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Abstract

We developed a process-based model of forest growth, carbon cycling and land-cover

dynamics named CARLUC (for CARbon and Land-Use Change) to estimate the size of

terrestrial carbon pools in terra firme (nonflooded) forests across the Brazilian Legal

Amazon and the net flux of carbon resulting from forest disturbance and forest recovery

from disturbance. Our goal in building the model was to construct a relatively simple

ecosystem model that would respond to soil and climatic heterogeneity that allows us to

study the impact of Amazonian deforestation, selective logging and accidental fire on the

global carbon cycle. This paper focuses on the net flux caused by deforestation and forest

re-growth over the period from 1970 to 1998. We calculate that the net flux to the

atmosphere during this period reached a maximum of �0.35 PgCyr�1 (1 PgC5

1 � 1015 gC) in 1990, with a cumulative release of �7PgC from 1970 to 1998. The net

flux is higher than predicted by an earlier study (Houghton et al., 2000) by a total of 1 PgC

over the period 1989–1998 mainly because CARLUC predicts relatively high mature

forest carbon storage compared with the datasets used in the earlier study. Incorporating

the dynamics of litter and soil carbon pools into the model increases the cumulative net

flux by �1PgC from 1970 to 1998, while different assumptions about land-cover

dynamics only caused small changes. The uncertainty of the net flux, calculated with a

Monte-Carlo approach, is roughly 35% of the mean value (1 SD).
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Introduction

There is an on-going effort to understand the impact of

land-cover and land-use change on the global carbon

cycle (Prentice et al., 2001; Houghton, 2003), with

particular focus on the Brazilian Legal Amazon

(Houghton et al., 2000; Potter et al., 2001a) since this

region contains half of Earth’s remaining tropical rain

forests and is experiencing rapid forest clearing.

Deforestation in this region over the past three decades

has affected 10 000–30 000 km�2 yr�1, causing a net

release of 0.1–0.3 PgC yr�1 (Houghton et al., 2000), an

amount that is significant in the global carbon budget

and comparable with the interannual variability in net

carbon exchange between the atmosphere and undis-

turbed forests due to climatic variability (Tian et al.,

1998; Asner et al., 2000; Potter et al., 2001b). At the same

time, it is becoming clear that the area impacted by

selective logging and accidental fire in the Amazon

each year is of the same order of magnitude as annual

deforestation (Nepstad et al., 1999), causing a transfer of

carbon to the atmosphere of uncertain magnitude. We

developed a new numerical carbon cycle model, called

CARLUC (for CARbon and Land-Use Change) that

provides a framework to study the impacts of defor-

estation, selective logging, accidental fire and subse-

quent forest recovery on the global carbon budget.

Here, we present results for the case of deforestation

and forest re-growth in the Brazilian Legal Amazon.
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A recent study (Houghton et al., 2000) calculated a

range of values of the net carbon flux due to land-use

change in the Amazon from 1960 to 1998 using a carbon

‘bookkeeping’ model, annual rates of deforestation, and

spatially detailed maps of deforestation, forest re-

growth and forest biomass. Here, we examine three

potential sources of uncertainty in the Houghton et al.

(2000) study. First, we use a new, spatially explicit,

process-based carbon cycle model (CARLUC) to predict

mature forest carbon storage and forest re-growth rather

than using digital biomass maps derived from forest

inventory data and assuming that re-growth rate is

proportional to mature forest biomass. Second, we use

CARLUC to examine the contribution of litter and soil

carbon to the net carbon flux associated with deforesta-

tion and re-growth. These carbon stocks were not

included in the Houghton et al. (2000) study. Third, we

examine different assumptions about how land-use

dynamics affect the net carbon flux. Houghton et al.

(2000) modeled agricultural abandonment as a fixed

fraction of annual deforestation and assumed no re-

clearing of secondary forest in order to match the

proportion of deforested lands observed to be re-

growing forest in a 1986 land-cover map derived from

Landsat data. Here, we assume that land spends a

characteristic time under agriculture before being

abandoned, and then a characteristic time as secondary

forest before being re-cleared for another round of

agriculture. The turnover time of agricultural land and

re-growing forest was derived by matching the time

series of agricultural and secondary forest total area

derived from a time series of land-cover classification

maps made available by the Tropical Rainforest In-

formation Center (TRFIC) at Michigan State University.

We verify CARLUC predictions of both mature forest

carbon storage and carbon accumulation in re-growing

forests with observations or simple models derived

from empirical data. We also test the model’s predic-

tions for live aboveground biomass, coarse woody

debris, fine litter fall and wood growth with indepen-

dent observations. The sensitivity of mature forest

carbon storage to different model parameters, and the

uncertainty in our net flux and carbon storage values

are also addressed.

Methods

Overview of the CARLUC model

CARLUC is composed of five submodels: (1) forest

primary productivity, based on the 3-PG (physiological

principles in predicting growth) model (Landsberg &

Waring, 1997); (2) carbon allocation and turnover of live

C pools in undisturbed forests, based on the approach

taken by NASA-CASA (Potter et al., 1998); (3) decom-

position of dead organic matter, based on the Roth-C

model (Jenkinson, 1990); (4) transfers between different

compartments of the carbon model due to forest

disturbance, from the WHRC Carbon Bookkeeping

Model (Houghton et al., 2000); and (5) land-cover

dynamics, which can either be taken from the literature

(e.g. Houghton et al., 2000) or inferred from a time

series of satellite derived land-cover maps of the

Brazilian Amazon, as described below.

In the model, carbon enters the forest through net

primary production (Fig. 1). It is then allocated between

wood, leaf and fine roots using fixed allocation

parameters. Leaves and fine roots eventually die and

enter fine detritus pools, while wood passes to a coarse

detritus pool. Fine and coarse detritus decompose,

returning some of the carbon to the atmosphere, while

the remainder passes to soil humus, which also

decomposes, but more slowly. Deforestation causes a

redistribution of the ecosystem carbon pools, combust-

ing wood and aboveground litter, creating inert charcoal

and sending a large fraction of live wood to woody

debris, which is either combusted, converted to char-

coal, or left to decompose. A small fraction of wood is

passed to a ‘wood product’ pool that decays over time.

The following sections will present the structure of

each submodel including the parameter values chosen

for the Amazon basin, the details of the net flux

calculation, and the procedure used for sensitivity

testing of CARLUC.

Forest productivity modeling

We based the net primary productivity (NPP) calcula-

tion on algorithms in the 3-PG model because it is a

general model based on physiological principles that

Fig. 1 Diagram of carbon flows in the CARLUC (CARbon and

land-use change) model.
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should apply across different forest and biome types

(Landsberg & Waring, 1997), yet captures the influence

of climate and soil variability on forest growth. NPP is

calculated monthly, to capture seasonality of climate in

the Amazon, but in this paper interannual variability is

not considered. The following equations are used for

the NPP calculation:

NPP ¼ cpp � GPP; ð1aÞ

GPP ¼ 0:012 � a� uAPAR; ð1bÞ

uAPAR ¼ APAR � MINðfy; fDÞfT; ð1cÞ

APAR ¼ PAR0 � ð1 � e�l�LAIÞ: ð1dÞ

3-PG calculates NPP (in Mg of dry matter per hectare

per month, 1 Mg5 1�106 g) as constant fraction of

gross primary productivity (GPP), using an NPP/GPP

ratio (cpp5 0.45 � 0.05, unitless) based on empirical

evidence (Landsberg & Waring, 1997). In CARLUC, we

convert from dry matter mass to carbon mass by

assuming that carbon in forests is 50% of the dry mass.

Recent work near Manaus suggests that the cpp value in

the Brazilian Amazon may be closer to 0.3 (Chambers

et al., in press). While our Monte-Carlo approach allows

us to capture some of the uncertainty in this parameter,

the implications of using a lower cpp value are included

in the Discussion section.

