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a b s t r a c t
Tropical deforestation has reduced the extent of natural forests, which conserve biodiversity, provide
essential resources to people, and reduce climate change by storing carbon. Forest conservation projects
need tree species data to effectively manage biodiversity while greenhouse gas reduction programs
require robust methods to estimate forest carbon. Here, we use ﬁeld measurements, remote sensing,
and Monte Carlo analyses to quantify tree biodiversity and aboveground carbon changes and uncertainties in 5200 km2 of Amazonian and Yungas rainforest and other land around the Parque Nacional Yanachaga-Chemillén and two other protected areas in the Selva Central, Peru. Field inventories of 17 ha found
438 tree species in 156 families. Field measurements of 10,838 trees and Monte Carlo analyses of uncertainties in measurements, allometric equations, wood density, and the carbon fraction of biomass showed
that aboveground live carbon densities were 93 ± 39 Mg ha1 (mean ± 95% conﬁdence interval [CI]) in
old-growth forest and 40 ± 10 Mg ha1 in secondary forest. Carbon density was signiﬁcantly correlated
to tree species richness (P < 0.0001). Supervised classiﬁcation of Landsat images showed a 1989–2005
net deforestation rate of 0.3% y1, reduction of forest cover from three-quarters of the area to two-thirds,
and net degradation of additional forest equivalent to half the deforested area. A Monte Carlo analysis
that combined carbon density and remote sensing uncertainties showed that forest changes caused statistically signiﬁcant net emissions of 1.6 ± 0.4 million Mg carbon. Allometric equations and remote sensing accounted for most of the uncertainty. Multivariate statistical analyses showed that, of six factors
examined, distance to roads most explained historical deforestation patterns. The protected areas experienced no net deforestation, very low degradation, and very low change close to roads. Projection of
potential forest cover to 2021 indicates that a Reducing Emissions from Deforestation and Degradation
(REDD+) project could avoid gross emissions of 2.8 ± 0.8 million Mg carbon. One-eighth of the area would
be eligible for afforestation or reforestation under the Clean Development Mechanism (CDM), with credit
for carbon storage occurring above a projected baseline gross reforestation rate of 1.8% y1. These activities could conserve tropical forest carbon and biodiversity.
Ó 2013 Elsevier B.V. All rights reserved.

1. Introduction
Tropical forests protect globally unique biodiversity, provide
wood, water, food, and other vital resources to local people, and
help reduce climate change by storing carbon. Tropical countries
contain a majority of the world’s endemic plant species (Joppa
et al., 2011), old-growth tropical forests are the most species-rich
in the world (Gibson et al., 2011), and this biodiversity enhances
the forest productivity that sustains many people (Cardinale
et al., 2012).
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Tropical forests also remove substantial quantities of greenhouse gases from the atmosphere, reducing the magnitude of climate change. Tropical forests removed carbon from the
atmosphere at a 1990–2007 rate of 2.8 ± 0.4 Gt y1 (mean ± SD;
Pan et al., 2011), compared to 2002–2011 global fossil fuel emissions of 8.3 ± 0.4 Gt y1 and global deforestation emissions of
1.0 ± 0.5 Gt y1 (Le Quéré et al., 2013).
Tropical deforestation is the main source of land for agricultural
expansion (Gibbs et al., 2010), although industrial timber harvesting accounts for half of the wood removed in South America (FAO,
2011). Deforestation fragments tropical ecosystems, causing declines of old-growth tree species (Laurance et al., 2006) and isolating national parks and other areas that protect biodiversity
(DeFries et al., 2005). The ability of resource managers to track
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the effects of forest management actions on biodiversity depends
on monitoring the distribution and abundance of species.
To encourage forest conservation, the United Nations Framework Convention on Climate Change (UNFCCC) is developing a
REDD+ program to create credits for avoided deforestation that
buyers could use to offset fossil fuel emissions. The UNFCCC CDM
currently certiﬁes credits from afforestation and reforestation
activities. The credibility of these and other greenhouse gas reduction programs rests on the development of scientiﬁcally robust
methods to quantify the forest carbon stored due to project
activities.
A forest inventory that counts and measures individual trees is
the most direct method to quantify forest carbon. Financial costs,
however, render forest inventory infeasible as the sole method
for large areas. Remote sensing, calibrated by ﬁeld measurements,
provides data to produce spatial estimates of carbon across extensive areas. Only a few remote sensing efforts, however, have produced wall-to-wall spatial estimates of forest carbon across the
tropics. These include estimates of aboveground live carbon stocks
at 500 m spatial resolution using Moderate Resolution Imaging
Spectroradiometer (MODIS) and Geoscience Laser Altimeter System (GLAS) data (Baccini et al., 2012) and at 1 km spatial resolution
using GLAS data (Saatchi et al., 2011) and an estimate of 2000–
2005 carbon emissions at 18.5 km spatial resolution using MODIS
data (Harris et al., 2012). The spatial resolutions of these efforts
are too coarse to effectively inform forest and carbon management
decisions for landscape-scale projects of a few thousand square
kilometers. Instead, analyses of Landsat data at 30 m spatial resolution can produce spatial estimates of forest carbon useful for
small areas (Asner et al., 2010).
The potential errors and variation of remote sensing data, allometric biomass equations, and other key components of forest carbon estimation render necessary a careful quantiﬁcation of
uncertainty. This is necessary to ascertain if estimated net changes
in greenhouse gas emissions and removals over time are statistically signiﬁcant. A net change might be considered signiﬁcant if
the entire range (central estimate ± 95% CI) of estimated values
of a net greenhouse gas change are less than zero (emissions) or
greater than zero (removals). In addition, quantiﬁcation of the contribution of individual variables to uncertainty can point to how
strengthening speciﬁc links in the chain of methods could reduce
overall uncertainty. To quantify uncertainty, the Intergovernmental Panel on Climate Change (IPCC, 2006) recommends Monte Carlo
analysis, yet only a few forest carbon research efforts have applied
this approach (e.g. Gonzalez et al., 2010a; Monni et al., 2007).
We seek to demonstrate a method to address the concurrent
need for tree species information and forest carbon data and the
need to quantify uncertainty for REDD+ and CDM carbon estimates.
Our research examines an area of high tree biodiversity and biomass in Peru that lacks spatial data on forest carbon. The research
objectives are: (1) to quantify tree biodiversity based on ﬁeld
inventories in the Selva Central, Peru, (2) to quantify historical land
cover and forest carbon changes and uncertainties, based on ﬁeld
measurements of individual trees, Landsat remote sensing, and
Monte Carlo analyses, and (3) to project potential future forest carbon changes and uncertainties.

