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COURARD-HAURI D, CHANCELLOR R, RUNDUS A & BOLAND A. 2016. A method for estimating the 
current and future carbon content of standing biomass applied to Gishwati Forest Reserve, Rwanda. The 
carbon content of standing tree biomass was determined in the Gishwati Forest Reserve in north-western 
Rwanda and growth potential of the forest was estimated using a straightforward, generalisable model of 
natural forest regeneration. A survey was conducted on 2289 trees in plots throughout the reserve. Wood 
density data were obtained from literature and tree biomass was estimated using a recent pan-tropical 
allometric equation. A survey on United Nations Framework Convention on Climate Change (UNFCCC) 
Clean Development Mechanism (CDM) projects showed that current methods of growth rate projection 
for mixed, non-plantation forests might significantly overestimate the amount of carbon sequestered. 
The current study identified an alternative potential method for the estimation of sequestration rates 
that did not depend upon compiling single-species growth rates and reduced the risk that error would 
lead to significant over- or underestimation of total biomass sequestration potential. This method used 
remote-sensing data to estimate total biomass potential in a mature forest based upon local samples and 
assumes a standard growth trajectory based upon literature values. The benefits in terms of accuracy and 
ease of model construction are likely to be high. It was found that tree biomass in Gishwati forest contained 
53.9 ± 10 CO2 equivalent(e) ha-1 and was expected to sequester an average of 1.01 (0.80–1.38) Mg CO2e ha-1 
per annum over the next 30 years.

Keywords:  Carbon sequestration, REDD, forest growth rate, Albertine Rift

INTRODUCTION

The Gishwati forest in north-western Rwanda is 
a degraded montane forest fragment of roughly 
10 km2 that retains an important assemblage 
of biota, including the Eastern Chimpanzee 
(Pan troglodytes schweinfurthii), golden monkey 
(Cercopithecus mitis kandti) and other primates. 
The forest is part of the much larger Albertine 
Rift region, which includes approximately 
313,000 km2 of natural habitat from the eastern 
Democratic Republic of Congo to northern 
Zambia (Plumptre et al. 2003, 2007), and has 
been recognised as an area of conservation 
importance (Olson & Dinerstein 1998, Myers 
et al. 2000). Approximately 39% of all African 
mainland mammals can be found in this region 
(Plumptre et al. 2003), and the montane forest 
ecoregion within the Albertine Rift has been 
identified as one of the top three ecoregions in 

the world with regard to number of endemic 
mammals (Olson et al. 2001). The Albertine Rift 
is also an area rich in plant species including at 
least 567 endemics, and the montane regions 
within this area have the largest number 
of threatened and endemic species such as 
Brachystephanus roseus, Encephalartos whitelockii 
and Maesobotrya purseglovei (Plumptre et al. 2003, 
IUCN 2015).

One of the most significant threats facing 
the entire Albertine Rift region, including 
its montane forests, is an increased demand 
for farmland and fuelwood (Plumptre et al. 
2003). Rwanda, in turn, has one of the highest 
population densities in Africa, and most people 
rely on subsistence agriculture, an activity that 
has generated significant pressure on natural 
resources (Plumptre et al. 2001, 2004). Between 
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1958 and 1996, Rwanda lost 33% of its natural 
forests, including parts of montane regions 
such as Gishwati Forest Reserve (Plumptre et 
al. 2004). Deforestation at this scale not only 
affects biodiversity, but also generates other 
problems such as erosion. In Rwanda, erosion 
due to deforestation carries away an average of 
11 Mg ha-1 of soil every year (Waller 1996).

One potential conservation technique 
is the sale of credits for forest-based carbon 
sequestration in natural forest biomass, which 
provides valuable co-benefits in the form of 
biodiversity conservation, water purification, 
opportunities for tourism, protection of 
agricultural resources and more (Richards & 
Stokes 2004). Large-scale carbon sequestration 
in forests may be the single largest opportunity 
for low-cost carbon removal currently available, 
potentially removing nearly 7 gigatonnes of 
carbon dioxide equivalent(GtCO2e) per year 
globally by 2030 at an approximate price of 
$50 per tonne (McKinsey 2007).