GPP is calculated by multiplying the amount of

‘utilizable’ absorbed photosynthetically active radiation

(PAR) (uAPAR, moles of PAR per hectare per month) by

an optimal quantum efficiency term (a) that represents

the number of moles of carbon fixed per mole of

uAPAR photons absorbed. The uAPAR is determined

by the incident PAR at the top of the forest canopy

(PAR0), by the amount of leaf area available to absorb

the incident radiation (LAI), and by climatic and

edaphic constraints on production, represented by the

multipliers (fi values ranging from 0 to 1) for the

limitations imparted by soil water deficit defined by the

ratio of the amount of water in the rooting zone to the

maximum possible amount (y), atmospheric vapor

pressure deficit (VPD) and suboptimal temperature

(T), respectively. In the model, soil water depletion and

VPD independently influence stomatal closure, and

therefore productivity is limited by the more severe of

the two constraints. Leaf area index (LAI, the total one-

sided leaf surface area over a given square meter of

land area, integrated from the ground to the top of the

canopy) is predicted as a function of live leaf biomass

multiplied by a single specific leaf area value (SLA, the

area/mass ratio of foliage), and used to calculate the

fraction of incident PAR absorbed by the forest canopy.

PAR absorption is modeled using Beer’s Law, assuming

that a constant fraction of short wave radiation is

absorbed as it passes through a unit of LAI in the forest

canopy. The Beer’s Law coefficient is set at l5 0.7, the

default value for the 3-PG model, and close to the value

(l5 0.74) used in a study of radiation use efficiency in

the Amazon (Saldarriaga & Luxmoore, 1991). An

average quantum efficiency of a5 0.035 was based on

the literature (Landsberg & Waring, 1997). The factor

0.012 in Eqn (1b) is a conversion from moles of carbon

fixed per m2 of land area to kilograms of carbon fixed

per m2 of land area.

We use the same algorithms as 3-PG for calculating

the SW deficit, VPD, and temperature constraints on

NPP (Landsberg & Waring, 1997). We have not

included limitation of productivity by fertility in the

current version of the model because it is not clear how

we could generate an appropriate soil fertility modifier

for the entire Amazon. Recent measurements across the

Amazon, including areas outside Brazil, suggest a

relationship between stem growth and soil fertility

(Malhi et al., 2003), although it is not entirely clear

whether this effect is due to limitations on gross

productivity or to changes in allocation with soil

fertility. If the effect is due to changes in allocation, it

would be inappropriate to apply a modifier to

productivity. A simple model for soil moisture is

included to assess water limitation, using gridded

precipitation data and the Penman–Monteith formula-

tion for evapotranspiration directly from 3-PG. The soil

moisture modifier is calculated as a function of the

moisture ratio (ry), defined as

ry ¼
ðCurrent soil water content þ water balanceÞ

ðMaximum available waterÞ : ð2Þ

Available water (mm) represents the maximum plant

available water integrated over the entire rooting zone,

which is dependent on the hydrological characteristics

of the soil and the tree rooting depth. Water balance is

the difference between precipitation and evapotran-

spiration over a month. Soil water can neither exceed

the maximum available water nor fall below 0 mm.

We assume that all forests in the Amazon have access

to a maximum of 5 m depth in the soil profile for water,

in recognition of observations of deep roots in the

Amazon (Nepstad et al., 1994). The maximum rooting

depth is spatially uniform in the model because

controls on maximum rooting depth, while critical to

understanding forest productivity and regional hydrol-

ogy, are still poorly understood. Maximum plant-

available soil water across the Amazon is based on

the relationship between soil texture and water-holding

capacity and has a spatial resolution of 8 km (Potter

et al., 1998). The soil water modifier, fy is calculated as

fy ¼
1

1 þ ½ð1 � ryÞ=cy�ny
: ð3Þ
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3-PG requires four soil texture ‘categories’ (clay, clay-

loam, sandy loam and sand) to calculate soil water

modifier of primary production (Eqn (3)). The constants

ry and cy have higher values for coarse vs. fine soils,

reflecting the higher water potential in sand vs. clay for

a given soil water content (Landsberg & Waring, 1997).

We used previously derived soil texture categories

(Potter et al., 1998) that were based on clay content

alone (FAO/UNESCO, 1971) and the soil texture

triangle (Soil Survey Staff, 1990) to derive the four soil

texture categories (Table 1). The soil texture dataset also

has a grid size of 8 km � 8 km.

The 3-PG model reduces carbon fixation and evapo-

transpiration in response to atmospheric VPD using a

negative exponential function (i.e. fD 5 e�k � VPD) to

describe stomatal closure. The exponential coefficient

(k) determines the model’s sensitivity to VPD. In these

simulations k was assigned a value 0.25 kPa�1, giving a

good fit to measurements in a tropical forest (Granier

et al., 1995). SLA is set to a constant value of 20 m2 kg�1

of leaf carbon, similar to values observed in the

Amazon (Carswell et al., 2000) assuming that foliage

is �50% carbon by mass.

Rather than calculating the flux for each 64 km2 pixel

in the model, we group the Amazon into 100

‘productivity classes’ based on the product of incident

PAR and the climate modifiers included in Eqn 1(c).

This product can be thought of as an index of how good

the climate in a particular location is for growing plants.

The classes are calculated by dividing the range of

values into 100 bins. This aggregation leads to a

substantial savings in the computation time needed to

run the model for our model domain of �76 000 model

pixels.

We use the 1961–1990 monthly averaged precipita-

tion and temperature datasets from East Anglia

Climatic Research Unit CRU05 global climatology

(New et al., 1999) to drive the model (pixel size

0.51�0.51). The radiation data used in the model,

including both PAR and total shortwave radiation,

were produced as part of the NOAA/NASA Pathfinder

project. Both datasets have a scale of 0.51�0.51 and

temporal resolution of 1 month, averaged over the

years 1990–1992. PAR is used to calculate primary

productivity as the term PAR0 in Eqn (1d) and total

shortwave radiation is used in the Penman Monteith

calculation of evapotranspiration. These data are

derived from ISCCP DX GOES data and an atmospheric

radiation model (Pinker & Laszlo, 1992) and are

available through the international large-scale bio-

sphere–atmosphere experiment in the Amazon (LBA).

We chose to take advantage of the higher resolution of

the LBA radiation data (0.51 vs. 11 for most radiation

datasets), despite its relatively short duration.

Allocation of photosynthate and turnover rate of live
carbon pools

CARLUC uses ‘lumped’ live carbon pools to represent

wood, foliage and fine root carbon for the entire forest

stand (i.e., individual trees are not represented in the

model). The fractional allocation coefficients of carbon

between these three live biomass pools and their

turnover times are fixed, as in the NASA-CASA model.

Turnover of the three pools is modeled as a first-order

loss process, with a characteristic turnover time for each

pool. Our rationale is that existing data do not permit a

more process-based modeling of the factors controlling

allocation and turnover across the Amazon. Measure-

ments of aboveground biomass accumulation during

secondary succession in the Amazon also support the

idea that aboveground biomass can be modeled

assuming a constant turnover time over the entire

course of forest re-growth (Salimon & Brown, 2000). We

calculated the fractional allocation coefficients to match

observed aboveground biomass and LAI at field sites

near Manaus, where sufficient data are available

(Honzak et al., 1996; Roberts et al., 1996; Nascimento

& Laurance, 2002). These coefficients were then applied

for all simulations across the entire Legal Amazon.