2. Methods
2.1. Research area
The research area is 5200 km2 of tropical rainforest and other
land between 9.85° and 10.82° S and 74.98° and 75.79° W in the
Selva Central, Peru, a region at the western end of the Amazon Basin that extends up the east slope of the Andes Mountains (Fig. 1).
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The research area forms a buffer zone of private land to the west of
three areas protected by the government: the Parque Nacional
Yanachaga-Chemillén (national park, established 1986), Reserva
Comunal Yanesha (communal reserve, established 1988), and Bosque de Protección San Matías-San Carlos (protection forest, established 1987).
A warm, humid climate extends over most of the research area,
with a rainy season from November to April. Mean annual temperature and total annual precipitation (1901–2002) range from,
respectively, 23 °C and 2300 mm y1 (lowlands) to 14 °C and
770 mm y1 (mountain slopes) (Gonzalez et al., 2010b; Mitchell
and Jones, 2005).
Elevation (Appendix) differentiates the ﬂora of Selva Central
into four principal vegetation types: Selva Baja (lowland Amazonian rainforest), Yungas (low elevation montane rainforest), Ceja
de la Montaña (mid-elevation cloud forest), and Puna (high elevation alpine grassland) (Brako and Zarucchi, 1993; Gentry, 1993;
Richards, 1996). The unique topography and ecology of the Selva
Central has fostered a high level of plant endemism, with up to
30% of plant species native only to Peru (Brako and Zarucchi,
1993) and endemics occurring at a density of 13 species per
1000 km2 (van der Werff and Consiglio, 2004). Many epiphytic
and terrestrial orchids bloom in the Yungas and become most prevalent and diverse in the Ceja de la Montaña (Gentry, 1993). The
restricted elevation range of many tree species renders the Selva
Central highly vulnerable to upslope vegetation shifts due to climate change (Gonzalez et al., 2010b).
In the national park, the Servicio Nacional de Áreas Naturales
Protegidas por el Estado (SERNANP) does not allow resource
extraction. The park provides habitat to over 400 bird and 80 mammal species, including Tremarctos ornatus (the spectacled bear). In
the protection forest, SERNANP allows some direct use of nonwood forest products, but always under speciﬁc management
plans. In the communal reserve, the Yanesha control natural resource management and have effectively excluded resource extraction, although economic pressures are changing traditional
practices (Hamlin and Salick, 2003). The human population density
is relatively low, although a long history of human occupation has
altered much of the Selva Central (Santos-Granero and Barclay,
1998; Appendix).
The location of the research area originated with the interest of
the Government of Peru and the local non-governmental organization Fundación Peruana para la Conservación de la Naturaleza
(ProNaturaleza) in reducing deforestation in the private lands surrounding the national park. Therefore, we deﬁned the project area
as the Selva Baja, Yungas, and Ceja de la Montaña areas that surround the national park and communal reserve on the west side
of the protection forest. We set the other borders of the project
at ecological boundaries: Puna grassland to the west, the Río Pozuzo and the Río Huampumayo in the north, the Río Paucartambo in
the south, and mountain ridges to the northwest and the
southwest.
2.2. Field measurements
To determine tree species richness and average carbon densities
of old-growth and secondary forest, we established 18 ﬁeld inventory plots covering 16.6 ha (Table A1). We stratiﬁed the plots into
the two forest classes that Landsat satellite sensors would be able
to distinguish – old-growth forest and secondary forest. Oldgrowth forest is closed-canopy, primary forest with multiple tiers
of vegetation, never harvested or harvested more than 100 years
ago (Richards, 1996). Secondary forest is open-canopy forest with
one or two tiers of vegetation, regenerating naturally after abandonment of agriculture or pasture. The Selva Central secondary forest plots have been regenerating 10–42 years. The sample was not
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Fig. 1. Selva Central research area in a real-color Landsat image. Plots = ﬁeld inventory plot locations. National Park = Parque Nacional Yanachaga-Chemillén, Communal
Reserve = Reserva Comunal Yanesha, Protection Forest = Bosque de Protección San Matías-San Carlos, El Sira = Reserva Comunal El Sira (not analyzed here).

random. We chose parcels dispersed throughout the research area
that represented the general physiognomy and structure of oldgrowth and secondary forest in the zone. A local resident with
whom ProNaturaleza had worked owned each parcel. We established plots that were square or as rectangular as possible, dividing
each plot into 20 m  20 m square sub-plots.
In 2005, ﬁeld crew members identiﬁed the species or lowest
known taxonomic level of every live tree with a diameter at breast
height (dbh; at height [h] = 1.3 m) P 10 cm, measured dbh, and
nailed an aluminum tag at h = 1.4 m. (For ease of reference,
Table A2 lists all variables.)
We compiled a list of the tree species, checking local names
against Aróstegui (1974) and scientiﬁc names with records of the
Missouri Botanical Garden (Brako and Zarucchi, 1993; Tropicos
database <http://www.tropicos.org>). We also classiﬁed species
as late- or early-successional, using published surveys (Laurance
et al., 2004; Nelson et al., 1999; Peña-Claros, 2003; Richards,
1996; Terborgh et al., 1996; Uhl et al., 1988) and ﬁeld observations.
We weighted tree data by plot area when calculating research
area averages. To compare across plots, we standardized species
and family richness to 1 ha with the species-area relationship,
using A (area) = 1 ha and z (species-area slope) = 0.205 (Sólymos
and Lele, 2012). We also recorded the a-, b-, and c-diversity (Whittaker, 1972).
2.3. Forest carbon densities from tree measurements and Monte Carlo
analysis
From ﬁeld measurements, we calculated the carbon mass per
unit area (carbon density) of aboveground biomass of each plot
and the averages for the old-growth and secondary forest plots.
We used ﬁve allometric equations developed for Amazon forest
or speciﬁc Amazonian tree species (Table 1) to calculate the

biomass of each tree (btree). Because variation in wood density
determines spatial patterns in Amazonian forest biomass (Baker
et al., 2004a), the allometric equations include a term to scale
the results by the wood density of the species of the measured tree
(Aróstegui, 1974; Chave et al., 2004, 2006; Fearnside, 1997). For
unidentiﬁed species, we calculated the mean wood density of all
trees of known taxonomy, separately for late- and early-successional species, and applied those wood densities to trees of unknown species in old-growth and secondary forest plots,
respectively.
Aboveground tree biomass density of a plot (Bplot, Mg ha1)
equals:

Bplot ¼

tX
rees

btree
Aplot



1 Mg

!
ð1Þ

103 kg

where btree (kg tree1) is from Table 1 and Aplot is the area (ha) of the
plot.
Aboveground tree carbon density of a forest type (Cforest type,
Mg ha1) is the area-weighted average of the carbon densities of
individual plots:

C forest type ¼ fC

plots
X

Aplot

Aforest type


Bplot

ð2Þ

where Aforest type is the total area (ha) of all plots in either oldgrowth or secondary forest and fC is the carbon fraction of biomass
(0.47 g carbon [g biomass]1; McGroddy et al., 2004).
To quantify the uncertainty of each estimate of Cforest type, we
conducted a Monte Carlo analysis that evaluated error from four
potential sources: variation or error of tree diameter measurement,
statistical uncertainty of tree allometric equations, variation of
wood density, and variation of the carbon fraction of biomass.
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Table 1
Allometric equations to calculate biomass from measurements of individual trees.

a.
b.
c.
d.
e.