Past carbon markets have been more 
robust than they are currently. The Clean 
Development Mechanism (CDM) of the Kyoto 
Protocol (Hunt 2009), allowed credit for active 
reforestation (regrowth of forests on land that 
did not contain it on 31 December, 1989) or 
afforestation (regrowth of forests on land that 
has been free of forests for 50 years). The CDM 
allowed countries or businesses to avoid legally 
mandated reductions, and as a result it had 
provided the highest per-carbon prices before 
the conclusion of the Kyoto Protocol in 2012, 
and its limited continuation into Phase II by the 
European Union, Switzerland and Australia. Due 
to surpluses in the market, the price per Mg of 
CO2, called certified emission reductions, fell 
from a high range of USD 40 to under USD 0.5 
by 2013 (ICE 2011).

Unlike the CDM, numerous certification 
organisations serving the voluntary market 
allow credit for reforestation, afforestation, or 
forest conservation (Kollmuss et al. 2008). These 
credits cannot be used to offset legally required 
carbon emissions, but they are commonly used 
for businesses and individuals to claim 'carbon 
neutrality' as they can purchase credits to offset 
emissions elsewhere in their operations. Even 
with the collapse of the mandatory markets, 
the voluntary market has remained robust with 
USD 379 million in offsets sold in 2013, and an 

average price at about USD 5 (Peters-Stanley & 
Gonzales 2014).

Carbon mitigation through the regrowth 
and protection of largely natural forests has the 
potential for the greatest environmental benefits 
in terms of ecosystem services and biodiversity 
protection, while still providing significant 
long-term storage. However, quantification of 
sequestration potential through regrowth is not 
easy. Different tree species have very different 
growth rates and levels of mature biomass 
(Lieberman & Lieberman 1987). Thus, in 
calculating annual growth increments, CDM 
methodology calls for the use of species- or 
species group-specific data wherever possible 
(UNFCCC 2009). However, this produces a 
problem, i.e. species-specific growth data very 
often comes from timber plantations where 
conditions are manipulated to foster rapid 
growth. This leads to the potential for estimated 
growth rates to significantly exceed actual rates of 
growth in mixed forests, overestimating carbon 
sequestration in these cases.

It appears likely that this occurs in 
practice. A survey was carried out on each of 
the 32 afforestation/reforestation projects 
using CDM through 2011 (UNFCCC 2011). 
Six were projects that projected future benefits 
from the regrowth of mixed tropical forests, 
of which five estimated total biomass of woody 
vegetation at the end of the project cycle to be 
significantly greater than would be expected 
based upon forest type. Both of the African mixed 
forest projects estimated biomass significantly 
above estimates of local climax forest potential 
developed through remote sensing (Baccini 
et al. 2008). Remote sensing data provide an 
easily-accessible estimate for local forest biomass 
and biomass potential and thus have become 
common in biomass estimation work (Clark 
& Kellner 2012, Asner et al. 2012, Zolkos et 
al. 2013). Project 3206 estimated 303 Mg dry 
matter (dm) ha-1 after 20 years of growth in wet 
montane forests, nearly twice more than Baccini 
et al. (2008). Project 2712 cited estimates of 
steady-state mature forest aboveground biomass 
to be 40 Mg (dm) ha-1 in African tropical dry 
montane forests, and 191 Mg dm ha-1 in African 
moist montane forests. Their site belonged 
mostly to tropical montane dry forests. However, 
the method of estimating annual increment 
independently led them to conclude that in 
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30 years the forest will contain 143.3 Mg dm ha-1 
of aboveground biomass, suggesting that the 
values were not even internally consistent within 
the project description.

These results raised the concern that a focus 
upon the estimation of annual increment, often 
from plantation data, led to an overestimation 
of the potential for sequestration from mixed 
forest projects. This study produced an estimate 
for carbon sequestration in woody biomass in 
the Gishwati forest that reduced the potential 
for under- or overestimation of total biomass 
sequestration potential.