The size of the different carbon pools predicted for

mature forests in the model depend on both the inputs

into the pool (wood, leaves, etc.), and the transfer of

carbon out of that pool. Therefore, if we are trying to

match the observed LAI and aboveground biomass, the

calculated fractional allocation coefficients will depend

on our choices for the turnover times of the live

biomass pools. We use the results from a study near Rio

Branco, Acre State (Salimon & Brown, 2000) to estimate

the turnover time of live wood. In that study, a simple

curve of the form B(t)5B0 (1�e�at) was fit to measure-

ments of standing aboveground biomass data during

Table 1 Translation of soil texture categories to 3-PG/

CARLUC categories

Previous texture

category* % Clay*

3-PG/CARLUC

category (code)

Coarse o20 Sand (1)

Coarse–medium o30 Sandy/loam (2)

Medium o48 Clay/loam (3)

Medium–fine o67 Clay (4)

Fine 467 Clay (4)

Lithosol

Organic Clay (4)

*Potter et al. (1998).

3-PG, physiological principles in predicting growth; CARLUC,

CARbon and Land-Use Change.
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secondary succession, yielding a turnover time of

aboveground biomass (a�1) of 40–65 years depending

on the value of mature forest biomass (B0) used for the

calculation. Consistent with this result, we chose a

default value of 50 � 5 years for live wood turnover

time. We chose an empirical approach to setting the

wood turnover time because tree mortality is a

stochastic process that is difficult to model. As

discussed below in the Discussion section, ongoing

field studies are now elucidating spatial patterns of

biomass turnover and possible controlling variables.

These relationships can be built into subsequent

versions of the model. We also use a turnover time of

foliage of 12 � 6 months (Roberts et al., 1996), and a

turnover time of fine roots of 12 � 6 months, which is

consistent with values in the literature (Gill & Jackson,

2000).

To calculate aboveground biomass in CARLUC, we

assume that roughly 80% of wood in the model lies

aboveground, and 20% belowground, consistent with

the choice made by Houghton et al. (2000) and resulting

in an aboveground/belowground biomass ratio con-

sistent with forest measurements (Enquist, 2002). As

constraints, we use a value of 178 MgC ha�1 for live

aboveground biomass (Nascimento & Laurance, 2002)

and an LAI value of 5.7 (Roberts et al., 1996). Allocation

to fine roots is calculated as 1�Pw�Pf, where Pw is the

fractional allocation to wood, and Pf is the allocation to

foliage. Using our ‘best guess’ estimates for the turn-

over time of foliage and wood, the following fractional

allocation coefficients yield agreement with measured

aboveground biomass and LAI near Manaus: 0.25 of

NPP to foliage, 0.40 to wood and 0.35 to fine roots. We

vary the resulting fractional allocation coefficients by

� 10% (i.e. the fraction to foliage is 0.25 � 0.025) in the

Monte-Carlo uncertainty study (see below) to explore

the impact of uncertainty in the allocation coefficients

on forest biomass and land-use fluxes. The fractional

allocation coefficients in CARLUC are not varied with

stand age or resource availability. Evidence for alloca-

tion changes with stand age in tropical forests is

lacking. As mentioned above, the relationship between

soil fertility and allocation between aboveground and

belowground forest components is becoming clearer

(Malhi et al., 2003). In the future, experimental evidence

for ecological relationships between environmental

factors or stand development and carbon allocation

will be incorporated into the model.

CARLUC soil carbon submodel

Decomposition of dead organic matter is based on the

Roth-C Model (Jenkinson, 1990). As in Roth-C, we

consider four components of soil organic matter (SOM):

a quickly decomposed metabolic fraction, a more

recalcitrant structural component, a slow turnover

humic fraction, and inert organic carbon, representing

elemental carbon or organic carbon that is chemically or

physically protected from decomposition and has a

turnover time exceeding 50 000 years. However, we

have simplified Roth-C by using fixed first-order

decomposition rates, and added a woody debris pool.

Thus, in the current version of the model, we do not

account for the impact of changes in soil climate on soil

carbon dynamics.

Based on a recent study of soil carbon isotopes in a

Paragominas (21590S, 471310W) Oxisol (Trumbore et al.,

1995), litter inputs are assumed to be 10% ‘fast cycling’

metabolic material with a turnover time of o1 year,

and 90% ‘slow cycling’ structural material, with a

turnover time of 4 years. Soil humus is given a turnover

time of 25 years and the inert organic matter (IOM) pool

is assigned a radiocarbon isotopic signature of �993%.

The fraction of litter that passes to humus rather than

being mineralized to CO2 and the size of the IOM pool

are then calculated, which yield the best agreement

with the observed carbon storage (25.7 kgC m�2) and

bulk radiocarbon signature (�557%) measured to a

depth of 8 m in 1992 (Trumbore et al., 1995). The

optimization was performed off-line in the software

package VENSIM (www.vensim.com), using fixed litter

input rates in a version of the decomposition submodel

that includes carbon isotopes. To incorporate 13C and
14C into the model, each year’s foliar and fine root

detrital inputs were ‘labeled’ with the atmospheric

radiocarbon signature of the input year, using atmo-

spheric data from 1950 to the 1990s for the Southern

Hemisphere (Manning & Melhuish, 1994) and the

INTCAL-2000 (Stuiver et al., 1998) dataset for the

10 000 years before 1950. We assume that the input of

carbon from surface litter and root detritus each year is

a constant 1.2 kgC m�2, which balances the portion of

soil respiration arising from SOM decomposition,

which Trumbore et al. (1995) state is roughly one half

of total soil respiration (2400 gC m2 yr�1). We also

assume that fine root and leaf litter have the same

proportions of metabolic and structural material.

Coarse woody debris is considered separately from

fine litter, with a single first-order coarse woody debris

decomposition rate of 0.17 per year (Chambers et al.,

2000).

While we simulate the size of the IOM pool is

necessary for the optimization, because of the strong

influence it exerts on the bulk radiocarbon value, we do

not explicitly simulate the dynamics of the IOM pool in

CARLUC. Instead, we assume that the IOM pool will

not be affected by changes occurring on a decadal time

scale. This choice is consistent with the operation of the
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original Roth-C model. Therefore, none of our results

includes carbon stored in the IOM pool. We do simulate

the generation of charcoal during deforestation, which

is considered inert in the model, but distinguish it from

IOM, which has accumulated over millennia.

Using the Trumbore et al. (1995) measurements, we

calculate a humification coefficient of 0.17 (the fraction

of decomposed organic matter that passes to humus

rather than CO2) and an IOM pool size of 15.2 kgC m�2

(�60% of the total carbon stock). The value we calculate

for the humification coefficient is close to the Roth-C

model value (Jenkinson, 1990), which is based on the
14C labeling studies of Sorenson (Fh5 0.15). While we

do not expect the value to be exactly the same in

tropical soils, we are confident that the humification

coefficient is biologically plausible. The size of the IOM

pool is consistent with the value derived from the

radiocarbon analysis in Trumbore et al. (1995). The

model is able to match both the total carbon storage and

bulk isotopic signature to a depth of 8 m in the soil,

measured in 1992. During production runs, all of the

litter and soil pools are initialized at zero, and the

model is run to steady state before any land-use

changes are initiated. Litter inputs during the produc-

tion runs are calculated as a function of leaf, wood and

root turnover.

Disturbance carbon flows

During deforestation for agriculture (crops or pasture),

we assume the same fate for ecosystem carbon pools as

Houghton et al. (2000), with 20% of the initial above-

ground forest biomass (including coarse woody debris

generated by the undisturbed forest) combusted to

CO2, 70% left as slash, 8% removed to wood products

and 2% converted to elemental carbon. We also assume

that the entire litter layer is combusted to CO2 during

burning. The wood products pool is assumed to decay

with a time constant of 10 years, as in Houghton et al.

(2000).