Forest type or species

btree

qeq

r2adj

P

SEa

SEb

SEold

Source

Old-growth terra ﬁrme
Amazon forest
Secondary terra ﬁrme
Amazon forest
Bellucia spp. (family
Melastomataceae)
Cecropia sciadophylla
(family Cecropiaceae)
Laetia procera (family
Flacourtiaceae)

(qsp/qeq) Exp(0.37 + 0.333 ln dbh + 0.933 (ln
dbh)2 0.122 (ln dbh)3)
(qsp/qeq) Exp(1.9968 + 2.4128 ln dbh)

0.67

0.97

–

–

–

0.297

0.54

0.98

<0.0001

0.061

0.0273

–

Baker et al. (2004b) and
Chambers et al. (2001)
Nelson et al. (1999)

(qsp/qeq) Exp(1.8158 + 2.37 ln dbh)

0.54

0.99

<0.0001

0.0944

0.0403

–

Nelson et al. (1999)

(qsp/qeq) Exp(2.5118 + 2.4257 ln dbh)

0.39

0.98

<0.0001

0.1986

0.069

–

Nelson et al. (1999)

(qsp/qeq) Exp(2.2244 + 2.5105 ln dbh)

0.64

0.99

<0.0001

0.112

0.0483

–

Nelson et al. (1999)

btree = aboveground biomass of a tree (kg tree1), dbh = diameter at breast height (at height = 1.3 m) (cm), Exp(x) = ex, P = probability, qeq = wood density of the original
allometric equation (g cm3), qsp = wood density of the species of the measured tree (g cm3), r2adj = adjusted coefﬁcient of determination, SEa,b = Standard error of the
coefﬁcients a or b (where btree = (qsp/qeq) Exp(a + b ln dbh)), SEold = Standard error of old-growth biomass (fraction of mean value).

We generated 100 realizations of btree for each tree, adding error
terms to the original values of variables:

^tree ¼ f ðq þ X q SEq ; d þ X SE ; a þ X a SEa ; b þ X SE Þ
b
bh
dbh
dbh
b
b
sp

ð3Þ

where the hat symbol ‘‘^’’ denotes the form of a variable that includes
a modeled estimate of error, Xvariable is a random number (different
for each variable) from a normal distribution with mean = 0 and
standard deviation (SD) = 1, SEvariable = standard error of a variable,
f(variables) denotes allometric equations in Table 1, and qsp,
a,b = variables in Table 1b–e. SEq comes from Aróstegui (1974) and
Chave et al. (2004). Wood density standard errors not found in those
sources was estimated as 10% of the mean. SEa and SEb come from
Table 1b–e. We estimated SEdbh (cm) as half of the difference of the
two diameter measurements. In effect, the repeated realizations of
btree simulated the potential results of 100 ﬁeld campaigns.
Because the form of the allometric equation for old-growth forest species (Table 1a) is different, its Monte Carlo equation is:

^tree ¼ btree þ X mean SE
b
old

ð4Þ

where btree and SEold are listed in Table 1a.
For each plot, we calculated 100 realizations of Bplot and 100
realizations of Cforest type:

C forest type ¼ ðfC þ X f C SEf C Þ

plots
X

Aplot

Aforest type


Bplot

ð5Þ

where SEfC is estimated from McGroddy et al. (2004) as 0.01 g carbon [g biomass]1.
The 95% conﬁdence interval (CI) equals:

95% CI ¼

2:5
C 97:5
forest type  C forest type
2

ð6Þ

where C97.5 and C2.5 are the 97.5th and 2.5th percentiles, respectively, of the 100 realizations of Cforest type. The uncertainty is the
95% CI expressed as a fraction of the mean:

Uncertaintystock ¼

95% CI
C forest type

ð7Þ

We analyzed the sensitivity of uncertainty of aboveground forest carbon density to the values of each variable by repeating the
calculation four times, each time setting the error terms of all
but one of the four variables (wood density [SEq]), diameter measurement [SEdbh], allometric equations [SEa, SEb, SEold], carbon fraction [SEfC]) to zero.