MATERIALS AND METHODS

Study site

Gishwati Forest Reserve is a montane forest 
fragment in Albertine Rift, western Rwanda 
(1° 49' S, 29° 22' E), where montane forests 
are found between 1500 and 2500 m(Plumptre 
et al. 2007). Originally, part of an 800,000 ha 
(2 million acres) forest complex, the forest has 
recently fluctuated in size between 28,000 ha in 
1970s and 600 ha in 2005. In 2007, it comprised 
886 ha, referred to as ‘core forest’. In 2008, 
336 ha were added, and in 2009 a further 262 ha 
of a forest fragment called Kinyenkanda was 
incorporated. Gishwati thus currently includes 
about 1484 hectares of largely second-growth 
forest (GPFLR 2010). The core forest consists 
primarily of pioneer tree species such as Dombeya 
torrida, Macaranga kilimandscharica and Maesa 
lanceolata. The terrain is predominantly hilly 
(mean slope = 25.6°), but includes a large 
wet valley on the western side of the reserve. 
The elevation ranges from 2020–2500 m. 
A field station near the forest measured mean 
annual rainfall from 2010 through 2014 at 
1893 mm, distributed seasonally with a major 
dry period between June and August. During 
the same period, the mean daily minimum and 
maximum temperature was 16.8 °C and 23.2 °C 
respectively. This study focused upon the original  
core forest.

Data collection

In 2010, data was collected on tree species 
diversity, stem density (trees ha-1) and tree size. 
Trees under 10 cm diameter at breast height 

(dbh) generally make up a very small fraction 
of total biomass, especially in paleotropical 
forests (Chidumayo 2002, Lewis et al. 2013). 
Therefore, the dbh and height were measured for 
all trees over 10 cm dbh within sixty 0.1 ha plots 
(Figure 1) along ten north–south parallel 
transects spaced at 400 m intervals across the 
core forest (mean transect distance: 2520 m, 
range: 1565–3450 m). Along these transect lines, 
plots were spaced at 500 m intervals and each 
plot was offset 10 m from the transect line. The 
team compiled a list of these parameters and 
species names for 2290 trees. Darbyshire of the 
Royal Botanic Gardens, Kew, E Fischer of the 
University Koblenz–Landau and his assistant 
Dumbo, helped to classify trees (Chancellor et 
al. 2012). The data was then used to estimate the 
carbon stock in standing woody biomass within 
the reserve.

Data analysis

Standing biomass

Pan-tropical allometric equations can produce 
estimates for the aboveground biomass (AGB) 
in a stand of trees to within 10% (with 95% 
certainty) if information is available on—in 
descending order of importance—dbh, wood 
density, height and rainfall (Chave et al. 2004). 
We used the pan-tropical allometric equation 
proposed by Chave et al. (2015) as no large-
sample work has been done to produce local 
equations for forests in moist, montane regions 
of Africa:

AGB = 0.0509 ρHD2

where ρ = wood density, H = height and 
D = diameter.

This equation appears to be quite robust 
for mixed-species tropical forests. We compared 
results in the Gishwati forest with the mean 
from five widely-used older allometric equations 
applicable to this region (Ponce-Hernandez 2004; 
Chave et al. 2004, Chave et al. 2005) and found 
a difference in total estimated aboveground 
biomass of less than 10%.

D and H were measured in the field 
(Chancellor et al. 2012). Where possible, ρ was 
taken from a detailed appendix in the UNFCCC's 
report on the Uganda Nile Basin Reforestation 

(1)



© Forest Research Institute Malaysia 419

Courard-Hauri D et al.Journal of Tropical Forest Science 28(4): 416–425 (2016)

Project No. 3 (CDM 2009). This appendix 
includes density information for the majority of 
the species found in the Gishwati forest, using 
information from Eggeling (1940), Uganda 
Timbers and the Forest Research Office. In a 
few cases, no density information was available 
from the project report. The density was 
determined for Acacia melanoxylon (Prota 2011), 
Alnus acuminata (Moya and Muñoz 2010) and 
Markhamia lutea (Seebauer 2008). Muller-
Landau (2004) found that the correlation 
between measured wood density and literature 
values was 0.82, suggesting a standard deviation 
of 10–15%. She also found that the wood 
density of multiple species responded to 
site-specific drivers, i.e. temperature, rainfall 
and elevation, in a similar way, meaning that 
wood density variation between species is not 
independent from site to site and errors may 
not cancel out.

Root biomass of trees is even more difficult 
to measure directly, but numerous studies have 
estimated its value based upon partial or full 
excavation of root systems. Cairns et al. (1997) 
performed a metastudy of literature estimates 
for root biomass at 62 sites and found that 
the aboveground biomass (AGB) explained 

84% of the variation in belowground biomass 
(BGB) in trees. They produced the pan-tropical 
allometric equation for BGB:

BGB = 346.9(AGB/100)0.8836

where BGB and AGB are both in units of kg 
per ha. Other potential allometric equations 
for African forests can be found in Shirima  
et al. (2011).