Land-cover dynamics

The annual rate of primary forest clearing from 1988 to

1998 for the entire Brazilian Amazon, as determined by

the Brazilian Space Agency (INPE) by inspection of

Landsat imagery, is taken from Table 1 in Houghton

et al. (2000). We lower this rate by 12.5% to account for

the discrepancy between the INPE rate and the rate

calculated by Houghton et al. (2000) from digital

Landsat MSS imagery. The deforestation rate is given

an uncertainty value of � 12.5% to cover the range

between the two estimates. The average rate for the

period 1978–1988, taken from the literature, is derived

from remote sensing imagery (Skole & Tucker, 1993),

while we use the annual rate from the FAO for 1970–

1978 (as cited in Skole & Tucker, 1993).

The spatial pattern of deforestation is mapped by

identifying all of the pixels that are classified as cleared

land or secondary forest in the 1986 and 1992 TRFIC

land-cover classification images (resolution of 57 m).

We then use the high-resolution imagery to calculate

the fraction of each 64 km�2 CARLUC pixel that has

experienced deforestation and assume that the same

fraction of annual deforestation occurs in each pixel in

each year. Since each pixel is associated with a certain

productivity class (see the section on Forest productiv-

ity modeling, above for the definition of productivity

class), we can calculate the fraction of the total

deforested area that lies in each productivity class. This

step is necessary because different productivity classes

have different responses to land-cover change. We

assume that the spatial pattern of abandonment is the

same as the pattern of deforestation.

Annual net carbon flux calculation

The annual net carbon flux due to deforestation and

forest re-growth is calculated using an ‘impulse-

response’ approach (Thompson & Randerson, 1999).

In our study, the ‘impulse’ corresponds to the sudden

shifts in the carbon cycle model that occur during land-

cover change. The ‘response’ is the re-equilibration of

the model carbon fluxes after the land-cover change.

For example, when primary forest is cleared, there is an

immediate release of carbon due to combustion of the

downed trees and litter, and a slower release due to

decomposition of the remaining slash and stored soil

carbon. An area that is released from agriculture to

secondary forest will begin accumulating forest carbon

through primary productivity, which then passes

through the ecosystem to the detritus and soil carbon

pools. The flux response curves will vary with

productivity class, but we assume that forest recovery

is not hindered by multiple cycles of clearing and re-

growth. To calculate a flux response curve, CARLUC

generates an ensemble of 100 carbon storage response

curves for each of the 100 productivity classes, using a

Monte-Carlo approach. In the Monte-Carlo approach,

each parameter and input in the CARLUC model is

given a mean value and a standard deviation repre-

senting the parameter’s uncertainty, and assumed to

have a normal distribution (Table 2). The first derivative

of each carbon storage curve in the statistical ensemble

is a carbon flux response curve. The annual mean

carbon flux response curve and the standard deviation

are then calculated from the ensemble of monthly flux

curves.
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We use a convolution sum to calculate the net flux

due to deforestation and secondary forest growth in a

given year (e.g., 1980) by adding together the flux

contributions of land-cover changes that occurred in

preceding years (e.g., 1970–1980). The following equa-

tion is used for this purpose:

FðtÞ ¼
X100

i¼1

X29

t¼1

fðiÞ � aðt� tÞ � Rði; tÞ: ð4Þ

In Eqn (4), F(t) is the net carbon flux due to land-cover

change in year t (t5 1970–1998) for the entire Brazilian

Amazon in PgC yr�1 due to the contribution of land-

cover change that occurred from 1970 until year t. The

factor fi is the fraction of the land-cover change in

productivity class i. The product of a(t–t) and R(i,t)
summed over t is a convolution of the annual area (a)

experiencing a given land-use change t years before

year t, and the flux response curve (R) of productivity

class i to that land-use change with time (t) since it

occurred.

Uncertainty in the annual net carbon flux

Each of the terms in Eqn (4) has an associated

uncertainty. To estimate the precision of our calculated

flux due to land use and re-growth, we propagate all of

the uncertainties in our approach. The fraction of

deforestation or abandonment in each productivity

class is given a nominal uncertainty of � 10%, since

there was no error analysis of the land-cover classifica-

tions included with the TRFIC land-cover maps. The

area of primary forest cleared or abandoned each year

is given an uncertainty of 25% (� 12.5%), reflecting the

discrepancy between the INPE estimate and an esti-

mate derived from a Landsat MSS-based land-cover

classification for 1988 (Houghton et al., 2000). The

resulting uncertainty in the carbon flux response curve

is generated using a Monte-Carlo approach described

previously.

Sensitivity analysis

We use an equation from Friend et al. (1993) to calculate

the sensitivity (‘b’ factor) of the steady-state carbon

storage to each model parameter and input, using the

following equation:

b ¼ ðCþ10 � C�10Þ=Cdefault: ð5Þ

b is the sensitivity factor, Cdefault is the steady-state

carbon storage predicted by CARLUC using the best

estimate for a given parameter (Friend et al., 1993),

C1 10 is the steady-state carbon storage when the

parameter is increased by 10%, and C�10 is the

steady-state carbon storage with the parameter de-

creased by 10%. As a case study, we present the results

of our sensitivity analysis using Rio Branco, Acre State

(�10 S, 68 W), which is an LBA field site in SW

Amazonia in an area undergoing rapid deforestation.

Table 2 Parameters used in the CARLUC Model

Parameter Description Value mean � error term

cpp NPP/GPP ratio 0.45 � 0.05 (dimensionless)

a Quantum efficiency 0.035 � 0.005 (mol C (mol uAPAR)�1)

SLA Specific leaf area 20 � 5 (m2 (kg leaf C)�1)

Pw Fractional allocation to wood 0.4 � 0.04 (dimensionless)

Pf Fractional allocation to foliage 0.25 � 0.025 (dimensionless)

Pr Fractional allocation to fine roots 0.35 � 0.035 (dimensionless)

Fh Fraction of decomposed dead organic matter passing to humus 0.17 � 0.017 (dimensionless)

Fm Metabolic/structural ratio in leaves and roots 0.1 � 0.01 (dimensionless)

PAR0 Incident photosynthetically active radiation above the forest Model input (MJ m�2 month�1)

l Fractional absorption of PAR by foliage 0.7 (per unit LAI)

tw Turnover time of live wood 600 � 60 (months)

tf Turnover time of live leaves 12 � 6 (months)

tr Turnover time of live roots 12 � 6 (months)

tm Turnover time of the metabolic fraction of leaf and root litter 4 � 0.4 (months)

ts Turnover time of the structural fraction of leaf and root litter 48 � 4.8 (months)

th Turnover time of soil humus carbon 300 � 30 (months)

twd Turnover time of woody debris 60 � 6 (months)

twp Turnover time of wood products 120 (months)

CARLUC, CARbon and land use change; NPP, net primary productivity; GPP, gross primary productivity.
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Model experiments

We performed three experiments (Table 3) with the

model. In the first experiment (H0), annual abandon-

ment of agricultural land is 30% of the annual

deforestation, and changes in fine litter and soil carbon

pools are neglected, as in Houghton et al. (2000). The

second experiment (Hsoil) assumes the same rate of

agricultural abandonment, but includes aboveground

and belowground fine litter and soil carbon as integral

parts of the carbon cycle model. The third experiment

(Hlcluc) includes litter and soil carbon pool changes, and

uses a more dynamic pattern of land-cover change,

simulating both agricultural abandonment and re-

clearing of secondary forests, based on a time series

of land-cover classification maps. As in Houghton et al.

(2000), we do not simulate the production and cycling

of pasture or crop carbon in any of the model

experiments.