2.4. Historical land cover change
We used Landsat satellite Global Land Survey data (Gutman
et al., 2013) to determine the spatial locations and extent of vegetation types. We calibrated the spectral bands, conducted atmospheric, radiometric, and topographic correction, and produced
seamless mosaics of the research area for 1989 and 2005 (Appendix). Because much of the research area is tropical cloud forest, the
Landsat scenes had unavoidable areas of cloud cover, preventing
analysis of areas under clouds. To produce spatial data of 1989
and 2005 land cover, we conducted supervised classiﬁcation of
the Landsat mosaics. To reduce classiﬁcation error, we kept the
classiﬁcation to a limited number of land cover classes: (1) sparse
vegetation (Puna grasslands and newly cleared ﬁelds), (2) low vegetation (taller grasslands and agricultural ﬁelds), (3) secondary forest, and (4) old-growth forest. Using a real-color Landsat mosaic
and ﬁeld observations, we deﬁned training areas for each vegetation class, evenly distributed across the mosaic. We conducted
maximum likelihood supervised classiﬁcation on the seven corrected Landsat spectral bands, performing several iterations to correct for errors.
We conducted change detection (Nelson and Holben, 1986) by
comparing the two mosaics and classifying differences into four
land cover change classes: (1) forest remaining forest, (2) reforestation, (3) deforestation, and (4) non-forest remaining non-forest.
We also identiﬁed areas of forest degradation as areas of oldgrowth forest converted to secondary forest.
To assess classiﬁcation accuracy, we compared our 1989–2005
deforestation and degradation areas with 2000–2004 deforestation
and disturbance areas from a Landsat analysis by Oliveira et al.
(2007) that overlapped 17% of our research area on the eastern
side. The data from Oliveira et al. (2007) provided a much larger
sample (797,262 pixels) than the ﬁeld inventory (18 plots). We
also compared our four 2005 land cover classes at 30 m spatial resolution to similar 2005 Globcover land cover classes at 300 m spatial resolution (Bicheron et al., 2008).
We examined the probabilities and relative weights of different
factors in explaining historical patterns of forest cover change in
the Selva Central: (1) distance to non-forest (for deforestation),
(2) distance to forest (for reforestation), (3) elevation, (4) slope,
(5) distance to rivers, (6) distance to roads, and (7) distance to villages or towns. We produced curves of the probabilities of deforestation and reforestation as a function of each factor (Appendix). We
also determined the parameters of curves of standard error to produce three versions of each probability curve: the central estimate,
the estimate using SElower (hereafter low), and the estimate using
SEupper (hereafter high). We conducted Principal Components Analyses to quantify the weight of each factor in explaining historical
deforestation and reforestation (Appendix).
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To assess the impact of the three protected areas on deforestation and forest degradation patterns, we analyzed rates of change
in the parts of the Selva Central research area and each protected
area within 5 km of roads.
2.5. Historical carbon changes from Landsat, ﬁeld measurements, and
Monte Carlo analysis
We combined the Landsat and ﬁeld inventory results in a Monte
Carlo framework to calculate the amount of aboveground live carbon in the research area and changes over time. The previously
quantiﬁed measurement and carbon density calculation errors
(Section 2.3) propagated through the calculation of carbon
amounts, which included an additional source of uncertainty,
namely, remote sensing-derived land cover classiﬁcation error. In
this way, we evaluated the major sources of uncertainty identiﬁed
in the IPCC National Greenhouse Gas Inventory Guidelines (Aalde
et al., 2006).
The total carbon stock of the research area (cresearch area, Mg)
equals:

cyear
research area

¼

land cover
Xclasses

Ayear
class C class

land cover
Xclasses

ðAyear
class þ X area SEarea ÞðC class þ X class SEclass Þ
ð9Þ

where Aclass comes from the Landsat-derived land cover classiﬁcation (Section 2.4) and SEarea (ha) comes from the fractional error
of our deforestation classiﬁcation against the deforestation classiﬁcation of Oliveira et al. (2007) (eclassiﬁcation):

SEarea ¼ Ayear
class eclassification

ð10Þ

For each realization of cresearch area, we calculated Aclass in the sequence old-growth forest-secondary forest-low vegetation-sparse
vegetation, so that the total calculated area would equal the area
of the research area:

Ayear
sparse ¼ Aresearch area 

old; secondary;
X low

Ayear
class

ð11Þ

For SEold-growth forest and SEsecondary forest, we used the previous Monte
Carlo results (Section 2.3). We also used SElow vegetation = 2 Mg ha1
(Palm et al., 2004) and SEsparse vegetation = 0.7 Mg ha1 (Gibbon
et al., 2010), standardized to fC = 0.47. Eqs. (6) and (7) give the forms
to calculate the 95% CI and fractional uncertainty of cresearch area.
The 1989–2005 net carbon change of the research area
(Dcresearch area, Mg) equals:
19892005
Dcresearch
area ¼

land cover
Xclasses

land cover
Xclasses


1989
jA2005
class  Aclass j þ X area SEarea ðC class

þ X class SEclass Þ
ð13Þ
Eq. (6) gives the 95% CI of the gross carbon change. Uncertainty
of the gross carbon change equals:

95% CIgross
Uncertaintychange ¼ land cover classes

X
 2005
1989 
Aclass  Aclass C class

ð14Þ

For Eqs. (13) and (14), we use the absolute value of the change
in land cover area to avoid a calculation that would inaccurately
cause uncertainty to reach high values as the changes in land cover
area approached zero.
The 95% CI of the 1989–2005 net carbon change of the research
area equals:
19892005
95% CInet ¼ Uncertaintychange Dcresearch
area

ð15Þ

ð8Þ

Cold-growth forest and Csecondary forest, come from Eq. (2). For low
vegetation, we used published results for shifting cultivation and
crop-fallows in Peru: Clow vegetation = 12 Mg ha1 (Palm et al.,
2004). For sparse vegetation, we used published results for Puna
grassland in Peru: Csparse vegetation = 7.1 Mg ha1 (Gibbon et al.,
2010). These are standardized to fC = 0.47.
To quantify uncertainty, we calculated 100 realizations of
aboveground live carbon stock in the research area for 1989 and
2005:

^cyear
research area ¼

D^c19892005
research area ¼

We analyzed the sensitivity of uncertainty of net carbon change
to the values of each variable by repeating the calculation ﬁve
times, each time setting the error terms of all but one of the ﬁve
variables (wood density [SEq]), diameter measurement [SEdbh],
allometric equations [SEa, SEb, SEold], carbon fraction [SEfC], remote
sensing accuracy [SEarea]) to zero.
2.6. Projection of potential future land cover and carbon
To estimate potential future carbon beneﬁts of a REDD+ forest
conservation project and a CDM afforestation or reforestation
activity, we projected potential future land cover. We based the
projections solely on the historical patterns shown by the land cover change detection and projected into the future only a period of
time equal to the historical period (16 years). We conducted two
analyses (deforestation and reforestation) in parallel. With the
curves of the probabilities of deforestation and reforestation as a
function of seven factors and the Principal Components Analysisderived weights for each factor in explaining historical deforestation and reforestation (Appendix), we calculated central, high,
and low probabilities of deforestation and reforestation for each
pixel in 2021 (Appendix).
From these probabilities, we produced central, high, and low
estimated spatial data layers of projected 2021 land cover and
2005–2021 land cover change (Appendix). Because the probability
curves for the seven factors derived only from data in the research
area, we produced projected data only for the research area. To calculate projected carbon stocks, changes, and uncertainties, we used
the previous Monte Carlo methods (Section 2.5), with one modiﬁed
term:

SEarea ¼ A2021
class eclassification þ SEprojection

ð16Þ

where SEprojection (ha) is the higher of the differences between high
and central and low and central estimates.
3. Results
3.1. Tree biodiversity

1989
ðA2005
class  Aclass ÞC class

ð12Þ

We calculated 100 realizations of the 1989–2005 gross carbon
change of the research area:

The ﬁeld inventory of 10,838 trees of dbh P 10 cm found 438
tree species, 115 genera, and 65 families (Table A3). Of the species,
71 were identiﬁable only to the family level, 22 identiﬁable only by
local name, and other unidentiﬁed species were combined into
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Table 2
Selva Central forest characteristics from ﬁeld measurements of live trees with a diameter at breast height (dbh, at h = 1.3 m) P 10 cm. Tree density (mean), tree diameter and
biomass (mean ± SD), and aboveground carbon density (mean ± 95% CI) are calculated by weighting each tree by its plot area. Aboveground carbon density uncertainty is
calculated using Monte Carlo analysis.
Plots
Forest type

