrium, after which the average properties of the walk complete with a suite of example uses, vtip://research.microsoft.
(e.g. the mean and standard deviation as measured againsim/en-us/groups/ecology/ecotechandtools.aspx
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Appendix C Appendix D

Carbon Assimilation Model Predicted leaf litterfall

To illustrate the impact that our model results have on thewe compare model predictions against ground-based mea-

carbon cycle in the Amazon, we use a simple canopy modesurements of leaf litterfall 9Tabll. This provides an eval-

to describe leaf photosynthesis rates. We assume that thgation of the model parameters that is independent of the LAI

only limitation to photosynthesis is light availability, so that data used to parameterise the model. All litterfall measure-

carbon assimilation rates are a linear function of incomingments have been converted from mass units gmontth1)

PAR: to area units (fim~2 month 1) using either the leaf mass per
unit area value given byFfllas et al, 2009 (94.85 gnv2) or

¢ —q .1 < Imax (C1) the specific value for that site if any is given in the study

Amax . [ > Imax (mentioned in brackets).

A ={
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