This more dynamic land-use change scenario in the

Hlcluc experiment was inspired by a study of land-cover

dynamics using SPOT imagery (Alves & Skole, 1996)

that documented high rates of both abandonment and

re-clearing in Rondônia in the late 1980s. Re-clearing in

the model is a dynamic within lands that have been

identified as already having been deforested, and is not

included in the INPE annual deforestation estimates,

which only assess clearing of primary forest. The area

that is cleared each year undergoes a repeated cycle in

the Hlcluc run: several years as agriculture, then

abandonment and several years of growth as secondary

forest, followed by re-clearing for another round of

agriculture. The average lifetimes of agricultural land

and secondary forest are calculated to match the time

series of total cleared area across the Legal Amazon in

the 1986, 1992 and 1996 TRFIC land-cover classification

maps. The best results are obtained if land spends

roughly 7 years as agriculture and 7 years as secondary

forest. However, the time spent as agriculture or re-

growing forest is randomly varied in the Monte-Carlo

simulations by � 2 years (1 SD), in order to include the

uncertainty in these parameters in our estimation of the

net flux. Maintenance of agricultural land is simulated

as additional rounds of slash and burning every 2 years

(Uhl et al., 1988) on cleared land. In the future, other

statistical distributions of land tenure should be tried as

more evidence becomes available (for example, if half

of the land was abandoned after 2 years and half

abandoned after 12 years). Here, we have taken the

simplest case that is consistent with the time series of

land cover based on the satellite imagery, in order to

study the sensitivity of the net flux across the Amazon

basin to very different assumptions about land tenure.

For the H0 and Hsoil experiments, we use Eqn (4) to

separately calculate the release of carbon caused by

deforestation, and the net accumulation during sec-

ondary re-growth. These fluxes are calculated by

convolving the time series of annual deforestation and

abandonment rates with the corresponding flux re-

sponse curves. The land-cover changes in the Hlcluc

experiment are too complex to separate into different

parts, so we convolve the time series of annual

deforestation with the flux response curve correspond-

ing to the repeated cycle of clearing and abandonment

used in the Hlcluc case. This approach yields a net flux

that represents a combination of disturbance and

recovery fluxes.

Results

The net flux due to deforestation and re-growth

The net flux due to deforestation and re-growth from

1970 to 1998 for experiment H0 (Fig. 2a) has a shape

similar to the results of the Houghton et al. (2000) study.

The net flux (line A) is the sum of gross flux due to

deforestation (B) and the net re-growth flux on

abandoned land (C). The net flux reaches a maximum

in 1990 of 0.35 PgC yr�1, with an uncertainty of � 35%.

The magnitude of the net flux predicted by CARLUC is

higher than the net flux presented in Houghton et al.

(2000) over the entire period 1970–1998. The re-growth

flux is similar to the Houghton et al. (2000) result,

reaching a maximum uptake of � 0.06 PgC yr�1 by

1998, so that most of the difference is due to the impact

of the higher mature forest biomass predicted by

CARLUC on the deforestation flux. We also show a

time series of the total carbon storage on land classified

as cleared or secondary forest in the 1986 and 1992

TRFIC maps (Fig. 2b) from 1970 to 1998, excluding

humus and litter pools because of the assumptions of

the H0 experiment. The total carbon storage (line A) is

the sum of two terms: the carbon stored on undisturbed

Table 3 Model experiments included in the paper

Experiment Description

H0 Annual abandonment5 0.3 � annual

deforestation; no re-clearing of secondary forest;

changes in litter and soil carbon not considered

Hsoil Annual abandonment5 0.3 � annual

deforestation; no re-clearing of secondary forest;

litter and soil carbon included as integral part of

the carbon cycle model

Hlcluc Abandonment and re-clearing more

mechanistically modeled; litter and soil carbon

included in the model
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areas plus the slash created by deforestation that has

not decomposed (line B) and the carbon re-accumulat-

ing in secondary forests (line C). The time series of

carbon storage shows that between 1970 and 1998, the

net flux due to deforestation and re-growth caused a

total net release of 6.8 PgC to the atmosphere. The net

carbon release from 1989 to 1998 is 2.8, 1 PgC higher

than the average cited in Houghton et al. (2000). A

typical flux response curve, representing the average of

100 Monte-Carlo runs, is shown for the H0 case, for the

deforestation flux (Fig. 3a), and the re-growth flux (Fig.

3b). The deforestation flux for the Hsoil experiment (not

shown) has a longer decay time because it includes soil

humus, which has a longer turnover time.

The net carbon flux predicted by the other model

experiments, Hsoil (line B in Fig. 4) and Hlcluc (line C) is

similar to the H0 case (line A), despite large differences

in the model configuration. The difference between

lines A and B in Fig. 4 shows the impact of including

litter and humus pools in the model, while the

difference between lines B and C shows the impact of

different treatments of land-use change. The Hsoil

experiment always predicts higher fluxes than the H0

experiment, and in the late 1980s, the difference reaches

� 0.05 PgC yr�1. The differences between Hsoil and

Hlcluc are more complex, with the Hlcluc flux falling

Fig. 2 (a) Time series of the net carbon flux due to deforestation

and forest re-growth from 1970 to 1998 (A), shown as the sum of

the flux due to deforestation (B) and the flux due to re-growth

(C), for the H0 experiment. (b) Time series of total carbon stored

on land classified as cleared or re-growing in the 1986 and 1992

Tropical Rainforest Information Center (TRFIC) maps (A), the

sum of carbon stored on undisturbed land plus slash remaining

after deforestation (B) and carbon stored due to secondary forest

re-growth (C). Results are from the H0 experiment.

Fig. 3 (a) Flux response curve used to calculate carbon release

due to combustion and decomposition with time after land is

cleared the in H0 and Hsoil experiments, for a representative

productivity class. (b) Flux response curve used to calculate

carbon uptake during secondary forest growth in the H0 and

Hsoil experiments, for a representative productivity class.
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below the Hsoil flux around 1990. The flux response

curves used in the Hsoil case are similar to those used in

the H0 case; however, we show a typical flux response

curve used in the Hlcluc experiment for comparison (Fig.

5). In the Hlcluc flux response curve, which is an average

of 100 Monte-Carlo simulations, there are three initial

spikes, corresponding to the initial clearing and

maintenance burning, and then cycles of carbon uptake

and release corresponding to abandonment and re-

clearing. The spikes in the flux that occur during

subsequent rounds of re-clearing are smoothed because

we vary the lifetime of cleared land in the Monte-Carlo

simulations, and the different Monte-Carlo runs are

averaged. The release of carbon from 1970 to 1998 is the

same for the Hsoil and Hlcluc experiments, totaling

7.8 PgC, which is about 1 PgC higher than the H0

experiment for this time period.

Steady-state ecosystem carbon storage

Modeled total steady-state ecosystem carbon storage in

Amazonia, including all carbon pools except for IOM,

ranges from 170 to 340 MgC ha�1, with a mean value of

285 MgC ha�1, generally decreasing from north to

south. Total live biomass, including live leaf, wood

and fine root pools, shows the same geographical

pattern, but the values range from 120 to 240 MgC ha�1

(mean 202 MgC ha�1), while carbon storage in above-

ground live biomass, assuming 80% of wood is above-

ground, ranges from 93 to 189 MgC ha�1 (mean

159 MgC ha�1). We show a map of total live biomass

(Fig. 6), including wood, leaves and fine roots, for

comparison with the maps included in a recent review

of Brazilian Amazon biomass estimates (Houghton

et al., 2001). The forest/nonforest mask in this figure

is derived from NOAA AVHRR imagery (Stone et al.,

1994), with nonforest areas (mainly savanna) shown in

dark gray. The average total live biomass (i.e., not

including woody debris) of 202 MgC ha�1 lies toward

the high end of the range between the low

(130 MgC ha�1) and high (210 MgC ha�1) estimates

based on RADAMBRASIL surveys in Houghton et al.

(2000). Comparison of predicted and measured above-

ground live biomass carbon from 22 sites in the

Brazilian Amazon (Houghton et al., 2001) showed no

significant difference (observed5 148 � 43 MgC ha�1;

Fig. 4 The time series of the net flux for the three experiments:

H0 (A), Hsoil (B) and Hlcluc (C). Fig. 5 The flux response curve for the Hlcluc experiment

combining both uptake and release terms and including both

abandonment and re-clearing.