(ha)

Old-growth
Secondary
All

5
13
18

Area

4.0
12.6
16.6

Trees

3049
7789
10,838

Species richness
Total
(species)

Early

313
241
438

80
124
156

Family richness
Late
233
117
282

Total
(families)

Early

58
50
65

28
37
38

Tree density
Late
51
30
52

Total
(trees ha1)

Early

762
618
653

148
461
386

dbh

Basal area

Biomass

Carbon density

(cm)

(m2 ha1)

(Mg tree1)

(Mg ha1)

28 ± 46
19 ± 22
22 ± 35

41
17
23

0.32 ± 0.78
0.14 ± 0.19
0.19 ± 0.45

93 ± 39
40 ± 10
53 ± 16

Late
615
157
267

early = early-successional, late = late-successional.

separate classes for old-growth and secondary forest. Over twothirds of the species occur at a density <1 tree ha1. Average plot
species richness is 108 species ha1 (range 80–141 species ha1)
in the old-growth forest plots and 43 species ha1 (range 30–
76 species ha1) in the secondary forest plots. Old-growth forest
hosts more late-successional species and families and more total
species and families than secondary forest (Table 2). Conversely,
secondary forest contains more early-successional species and
families. The a-diversity (species richness of an individual plot)
ranges from 29 to 141 species. The b-diversity (fraction of total
species shared between old-growth and secondary forest) is 0.26.
The c-diversity (species richness of the entire landscape) is 438
species.
The family with the most trees (area-weighted) and the highest
total biomass in the old-growth forest plots is Fabaceae (legume
family). In the secondary forest plots, Melastomataceae (Melastome
family) has the most trees and Fabaceae has the highest total biomass. The dominant species in the old-growth forest plots, by
number, is Iriartea deltoidea (camona, family Arecaceae) and, by total biomass, Pouteria torta (caimito, family Sapotaceae). In the secondary forest plots, Jacaranda copaia (charapach, family
Bignoniaceae) is the dominant species by number and total biomass. The inventory only recorded one Swietenia macrophylla
(big-leaf mahogany, caoba, family Meliaceae), listed as vulnerable
on the Red List of the International Union for the Conservation of
Nature.
In the old-growth forest sites, 70% of aboveground biomass
resides in late-successional species and 30% in early-successional
species. Conversely, 30% of the biomass in the secondary forest
sites rests in early-successional species and 70% in latesuccessional species. Aboveground live carbon shows signiﬁcant
correlation (r2adj ¼ 0:74, P < 0.0001, n = 18) with species richness
(Fig. 2).

Fig. 2. Signiﬁcant correlation of aboveground live carbon density in trees of
dbh P 10 cm with tree species richness.

Table 3
Aboveground forest carbon densities (Mg ha1) from ﬁeld measurements, with
uncertainty calculated by Monte Carlo analyses.
Carbon (Mg ha1)

95% CI (Mg ha1)

95% CI (%)

Old-growth forest
Maximum
102
Minimum
71
Mean
93

43
27
39

42
38
42

Secondary forest
Maximum
Minimum
Mean

19
6
10

27
26
24

69
21
40

3.2. Forest carbon densities and uncertainties
In the old-growth forest plots, tree density is one-quarter higher
than in the secondary forest plots (Table 2). Average tree diameter
is also greater in the old-growth forest plots, but variation is also
greater. The largest tree measured was a Ceiba pentandra (lupuna,
family Malvaceae) with a diameter of 1.6 m and estimated carbon
mass of 3.3 Mg, in old-growth forest.
Aboveground live carbon density in trees of dbh P 10 cm in oldgrowth forest is double the carbon density in secondary forest,
although the uncertainty of the estimate is also double (Table 3).
The minimum carbon density estimated in the old-growth forest
plots was higher than the maximum carbon density estimated in
the secondary forest plots.
Standard errors, averaged over all trees, were 5.3% for diameter
measurement and 10% for wood density. Wood density
(mean ± SE) ranged from 0.14 ± 0.01 g cm3 (Ochroma pyramidale;
Fearnside, 1997) to 1.04 ± 0.04 g cm3 (Manilkara bidentata; Aró-

stegui, 1974). The standard error for the old-growth allometric
equation is 30% (Chambers et al., 2001). For a secondary forest tree
of dbh = 19 cm (ﬁeld inventory average) and qsp = 0.54 g cm3
(equation average; Nelson et al., 1999), the standard error of biomass would be 14%. From the sensitivity analysis, the allometric
equations accounted for over four-ﬁfths of the uncertainty of the
forest carbon density estimates (Table A4).
3.3. Historical land cover and carbon changes
Old-growth forest covered three-quarters of the research area
in 1989, decreasing to two-thirds in 2005 (Table 4). Although
extensive areas of high-carbon density old-growth forest remain
(Fig. 3), deforestation is widespread (Fig. 4).
Comparison of our 1989–2005 deforestation area with the
2000–2004 deforestation area of Oliveira et al. (2007) showed
85% agreement. Comparison of our forest degradation area with
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Calculations project old-growth forest covering 63% of the research area in 2021 and 2005–2021 net deforestation of 0.2% y1,
net degradation of an additional 0.2% y1, gross deforestation of
0.7% y1, and gross reforestation of 1.8% y1 (Fig. 5). Projected carbon changes (Table 5) are similar in magnitude, but higher in
uncertainty, than calculated historical changes.
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the forest disturbance area of Oliveira et al. (2007) showed 90%
agreement. Comparison of our four land cover classes for 2005 at
30 m spatial resolution with similar Globcover (Bicheron et al.,
2008) classes for 2005 at 300 m spatial resolution showed 65%
agreement.
The analyses of deforestation and reforestation vs. seven possible causal factors produced bivariate curves of probability vs. variable value (Figs. A1 and A2). The Principal Components Analyses
identiﬁed three explanatory principal components and gave the
following weights for, respectively, deforestation and reforestation: distance to non-forest (deforestation 0.173), distance to forest
(reforestation 0.174), elevation (0.137, 0.180), slope (0.139, 0.147),
distance to rivers (0.153, 0.142), distance to roads (0.212, 0.181),
distance to villages or towns (0.186, 0.176).
Old-growth forest covers over 95% of the three protected areas,
which experienced no net deforestation from 1989 to 2005. The
national park and communal reserve experienced almost no net
forest degradation. Degradation in the protection forest occurred
at half the rate of degradation in the research area. Within 5 km
of the road, deforestation rates in the research area, national park,
communal reserve, and protection forest were, respectively, 0.7,
0.06, 0.03, and 0.1% y1 and forest degradation rates were, respectively, 0.5, 0.2, 0.1, and 0.2% y1.
Across the cloud-free part of the research area, the average
1989–2005 net carbon change was 3.9 ± 1.0 Mg ha1 and the total change was 1.6 ± 0.4 million Mg (Table 5). Areas of complete
loss of old-growth forest lost up to 93 ± 39 Mg ha1 of carbon.
Uncertainties of carbon stock estimates were one-quarter of the
mean values, while uncertainty of the carbon change estimate
was slightly more than one-third of the mean (Table 5). Remote
sensing inaccuracy accounted for almost all of the uncertainty of
the carbon change estimate (Table A4).
3.4. Projected future land cover and carbon changes and uncertainties