The AGB and BGB density per ha was 
calculated for forest edge and forest core. These 
two values were then weighted by the fraction 
of area each represented in order to determine 
the mean biomass density within the reserve.

To determine carbon content of the forest, 
the following equation was used:

C = kB

where C = carbon stock (Mg C ha-1) and 
B = biomass. Depending upon the type of biomass 
involved, the conversion coefficient k commonly 
takes values between 0.45 and 0.6. The FAO 
directs researchers to use the value 0.55 for 
woody biomass in tropical forests, which is widely 
supported in literature (Ponce-Hernandez 2004).

(2)

(3)

Figure 1 Plots in Gishwati forest. Each plot is 50 m × 20 m and all trees 
with dbh > 10 cm were measured within the plot; north is 
at the top of the figure
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This study provided an estimate for woody 
biomass within trees greater than 10 cm dbh, 
not including biomass in smaller trees, lianas 
or vascular plants. These were presumed to be 
a small fraction of the total biomass. It did not 
include biomass of leaf litter or dead biomass, 
as these stocks turn over rapidly and are also 
small. Finally, it did not include an estimate for 
the carbon stocks in soils. These are generally 
large and estimates for Rwandan soils are in 
the range of 50–100 Mg C ha-1 (Henry 2010). 
However, turnover between the stock and the 
atmosphere is generally slow. As estimates for 
soil parameters in Gishwati were not available, 
no attempt was made to calculate the stock. 
Inclusion of the stock would be expected to 
increase the estimate of carbon sequestration 
in Gishwati forest because conversion of forest 
to agriculture does eventually lead to the loss 
of between a quarter and a half of the soil stock 
(Murty 2002, Henry 2010). Taking soil biomass 
into account, estimates for the loss of current 
biomass with conversion to agriculture could be 
increased by between 25 and 100%. However, 
narrowing that range is beyond the scope of this 
paper. Thus, the results only estimated a fraction 
of the total carbon kept from the atmosphere by 
protecting the Gishwati Forest Reserve.

Biomass accumulation

Gishwati is a mixed-species secondary forest 
composed of naturally propagated trees. 
Most of the information on African species-
specific growth rates in the literature is from 
tree plantations. Plantation conditions are 
generally artificially optimised, with weed 
control, limiting light and nutrient competition 
from other species, tree spacing set for rapid 
growth, nutrient application and genetics 
selected for rapid biomass accumulation 
(Tiarks et al. 1998). Thus, these growth rates 
are unlikely to reflect growth in a competitive  
environment.

In a literature survey, Brown and Lugo 
(1990) collected information on biomass 
accumulation in secondary tropical moist and wet 
forests at various times during the first 80 years 
after the removal of all standing biomass. The 
authors, determining curve fit by eye, estimated 
total AGB and BGB stocks over time. They found 
a rapid initial growth rate slowing asymptotically 

towards a maximum value, closely approximated 
with the functional form:

B = At/(t – d)

where B = biomass (Mg ha-1), t = years since 
disturbance, A = asymptote (total biomass in 
a forest that has reached steady-state in terms 
of accumulation of woody vegetation) and 
d = a constant that determines the rapidity with 
which B approaches A. The instantaneous growth 
rate is then just the derivative of equation 4, with 
the growth in a given year equal to:

which approaches zero as t gets larger.
This information can thus be used to 

estimate growth potential at any given future 
period for a natural forest. The asymptote 
A can be determined from values for climax 
forests in the region. If conditions (climate 
and expected A) are similar to those in Brown 
and Lugo (1990), their value for d can be 
used as well, though it can also be estimated 
locally if growth rates is determined over any  
known time period.

Using Maximum Likelihood Estimation 
(MLE), we calculated the best fit of equation 4 
to the data points that Brown and Lugo (1990) 
provided in their work on tree growth in tropical 
forests (Figure 2). The best fit curve for AGB 
closely approximated the curve drawn by the 
authors, though the initial growth rate was 
estimated to be slightly smaller. Due to a large 
amount of uncertainty in the BGB values, it 
was assumed to be 21% of AGB at any point 
in time (equation 2). This approximation also 
followed the hand-drawn curve that Brown and 
Lugo (1990) produced.