Fig. 6 A map of total live biomass (wood1 leaves1fine roots)

for mature forests in the Legal Amazon, calculated by the

CARLUC (for CARbon and land-use change) model. NF/ND

refers to nonforest pixels, or pixels with missing data in the

forest/nonforest mask.
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modeled5 161 � 11 MgC ha�1, error term5 standard

deviation of the means).

The influence of soil water limitation on steady-state

carbon storage in the model is evident in the drier

transitional forest in eastern and southern Amazonia.

The total live biomass (leaves, wood and fine roots) for

deforested areas averages 147 MgC ha�1, which is only

73% of the predicted average value for the entire Legal

Amazon, because deforestation is concentrated in these

drier regions, along roads in the ‘arc of deforestation

and forest disturbance’ (Nepstad et al., 2001).

Total ecosystem carbon storage is dominated in all

regions by the carbon in tree stems due to the long

turnover time of this carbon pool and the relatively

high flow of carbon into the pool via NPP. The

partitioning of ecosystem carbon storage for a pixel

near Manaus at steady state shows the majority of total

carbon storage in stem wood, on the order of 60%,

assuming 80% of wood is aboveground. The uncer-

tainty of the steady-state biomass, derived using the

Monte-Carlo technique, is roughly 35% of the mean

value (1 SD).

Model sensitivity

The CARLUC model is most sensitive to the factors that

determine the storage of carbon in wood: factors that

affect net primary production (radiation, light use

efficiency, fraction of gross photosynthesis going to

respiration), factors that decide the fraction of NPP

going to wood and the turnover time of wood (Fig. 7).

This sensitivity to storage in wood arises because that

carbon pool has a large input and long turnover time,

and thus has a high capacity to store carbon, as has

been noted elsewhere (Chambers et al., 2001). The soil

carbon submodel parameters have little effect on the

predicted ecosystem carbon storage. The reason is that

relatively little carbon is passed to the soil pools, and

the turnover times are relatively fast, leading to small

amounts of carbon storage. The most surprising result

of the steady-state carbon storage sensitivity testing is

the sensitivity to maximum temperature in the model.

While temperature has little direct effect on plant

production in the model (the temperature in the

Amazon is ideal for plant growth), maximum tempera-

ture has a large indirect effect through the soil moisture

budget. If maximum temperature is increased by 10%

in the model (a large increase in mean annual

temperature of roughly 3 1C), VPD in the model

increases disproportionately because of the nonlinear

relationship between temperature and saturated vapor

pressure. Increased VPD has a small direct effect on

photosynthesis due to decreased stomatal conductance.

However, high VPD also leads to faster soil water

depletion due to evapotranspiration. In areas with

seasonal drought, increased soil water deficit leads to

decreased NPP in the model. Therefore, inaccurate

temperature inputs could lead to biases in the model

predictions.

Discussion

Carbon flows in mature forests – comparison with
independent data

We calibrated fractional allocation in the model using a

single site near Manaus, based on observed mature

forest LAI and aboveground biomass. To check that the

model is accurate in other sites, and for processes that

were not considered in the calibration, we compare the

predictions made by the model for aboveground

biomass, annual stem growth, litterfall and coarse

woody debris with measurements made by different

LBA-Ecology teams in the FLONA Tapajos (approxi-

mately 2.91S, 551W). The CARLUC model, using the

CRU05 climatology, predicts mature forest above-

ground carbon storage in live tree biomass of

180 MgC ha�1, annual aboveground stem growth of

3.6 MgC ha�1 yr�1, annual litterfall of 2.8 MgC ha�1 yr�1

and steady-state coarse woody debris of 22 MgC ha�1 at

FLONA Tapajos.

Measurements of aboveground live biomass include:

197 MgC ha�1 (1984 IBAMA survey, Miller et al., 2003),

185 MgC ha�1 (2000 TREVISO survey, Miller et al., 2003)

and 132 MgC ha�1 (range 79–209, Keller et al., 2001) at

the km 83 site (includes corrections for small trees,

vines and epiphytes); 145.3 � 5.7 (Rice et al., 2003) in

live trees 410 cm diameter at breast height (dbh) at the

km 67 site in 2001; 152.5 MgC ha�1 (Nepstad et al. 2002)

in trees �10 cm dbh and lianas �5 cm diameter in the

control plot at the Seca Floresta experiment. Therefore,

the model result for aboveground live biomass in trees

Fig. 7 The sensitivity of mature forest biomass to different

model parameters in CARLUC (for CARbon and Land-Use

Change), shown for Rio Branco, Acre State.
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is toward the upper end of the range of observations,

which range from about 130 to 200 MgC ha�1. The

comparison is a bit complicated in that we did not

consider lianas and epiphytes, while some of the

biomass inventory measurements did not consider

small trees. Our prediction of CWD (22 MgC ha�1) is

in line with measurements at Tapajos. Rice et al. (2003)

found that fallen coarse woody debris 410 cm totaled

23.3 � 6.1 MgC ha�1.

Our prediction of aboveground carbon accumulation

in live stems (3.6 MgC ha�1 yr�1) is higher than mea-

sured values. Measurements include 2.9 MgC ha�1 yr�1

in trees �10 cm dbh at the Seca Floresta control plot

(Dr Daniel Nepstad, unpublished data) based on 2.5

years of measurements and 3.28 � 0.23 MgC ha�1 yr�1

at the km 67 site (Rice et al., 2003), also in stems

�10 cm dbh. Measurements at the km 83 site are similar

to the km 67 results (Goulden et al., 2003). It is unclear

what proportion of carbon accumulation is occurring at

these sites in stems o10 cm dbh, but accounting for

these small trees would increase these estimates of

annual wood growth. Our prediction can also be

compared with the 3.4 MgC ha�1 yr�1 we derived by a

linear regression of the Zarin et al. (2001) data of

aboveground biomass vs. age (see below), assuming

that the majority of aboveground biomass accumula-

tion in re-growing stands goes into wood.

Compared with Tapajos measurements, the model

(2.8 MgC ha�1 yr�1) underestimates litterfall. Four years

of measurements in the Seca Floresta control plot yield

an average annual fine litterfall rate of about

3.3 MgC ha�1 yr�1, including foliage, fruits, seeds, flow-

ers and twigs o1 cm diameter (Dr Daniel Nepstad,

unpublished data). Measurements at the km 67 site

total 3.96 MgC ha�1 yr�1 in leaves and 5.74 MgC ha�1

yr�1 if fruit, flowers and twigs o2 cm diameter are

included (Rice et al., 2003). Litterfall at the km 83 site

totals 3.1 MgC ha�1 yr�1, counting only leaves (A.M.S.

Figueira, unpublished data). An underestimation of

litterfall can be explained by the value we chose for

SLA. We chose a value of 10 cm2 (gDW)�1 (20 cm2 gC�1)

from the literature, while measurements at the km 83

site (A.M.S. Figueira, unpublished data) suggest the

value is somewhat lower, roughly 8.7 cm2 g�1. There-

fore, the model allocates less carbon to foliage when

matching the observed LAI at the ZF2 site in Manaus

during the model calibration. If we used an SLA of 8.7,

litterfall would be 3.2 MgC ha�1 yr�1. Slight biases

in predicted leaf biomass and litterfall will cause

only small inaccuracies in our results, because they

represent small carbon pools in the model. Small

biases in LAI will also have little impact on forest

productivity because at LAI45, 97% of incident PAR is

absorbed.