National
1100 600
park
Communal 320 210
reserve
Protection 1490 530
forest
Research
5180 4110
area

Net
Forest Reforestation Deforestation NonSparse
Second. Low
OldSparse
Second. Low
OldNet
Gross
Gross
(%)
(%)
forestation deforestation degradation deforestation reforestation
vegetation vegetation (%)
vegetation vegetation growth (%)
growth (%)
(% y1)
(%)
(%)
(%)
(%)
(%)
(%)
(%)
(% y1)
(% y1)
(% y1)
Total Cloud(km2) free
(km2)

Rates of change
1989
Area
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Table 4
Land cover and land cover change in the national park (Parque Nacional Yanachaga-Chemillén), communal reserve (Reserva Comunal Yanesha), protection forest (Bosque de Protección San Matías-San Carlos), and the Selva Central
research area that forms a buffer zone around the three protected areas.
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The Selva Central old-growth forest sites have more tree species
per unit area than many tropical forests, including one-third of 25
tropical forest sites (range 56–283 species ha1) examined in a
pan-tropical analysis (Phillips et al., 1994), and more tree species
than 26 temperate forest sites (range 13–226 species, 1700–
740,000 ha) examined in a pan-temperate analysis (Latham and
Ricklefs, 1993). The Selva Central old-growth forest sites have
one-third fewer species and families, however, than lowland oldgrowth Amazonian forest sites farther to the east in an area documented as the most tree species-rich in the world (Gentry, 1988;
Laurance et al., 2004; Pitman et al., 2002; Terborgh and Andresen,
1998). Those Amazonian plots are protected in national parks, so it
is notable that old-growth forest on private land in the Selva Central still conserves high species richness. The Selva Central b-diversity is in the middle of the range for neotropical rainforests (Condit
et al., 2002). The dominance of I. deltoidea over other species and
Fabaceae over other families in Selva Central old-growth forest is
consistent with other Amazonian forests (Pitman et al., 2002; Terborgh and Andresen, 1998).
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Fig. 3. Aboveground live carbon in trees of dbh P 10 cm and land cover in 2005.

Fig. 4. Land cover change 1989–2005. Roads are shown as black lines. Research area and protected areas are shown with aqua lines.

The Selva Central secondary forest plots have recovered half the
number of tree species of the old-growth forest plots and nearly
half of the species are late-successional, suggesting a potential

for biodiversity conservation through natural regeneration. Forest
restoration provides an important option to increase the extent
of tropical forests and augment the provision of vital ecosystem
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Table 5
Total aboveground live carbon in the Selva Central research area, carbon changes, and
uncertainties calculated by Monte Carlo analysis. Historical results (1989–2005) come
from ﬁeld measurements and analysis of Landsat data. Carbon projections (2021)
come from statistical relationships of historical deforestation and reforestation to
environmental and social factors.
Mean (106 Mg C)

95% CI (106 Mg C)

95% CI (%)

1989
Old-growth forest
Secondary forest
Low vegetation
Sparse vegetation
Total

27.9
1.6
0.6
0.2
30.2

8.8
0.5
0.3
0.07
7.5

32
31
46
38
25

2005
Old-growth forest
Secondary forest
Low vegetation
Sparse vegetation
Total

25.8
1.9
0.8
0.2
28.7

8.0
0.7
0.4
0.05
7.3

31
36
48
33
26

2021 (Projected)
Old-growth forest
Secondary forest
Low vegetation
Sparse vegetation
Total

24.1
2.2
0.9
0.2
27.3

7.1
0.6
0.4
0.07
6.5

30
29
47
38
24

1989–2005
Deforestation
Reforestation
Forest degradation
Non-forest accumulation
Net change

2.3
1.2
0.5
0.03
1.6

0.4
0.3
0.2
0.01
0.4

18
23
31
39
26

2005–2021 (Projected)
Deforestation
Reforestation
Forest degradation
Non-forest accumulation
Net change

2.2
1.4
0.6
0
1.4

0.6
0.4
0.2
<0.01
0.3

28
31
33
35
24

services to people (Lamb et al., 2005). In addition, the fraction of
trees of old-growth species provides a potentially useful indicator
to track the progress of forest restoration.
The signiﬁcant positive correlation of aboveground live carbon
density and species richness is consistent with ﬁndings from natural tropical forest on Barro Colorado Island, Panama (Ruiz-Jaen and
Potvin, 2011). Our small sample compelled us to combine oldgrowth and secondary forest plots in the same analysis, so the correlation may in part reﬂect a relationship of carbon density with
tree size, due to state of succession, rather than species richness.
Still, a positive relationship of carbon density and species richness
persists within the secondary forest plots. The correlation demonstrates how forest conservation produces two beneﬁts: increased
biodiversity and increased carbon storage. It also supports a previous ﬁnding that future tree species composition will strongly inﬂuence future carbon storage in tropical forests (Bunker et al., 2005).
The information on biodiversity and carbon came from the same
plots, demonstrating that plots can serve both purposes, consistent
with recent ﬁndings (Baraloto et al., 2013).
4.2. Historical land cover changes
The 1989–2005 Selva Central deforestation rate of 0.3% y1 was
higher than the 2000–2005 Peruvian Amazon non-protected area
deforestation rate of 0.2% y1 (Oliveira et al., 2007). The Selva Central forest degradation rate of 0.2% y1 that we found was the same
as the rate that Oliveira et al. (2007) found for Peruvian Amazon
non-protected areas. We evaluated degradation using an analytical
method at the pixel level that was less intense computationally
than the sub-pixel method (Asner et al., 2005) used by Oliveira