The asymptote for mature forest was 
calculated from Brown and Lugo (1990) at 
162.9 Mg ha-1. Baccini et al. (2008) used satellite 
imaging to obtain information on mature, mixed 
species tropical forests and found a value for 
AGB in central African montane forest of 
169.3 Mg ha-1. Since the value that Baccini 
obtained was specific to the type of forest that 
Gishwati will become, the equation obtained 
from Brown and Lugo (1990) was adjusted using 
169.3 for A, rather than 162.9. This retained the 

(4)

Ad
t2 + t(2Ad + 1) + d(A+d) (5)
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shape of the growth curve but substitutes a more 
accurate asymptote:

AGB = 169.3t /(t + 14.6)

Carbon in standing biomass at any point in time 
was estimated using the equation:

C = 1.21 × 0.55 × 169.3 × t / (t + 14.6) 
= 0.6655  × 169.3  × t / (t +14.6)

where 1.21 adjusted for BGB and 0.55 converted 
Mg of biomass to Mg of carbon. The growth rate 
at any point in time was:

The value of t was the time since the 
forest began to fully regenerate, without 
disturbance. History similar to that of Gishwati 
is common, however: forests may not ever be 
fully cleared, disturbances are partial, and 
t is area-specific. Thus, the ‘effective age’ 
of the forest was estimated by substituting a 
measured value of standing biomass for B in 
equation 6 and solving for t to obtain a value usable  
in modeling.

(6)

(7)

(8)169.3 · 14.6

t2 + 2 · 14.6t + 14.62

1645

t2 + 29.2t + 213.2

dC
dt

= =

RESULTS

Standing biomass

Two species, Symphonia globulifera and Myrianthus 
holstii made up nearly 34% of the total woody 
biomass, due mostly to the presence of numerous 
large trees. The top ten species accounted for 
over 75% of total woody biomass (Table 1).

Figure 3 shows the measurements of 
sample from forest edge. The forest edge region 
contained 22 of the 60 plots (37%), but included 
only 16.5% of the total forest area. Forest edge 
had lower average biomass than forest core, 
most likely due to historical use by people in 
surrounding communities and the limited 
regeneration time since 2005, when the forest 
reached its smallest size. To correct for bias, the 
samples were separated into two regions; forest 
edge was defined as the region within 110 m of 
the forest boundary and forest core was the 
remaining forest.

It was calculated that the forest core 
contained 102.4 ± 19 Mg ha-1 of biomass 
(84.9 Mg ha-1 in AGB, 17.6 in BGB), while 
forest edge contained 75.0 Mg ha-1 ± 14 
(61.7 Mg ha-1 in AGB and 13.3 Mg ha-1 in 
BGB). This amount of biomass represented 

Figure 2 Growth rates of tropical forests (Brown and Lugo, 1990); points (·) = values from the 
literature, solid line (—) = best-fit value using maximum likelihood estimation and 
dashed line (- - -) = 90% confidence limits
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53.9 ± 10 Mg C ha-1 throughout the forest, 
or 47,700 Mg C ± 9,000 (175,000 Mg CO2 
emission(e)) total within the 886 ha of the park.

Expected growth

With 53.9 Mg C ha-1 of biomass, equation 7 was 
used to calculate an effective age of 13.4 years. 
This did not represent the actual age since 
clearing, as Gishwati contained a few very 
large trees as well as areas that had been cleared 
quite recently. Also, different regions in the 

forest had been disturbed at different times and 
in some places the disturbance had only been 
partial, for example, with the selective removal 
of small trees. However, finding the effective age 
allowed estimation of expected growth rates as 
the forest ages and moves toward maturity.

Using 13.4 as the current time, carbon 
sequestration was estimated at various time 
points in the future (Table 2). It was estimated 
that over the next 30 years, Gishwati forest will 
sequester 1.01 (0.80–1.38) Mg C ha-1 per year 
(3.7 Mg CO2e ha-1).