A final comparison involves GPP, which is under-

estimated by the model (24.7 MgC ha�1 yr�1, using the

Pathfinder PAR data) compared with an estimate based

on eddy covariance measurements at the km 83 site

(�30 MgC ha�1 yr�1, Miller et al., 2003). This under-

estimate is balanced by our model value of the forest

carbon use efficiency (cpp), which may be higher than

the true tropical forest value, as mentioned above (see

Chambers et al., in press), so that our predicted NPP is

less biased than GPP. Our underestimate of GPP may be

caused by our choice of canopy quantum efficiency. The

gridded Pathfinder PAR dataset gives a radiation input

of 7417.5 mol PAR m2 yr�1. Dividing 30 MgC ha�1 yr�1

(measured GPP) by this radiation input, after convert-

ing to the proper units, gives a canopy quantum

efficiency of 0.034 mol C fixed per mole radiation

utilized, assuming that all radiation is absorbed and

utilized by the canopy. However, it is likely that not all

incoming PAR is absorbed and utilized by leaves. Some

falls on nonphotosynthetic components (including the

forest floor), and some may not be utilized because of

environmental limitations on photosynthesis such as

high VPD. Therefore, the true canopy radiation use

efficiency may be higher than our model value of 0.036.

For comparison, the GLO-PEM model (Prince &

Goward, 1995) predicts a higher canopy quantum

efficiency (a5 0.04) at 26 1C. Comparison with seasonal

variation in NEE would be instructive, but until we

include sensitivity of soil and litter decomposition to

variability in soil climate, the comparison is not

meaningful. We used fixed turnover times in the

decomposition submodel because we were interested

in long-term changes in ecosystem carbon storage.

What have we learned from the comparison between

model predictions and measurements at the FLONA

Tapajos? Allocation to wood is too high in the model,

unless including stem growth in stems o10 cm in the

measurements is significant. A smaller allocation to

wood would require a longer residence time for wood

to match the observed aboveground living biomass

carbon storage. A longer residence time in wood would

still be consistent with the range of estimates from the

Salimon & Brown (2000) study, and also with basin-

wide measurements that show increasing turnover time

with decreasing stem growth, such that forests accu-

mulating less than 3 MgC ha�1 yr�1 in stems have

turnover times 450 years (Malhi et al., 2003). In

addition, we will use a lower value of SLA in the

future, which will have the effect of raising the fraction

of photosynthate allocated to leaf production and

simulated litterfall. We will also likely use a higher

value for the canopy quantum efficiency and a lower

value of carbon use efficiency, so that we can be more

consistent with observed GPP and yet account for
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measurements indicating that carbon use efficiency is

lower in tropical forests than in temperate forests, while

not causing biases in NPP. The range in observed

aboveground biomass does not make this a very strong

constraint on the model; however, it is encouraging that

our estimate lies within the observed range. Lastly,

there are significant amounts of carbon cycling through

tropical ecosystems in forms not simulated by the

model, such as lianas, small twigs, flowers and fruit.

The absence of these carbon pools in the model make

comparison with measurements more difficult, as does

the lack of measurement of the smallest diameter

classes in the forest.

Perhaps the most important point to be learned from

the model/observation comparison is the necessity to

consider as many ecological processes as possible in the

initial model calibration. We initially focused on mature

forest biomass because this is the major control on the

carbon released by deforestation, and we predict

aboveground live biomass consistent with the observa-

tions. However, it is possible to get the right amount of

carbon storage with offsetting errors in the inputs into a

carbon pool and the turnover of that pool. Our

comparison with observations at FLONA Tapajos is

helpful in improving our understanding of the mechan-

isms controlling steady-state carbon storage in these

forests.

Recovery of aboveground carbon in secondary forests

We use data included in a recent synthesis study of

aboveground biomass accumulation in re-growing

Amazonian forests (Zarin et al., 2001) to predict above-

ground carbon storage after 20 years of re-growth in

Amazon for comparison with CARLUC. We fit a line to

a graph of aboveground biomass vs. stand age for

nonsandy sites, pinning the intercept at 0 MgC ha�1,

and multiplying the slope by 0.5 (ratio of carbon to dry

weight of biomass) to get aboveground carbon accu-

mulation. The resulting best-fit line has an R2 value of

0.6 and a slope of 3.4 MgC ha�1 yr�1. Based on this

simple model, a 20-year-old forest will have live

aboveground biomass carbon storage of roughly

68 MgC ha�1. CARLUC predicts accumulated above-

ground carbon near Manaus after 20 years of

60 MgC ha�1, slightly lower than predicted by the stand

age–carbon storage relationship derived from the data,

and much lower than the 100 MgC ha�1 predicted using

the algorithms from the Houghton et al. (2000) study. By

comparison, the relationship between aboveground

biomass and GSDY, a heat sum index described in

Zarin et al. (2001), predicts aboveground carbon storage

of 95 MgC ha�1 for nonsandy soil near Manaus,

assuming that forest biomass is 50% carbon. We predict

carbon storage as a function of stand age as well as

GSDY because, for the sites presented in Zarin et al.

(2001), GSDY is highly correlated with stand age

(R25 0.98). None of the unexplained variance of the

relationship between aboveground biomass and stand

age is explained by climate, using the GSD values

included in the paper. Therefore, we conclude that it is

equally valid and simpler to predict biomass accumula-

tion using stand age for the sites they present.

Uhl et al. (1988) found that the relationship between

stand age and aboveground biomass varied with prior

land-use intensity. CARLUC predicts 49 MgC ha�1 for a

20-year-old forest in Paragominas, while the empiri-

cally derived equations predict 115.5 MgC ha�1 under

light-intensity prior land use, and 45.5 MgC ha�1 under

medium-intensity prior land use. The variability with

land-use intensity is equivalent to the spread of values

in the Zarin et al. (2001) data. We emphasize that an

understanding of the relationship between biomass

accumulation and prior land-use intensity is critical for

modeling carbon accumulation in re-growing forests.

The CARLUC model probably most closely resembles a

medium-intensity land use, because we do not simulate

the rapid recovery of biomass produced by sprouting of

stumps and roots that occurs following light-intensity

land use.

Climate controls on forest productivity

Across the Amazon, CARLUC predicts a spatial pattern

of 20 years aboveground carbon storage that is the same

as the pattern for mature forests. Therefore, we agree

with Zarin et al. (2001) that across the entire Amazon,

climate may be an important control on productivity,

but suggest that for the sites they present, there is either

little enough climate variation so that GSDY is not a

significant factor, or that GSDY as defined for the

tropics does not capture the impact of climate variation.

The spatial pattern of carbon storage in CARLUC

clearly reflects the spatial pattern of soil water limita-

tion (Fig. 8).

In areas of adequate soil moisture (i.e. fy greater than

0.9), biomass and productivity correlate positively with

insolation (Fig. 9). The scatter in Fig. 8 is caused by

variability in the fD modifier, which describes the

limitation on evapotranspiration and carbon fixation

due to atmospheric VPD. Insolation is a factor that is

not accounted for in the relationship between heat sum

index and aboveground biomass presented in Zarin

et al. (2001). In fact, GSDY and annual insolation appear

to be anticorrelated based on our climate and radiation

datasets, such that we predict lower biomass levels in

the northwest portion of the basin, where the GSDY

relationship predicts the highest biomass. Wet areas in
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the Amazon are cloudy for much of the year (Asner,

2001).

Recent basin-wide measurements (Malhi et al., 2003),

including areas outside of the Brazilian Legal Amazon,

show little relationship between stem growth rate and

climatic variables, including average air temperature (a

weak relationship which may be more related to a

correlation between soil fertility and temperature),

annual rainfall, average length of the dry season, and

average incoming radiation. It may be the case that the

climate forcing of stem growth is masked in this dataset

by the differences in soil fertility between volcanically

derived upland sites and low-fertility lowland sites.

Alternatively, climate variables such as average annual

rainfall are only indirectly related to plant available

water, which is a function of soil depth and seasonal

changes in the water balance. Since we are only

considering the Brazilian Legal Amazon, and not the

upland volcanically derived soils, we would expect to

see less influence from soil fertility, so that correlations

with climate may be more pronounced.