et al. (2007). The Selva Central deforestation rate matched the
2000–2005 deforestation rate from a remote sensing survey of
South America (Asner et al., 2009). The rate was lower than the
2000–2005 deforestation rate of 0.7% y1 across Brazil and
1.2% y1 in Mato Grosso, Brazil (Hansen et al., 2010). In the Brazilian Amazon, expansion of export agriculture drives the high deforestation rate (Macedo et al., 2012), while in the Peruvian Amazon,
structural adjustment of the economy, which has reduced agricultural subsidies, has reduced the rate of deforestation (Alvarez and
Naughton-Treves, 2003). Landsat change detection identiﬁed local
areas of forest change at a spatial resolution useful to natural resource managers (Fig. 6).
Distance to roads and distance to towns were, respectively, the
ﬁrst and second highest factors in explaining historical deforestation. The concentration of deforestation along roads and near
towns (Fig. 4) conﬁrms the ﬁnding. The probability of deforestation
can double or triple close to roads and towns (Fig. A1). These results are consistent with multivariate analyses in the Brazilian legal Amazon that indicated a high correlation of deforestation to
distance to highways and rural population density (Laurance
et al., 2002), to remote sensing analyses across the tropics that
indicated a high correlation of deforestation to urban population
growth (DeFries et al., 2010), and to analyses in the Peruvian Amazon that identiﬁed proximity to towns as the most important factor
explaining deforestation (Alvarez and Naughton-Treves, 2003). Research in Yungas cloud forests north of Selva Central has also found
that tree species diversity declines close to tracks and roads (Ledo
et al., 2009). Although distance to rivers was not as important, our
analyses of Landsat data detected extensive deforestation along
rivers, which occurs, for example, in the Palcazú River valley due
to ease of transportation for agricultural operations (McClain and
Cossío, 2003).
The extremely low rates of deforestation and forest degradation
in the parts of the three protected areas within 5 km of roads and
the higher rates outside the protected areas reveal that the protected areas have prevented deforestation and forest degradation.
The protection forest was the only protected area with non-negligible forest degradation. There, the degradation rate was half the
rate of the entire Selva Central research area, possibly due to illegal
logging.
Our results support previous research that has shown the effectiveness of protected areas in preventing deforestation, including
analyses of 150,000 km2 of protected areas in the Peruvian Amazon
(Oliveira et al., 2007), a subset of ten protected areas in the Peruvian Amazon (Vuohelainen et al., 2012), and majorities of 206 protected areas in the Brazilian Amazon (Soares-Filho et al., 2010), 150
protected areas in Costa Rica (Andam et al., 2008), 97 protected
areas in Mexico (Figueroa and Sánchez-Cordero, 2008; Rayn and
Sutherland, 2011), and 93 protected areas in 22 countries across
the tropics (Bruner et al., 2001). At least four efforts (Andam
et al., 2008; Bruner et al., 2001; Oliveira et al., 2007; Soares-Filho
et al., 2010) explicitly analyzed the remoteness of protected areas
and demonstrated that it is not the reason for lower deforestation.
Higher deforestation rates in the areas outside of 70% of 292 protected areas showed increasing isolation of protected areas (DeFries et al., 2005).
On the other hand, a meta-analysis of articles on 40 protected
areas and 33 community-managed forests found lower deforestation in the latter (Porter-Bolland et al., 2012). Those results may reﬂect a phenomenon observed in the Peruvian Amazon in which
weak local governance can decrease the effectiveness of protection,
whereas good relations with surrounding communities can increase effectiveness (Vuohelainen et al., 2012). Analysis of 292
protected areas in the Brazilian Amazon indicated that strict protection more effectively avoided deforestation than sustainable
use (Nolte et al., 2013).
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Fig. 5. Projected land cover change 2005–2021.

4.3. Forest carbon densities
Tree density and basal area, two ecosystem properties that
determine forest carbon density, are one-third greater in the Selva
Central old-growth plots than the average of a network of 50 Amazonian forest plots (Lewis et al., 2004) and two-thirds greater than
a set of plots in the Brazilian Amazon (Rice et al., 2004). Tree density in the old-growth plots is 200 trees ha1 higher than one estimate for the area in a model of the entire Amazon (ter Steege et al.,
2003). The Selva Central secondary forest plots have lower tree
density than a set of plots in Costa Rica, but the same basal area
(Chazdon et al., 2005).
Selva Central old-growth and secondary forest carbon densities
of 93 ± 39 Mg ha1 and 40 ± 10 Mg ha1, respectively, are nearly
the same as the 90 Mg ha1 and 33 Mg ha1 estimated from Lidar
remote sensing farther south in the Peruvian Amazon (Asner
et al., 2010). The elevation gradient from lowland Amazon forest
to montane Yungas forest in Selva Central does not show a clear
trend in forest carbon density, in contrast to a gradient of decreasing carbon density with increasing elevation farther south in the
Peruvian Amazon (Girardin et al., 2010). Selva Central old-growth
forest carbon density is lower than the 120 Mg ha1 estimated in
a set of old-growth plots across the Amazon, but it is high compared to the carbon density estimated for the area in a model of
the entire Amazon (Saatchi et al., 2007). Selva Central old-growth
forest carbon density is lower than the average of 150 ± 5 Mg ha1
found in a set of permanent monitoring plots across the Amazon
(Baker et al., 2004b) and a set of permanent plots in Brazil (Chambers et al., 2001; Rice et al., 2004). Selva Central secondary forest
carbon density is higher than the 25 Mg ha1 estimated in a set
of secondary forest plots across the Amazon (Saatchi et al., 2007).
Although 1989–2005 deforestation caused gross emissions of
2.3 ± 0.4 million Mg carbon, reforestation recaptured half that
amount. This demonstrates the strength of natural regeneration

of forests in the Selva Central. Forest degradation, including degradation due to ﬁres (Aragão and Shimabukuro, 2010), caused substantial emissions, but they were one-ﬁfth of the magnitude of
deforestation emissions.
4.4. Projected land cover and carbon changes
The probability analyses projected higher gross rates of deforestation and reforestation, leading to a slight projected decline in the
net rate of deforestation for the research area. Future deforestation
might cluster near roads, towns, and previously deforested areas,
while projected reforestation might occur at more distant locations
in areas recovering from agricultural clearing.
The multivariate projection method that we used is similar to
methods tested in the Brazilian Amazon (Laurance et al., 2002;
Soares-Filho et al., 2006; Yanai et al., 2012). We aimed to improve
upon past efforts by using historical patterns of the inﬂuences of
different factors on forest change, rather than making assumptions
about future land use practices (de Barros Ferraz et al., 2005), and
by projecting both the rate and location of potential future forest
changes, in contrast to methods that assume a future deforestation
rate (Pontius et al., 2001). Furthermore, we developed a method to
estimate potential carbon beneﬁts of avoided deforestation and
reforestation projects, which previously have been treated
separately.
Because the projections of future land cover do not use projections of future population growth, they may underestimate future
deforestation. The factors determining future population density
are, however, so complex that reliable spatial projections of future
patterns of population do not yet exist. The land cover projections
reﬂect potential trends based on initial conditions. We did not attempt to project leakage (unintended shifting of emissions to locations outside the analysis area), but instead provide projections of
potential emissions or removals.
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Fig. 6. View of a 5 km  5 km square area of the Selva Central centered on 10.08° S, 75.57° W, west of the town of Pozuzo. (a) Photograph from the ground, looking from near
the northeast corner towards the southwest. (b) Landsat real-color image. (c) Aboveground carbon and land cover 2005 (see Fig. 3 legend). (d) Land cover change 1989–2005
(see Fig. 4 legend; brown = Pozuzo, blue = river). (e) Projected land cover change 2005–2021.

For a CDM afforestation or reforestation activity, the land area
available is the area of non-forest cover since 1990: 13% of the area.
If an organization developed a CDM project activity in the research
area, they could receive credit for carbon storage occurring above
the projected 2005–2021 baseline gross reforestation rate:
1.8% y1. For a CDM activity, local communities in the Selva Central
and external partners have considered one practice that would
combine reforestation with agriculture: contour hedgerow intercropping (fajas de enriquecimiento; Alegre and Rao, 1996). The carbon beneﬁts would depend on the surface area and survival rate of
the plantations.
The maximum projected potential beneﬁt of a REDD+ project is
the projected amount of emissions from gross deforestation and
gross degradation: 2.8 ± 0.8 million Mg carbon. A REDD+ project
in the Selva Central would require close local cooperation (Scriven,
2012) and extension of forestry practices that do not involve clearcutting. A REDD+ forest conservation project in the Selva Central
could avoid greenhouse gas emissions equivalent to the 2011
emissions of 480,000 residents of the United States (US EPA, 2013).
4.5. Uncertainties of forest carbon estimates
Our Monte Carlo analyses answered the key question of
whether or not the estimated carbon emissions were statistically
signiﬁcant. Because our results show that the entire range of values
of 1989–2005 net carbon change was negative (1.2 to 2.0 million Mg), we conclude that the net emissions were signiﬁcant.
While the 95% CIs of the carbon stock estimates for individual
years show some overlap, the proper measure for evaluating the
signiﬁcance of carbon change is the directly-calculated 95% CI of
the 1989–2005 net carbon change, which showed that the entire
range of values was less than zero. While the signiﬁcance of net
carbon emissions is not necessarily surprising, quantiﬁcation of

the uncertainty provides strong evidence of one impact of extensive deforestation in the Selva Central.
The uncertainties of forest carbon density estimates for Selva
Central of 24–42% were higher than the uncertainties of 5% reported for other ﬁeld inventory plots across the Amazon (Baker
et al., 2004b) and in Brazil (Chambers et al., 2001; Rice et al.,
2004), but those other estimates did not analyze allometric and
carbon fraction uncertainties, nor did they use Monte Carlo analysis. If other efforts were to re-calculate forest carbon densities
and stocks to include the major sources of uncertainty that we
have evaluated, the uncertainties of their estimates would increase, implying current overestimation of emissions or sequestration. The 0.50 carbon fraction of biomass that many others
commonly use, with no error estimate, already introduces up to
6% uncertainty when compared to the 0.47 carbon fraction of
biomass derived from a meta-analysis of published estimates
from around the world (McGroddy et al., 2004) and used in the
IPCC National Greenhouse Gas Inventory Guidelines (Aalde et al.,
2006).
The Monte Carlo analyses offer a quantitative threshold for
policymakers who will need to decide on the amount of carbon
savings to estimate at the beginning of a REDD+ project for the
actual carbon successfully stored by the end of a 20–30 year
project. The Selva Central projected 2005–2021 gross emissions
from deforestation and degradation are 2.0–3.6 million Mg.
A REDD+ project could decide to claim the central estimate
(2.8 million Mg), with the justiﬁcation that the estimate directly
emerges from the mean values of all the variables, or the project
could claim the low estimate, a safer approach that would hedge
against unforeseeable future events that might reduce estimated
carbon storage.
Our sensitivity analyses of the Monte Carlo estimates of
uncertainty respond to the key question of what improvements
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in methods or speciﬁc variables could most reduce overall
uncertainty in the future. Because the allometric equations
accounted for most of the overall uncertainty of forest carbon
density estimates, the development of more precise species- or
taxon-speciﬁc allometric equations could most reduce uncertainty.
Diameter measurement error in our ﬁeld inventories accounted for
the lowest fraction of uncertainty, so it is important to attain the
accuracy of ﬁeld measurements that we achieved. The uncertainty
of the carbon density in old-growth plots was double the
uncertainty in secondary forest, which had double the number of
plots. Either the secondary forest plots were more similar than
the old-growth plots or the larger sample size reduced the uncertainty. In any case, more ﬁeld plots would provide a more representative sample.
Because remote sensing inaccuracy accounted overwhelmingly
for uncertainty of carbon change estimates, improved accuracy of
land cover classiﬁcation would most reduce overall uncertainty. Indeed, the fraction of uncertainty due to remote sensing was so high
that improvements to ﬁeld measurements, wood densities, carbon
fractions, and allometric equations would have had virtually no effect on our carbon change uncertainty estimates.
Although the Monte Carlo analyses took time and effort, they
provided useful information on the signiﬁcance of forest carbon
changes and on improvements to reduce overall uncertainty.
5. Conclusion
Using ﬁeld measurements, Landsat remote sensing, and Monte
Carlo analyses, we have shown that:
1. Selva Central old-growth forest has higher tree species
richness than many tropical forests and all temperate
forests.
2. Deforestation reduced old-growth forest cover from threequarters of the Selva Central research area in 1989 to twothirds in 2005.
3. Deforestation and forest degradation caused net emissions
of 1.6 ± 0.4 million Mg carbon, a loss that the Monte Carlo
analyses of uncertainty showed was statistically
signiﬁcant.
4. The three protected areas (Parque Nacional YanachagaChemillén, Reserva Comunal Yanesha, Bosque de Protección San Matías-San Carlos) have prevented deforestation
and forest degradation.
5. Effective forest conservation could avoid emissions of
2.8 ± 0.8 million Mg carbon under a REDD+ project, equivalent to the annual emissions of 480,000 residents of the US.
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