Soil carbon dynamics

How representative is the soil model derived from the

Trumbore et al. (1995) Paragominas study for the entire

area impacted by deforestation? Evidence has been

gathered that soil carbon storage is lower in sandy vs.

nonsandy soils in the Amazon (Silver et al., 2000). We

did not address this difference in the model for two

reasons. First, sand soils represent a relatively small

area in the Legal Amazon, on the order of 7.5% taking

the sum of the contributions of Psamments and Podzols

from the EMBRAPA soil map (Moraes et al., 1995; Potter

et al., 1998). Second, we assume sandy areas are less

likely to be cleared for cultivation because of their poor

fertility. The Paragominas soil measurements were

made in an Oxisol, a deeply weathered clay soil that

is very common in eastern and southern Amazonia

(Trumbore et al., 1995) where deforestation is concen-

trated. Further radiocarbon studies should help deter-

mine the degree to which the turnover times,

humification factor and size of the IOM pool vary in

different types of clay soils across the Amazon.

Land-cover dynamics

The land-use dynamics in the Hlcluc experiment cause

the ratio of re-growing forest to cumulative deforesta-

tion for the Legal Amazon to eventually rise above the

30% value used to set the rate of agricultural abandon-

ment in Houghton et al. (2000), almost reaching 50% by

1998. Our simple model suggests that the annual rate of

re-clearing of secondary forest rivaled that of primary

forest clearing by the late 1990s. The time series of

cleared land area is accurately simulated by the Hlcluc

land-cover model (line B in Fig. 10a), while the land-

cover change assumed in the H0 and Hsoil cases leads to

an overestimate of cleared area (line A in Fig. 10a)

compared with the TRFIC data (line C). The area of

secondary forest is overestimated by the Hlcluc land-

cover dynamics (line B in Fig. 10b); however, the area of

secondary forest in the TRFIC land-cover maps is likely

underestimated, because after about a decade, the

spectral signature of secondary forest becomes indis-

tinguishable from primary forest (Alves & Skole, 1996).

The degree of underestimation is open to question. The

time series of cleared area, and also of secondary forest,

predicted by the H0 and Hlcluc experiments cross at

�1983, then diverge in the early 1990s. This behavior of

Fig. 8 The relationship between aboveground carbon storage

after 20 years of re-growth and the soil water deficit modifier of

primary productivity predicted by CARLUC (for CARbon and

land-use change).

Fig. 9 A graph of total annual photosynthetically active

radiation (PAR) flux (MJ m�2 yr�1) vs. aboveground carbon

storage after 20 years of re-growth for pixels not experiencing

water stress (fy40.9).
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land cover causes the crossing of the net flux curves for

these two experiments (Fig. 4). The fact that the total

amount of carbon released from 1970 to 1998 by land-

use change is the same for the Hsoil and Hlcluc cases

implies that the net flux is driven more by the time

series of the deforestation rate than by assumptions of

land tenure practices.

The lifetimes of abandoned land and cleared land are

consistent with the evolution, over 6 years, of areas

identified in Rondônia as being either cleared land

(with no secondary vegetation) or secondary forest in

1986, using SPOT imagery (Alves & Skole, 1996). Only

40% of pixels identified as cleared land or secondary

forest in 1986 maintained that classification by 1992,

underscoring the dynamic nature of land cover in the

Amazon, and the degree to which secondary forest is

re-cleared for agricultural purposes. By comparison, a

pattern of exponential decay with a time constant of 7

years decreases in magnitude by about 40% in 6 years.

The results are also consistent with land-use practices

in pastures of eastern Amazonia, where roughly 70% of

the land is abandoned after 6–12 years of use (Uhl et al.,

1988).

In the future, a better way to parameterize the land-

use transitions would be to replicate the study of Alves

& Skole (1996) of pixel-by-pixel land-cover change for

the entire Amazon basin, using the basin-wide land-

cover classification maps from TRFIC. However, there

are currently problems with the co-registration between

images from different years, causing problems for

change-detection techniques. One of the most valuable

pieces of information for this type of study would be

accurate co-registration of the basin-wide TRFIC maps.

The impact of land use on productivity

We chose not to decrease the primary productivity of

secondary forests to reflect the possible impacts of

deforestation on soil nutrients. Recent work has

indicated that even a long period of shifting cultivation

does not adversely impact the concentration of major

nutrients in secondary forest tissue (Johnson et al.,

2001), so that secondary forest growth may not be more

nutrient limited than primary forest. While Amazonian

soils are notoriously poor for long-term crop produc-

tion in the absence of fertilizer addition, forest

ecosystems have evolved strategies to efficiently recycle

nutrients (Herrera et al., 1978; Stark & Jordan, 1978),

and secondary forests may grow quickly enough to

recapture nutrients before they are lost through leach-

ing (Harcombe, 1980). There is evidence that the

intensity of agriculture, in terms of mechanization and

the number of times a pasture is burned, is related to

the rate of biomass recovery (Uhl et al., 1988). However,

the authors of that study hypothesized that the

differences in recovery rate were due to the depletion

of tree roots and stumps (which can sprout new

aboveground biomass) and the distance of seed sources

rather than to changes in nutrient stocks.

Summary and conclusions

Using CARLUC to simulate forest carbon storage and

dynamics but keeping the rest of the model setup the

same as the Houghton et al. (2000) study (soil and litter

carbon dynamics not considered, annual agricultural

Fig. 10 (a) Time series of total cleared area in the Brazilian

Legal Amazon predicted by the Houghton et al. (2000) study (A),

predicted by the Hlcluc experiment (B), and calculated from the

TRFIC land-cover classification maps from 1986, 1992, and 1996

(c) (b). Time series of secondary forest area in the Brazilian Legal

Amazon predicted by the Houghton et al. (2000) study (A),

predicted by the Hlcluc experiment (B), and calculated from the

Tropical Rainforest Information Center (TRFIC) land-cover

classification maps from 1986, 1992, and 1996 (c).
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abandonment equal to 30% of that year’s deforestation)

raises the net release of carbon from 1989 to 1998 by

1 PgC. Inclusion of litter and soil carbon dynamics

raises the net release of carbon relative to our CARLUC

base case (H0) by 1 PgC over the period 1970–1998.

Using a different model of land-cover dynamics caused

changes in the time series of the annual net flux, but no

change in the cumulative release of carbon. Our results

suggest that an accurate knowledge of the rate and

pattern of deforestation is as important as detailed

simulation of ecosystem physiology and carbon cycling

for determining the net flux due to deforestation and

forest re-growth. In addition, we emphasize that the

uncertainty in the net flux due to land-cover change in

the Amazon will only be decreased with more precise

and geographically distributed measurements of ma-

ture forest biomass and carbon dynamics, of the type

being collected as part of the LBA-Ecology project.

Using a mechanistic model will not achieve this goal on

its own, if the model inputs and parameters are

uncertain.

In CARLUC, one of the most important and least

well-constrained parameters is the turnover time of

wood. Wood is the major carbon reservoir in tropical

forests on decadal to centennial time scales due to a

large carbon input via NPP and a relatively slow

turnover time. An understanding of the controls on

tropical forest wood turnover time on a regional scale

would substantially reduce the uncertainty in this type

of study. Currently, as part of LBA and the RAINFOR

project (Malhi et al., 2002, 2003), biomass turnover time

and stem growth are being measured across the entire

Amazon basin, and related to both climatic and edaphic

variation. These regional-scale measurements will

greatly improve our understanding of the fundamental

drivers of carbon dynamics in Neotropical forests, and

will be incorporated into future versions of the

CARLUC model.

Future work with this model will include study of

selective logging and accidental fire impacts on the

Amazon carbon budget. A decomposition model that

includes sensitivity to seasonal and interannual climate

variability could be substituted for the invariant version

used here. Lastly, the model will be applied in other

regions of the globe to study land-use change and

carbon cycle issues.
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