Table 1 Number of trees, biomass and their diameter at breast height (dbh) values for selected tree 
species with highest biomass in Gishwati forest, Rwanda

Species Fraction of  
total biomass

Number of trees 
in sample

Largest dbh 
(cm)

Median dbh 
(cm)

Symphonia globulifera 0.220 27 122.0 51.0

Myrianthus holstii 0.118 89 100.0 27.4

Strombosia scheffleri 0.088 53 88.5 33.5

Dombeya goetzenii 0.074 382 59.4 13.0

Macaranga kilimandscharica 0.060 302 85.5 14.2

Maesa lanceolata 0.056 351 70.3 13.4

Carapa grandiflora 0.049 50 68.6 20.1

Polyscias fulva 0.038 67 90.2 13.7

Chrysophyllum gorungosanum 0.037 10 92.0 38.3

Acacia melanoxylon 0.037 178 27.6 14.4

Figure 3 The fraction of plot points divided by the fraction of forested area within Gishwati as one 
moves inward from the forest edge

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0
0 50 100 150

Distance from forest edge (m)

R
at

io
 o

f p
lo

t f
ra

ct
io

n 
to

 a
re

a 
fra

ct
io

n

200 250 300 350



© Forest Research Institute Malaysia 423

Courard-Hauri D et al.Journal of Tropical Forest Science 28(4): 416–425 (2016)

Table 2 Expected carbon sequestration rates 

Years from
present

Instantaneous
sequestration rate t ha-1

Mean sequestration rate 
Mg C ha-1 yr-1

1 1.96 2.03 (1.75, 2.29)

5 1.51 1.78 (1.51, 2.10)

7 1.34 1.68 (1.41, 2.02)

10 1.14 1.57 (1.28, 1.90)

30 0.49 1.01 (0.80, 1.38)

The instantaneous rate represents the derivative of the curve (equation 11), and is lower than the 
average rate due to exponential decay over time, mean sequestration rate represents expected annual 
sequestration over the period from the measurement date to the time indicated, (90% confidence 
intervals in parentheses)

DISCUSSION AND CONCLUSIONS

The study presented a two-step process for 
estimating the sequestration potential of 
degraded natural forest. The method was 
more accurate and generalisable than the 
currently accepted practice and could be used 
in forests such as Gishwati that had undergone 
partial harvesting. This method requires the 
construction of an annual increment curve, 
but it is more critical to correctly estimate the 
expected steady-state value than the increment 
in any given year. This is because much of the 
forest biomass is likely to accumulate during the 
project lifetime and a misestimate of the steady-
state value can lead to a significant error in the 
prediction of total carbon accumulated.

Unless the forest has been clearcut, the first 
step is to estimate the standing biomass using 
either a local or general allometric equation. 
Error from allometry combined with sampling 
error as well as uncertainties related to wood 
density and BGB, is generally within established 
tolerance. A determination of the standing 
biomass then places the forest at a unique 
point on the growth curve, from which growth 
increments may be calculated for future years.

The second step is thus to estimate the 
future growth potential of the forest. The most 
important step here is determining a reasonable 
maximum value, at which a forest will reach 
rough steady-state. This is perhaps the least 
well-quantified number in most mixed forest 
models, and it appears that current models 
based upon single-species growth curves are not 
performing well it this category. Remote sensing 
technology has improved, and where possible, 

its value should be used to parameterise growth 
models rather than emerge from single-species 
calculations. Taken together, errors in the first 
step (measurement of biomass) are mitigated by 
the second step in the model. Large estimates for 
standing biomass lead to lower expected growth 
rates and vice versa.

The most important shortcomings of the 
method of estimation are: (1) it is based upon 
an estimate of growth rates for tropical forests in 
general, rather than for the specific conditions of 
Gishwati Forest (although the asymptote specific 
to forests similar to Gishwati), (2) it is not based 
upon species-specific growth rates, although the 
particular composition of the forest may lead to 
varying growth rates for the forest as a whole if it 
differs significantly from a typical forest and (3) it 
does not take into account the effects of shading 
from individual large trees that exist in Gishwati. 
Of these, the last is the most problematic and 
the most difficult to account for without an 
actual spatial model of the forest. However, 
the use of data from actual forests rather than 
plantations mitigates this concern somewhat. 
Moreover, a small degree of shelterwood has 
been shown to enhance forest growth over 
that in a clearcut environment (Paquette et al. 
2006), so there is the potential for our values to 
underestimate short-term sequestration potential  
in Gishwati.

An assessment of the generalisability of 
this method is beyond the scope of the current 
paper, as it requires a large data set of natural 
forest growth estimates over a period of decades. 
Such a data set was not available, although it 
was intended to monitor the growth rate of the 
Gishwati forest over time. Future research will 
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resolve whether the methodology presented 
here provided reasonable short-term carbon 
sequestration estimates.

Gishwati forest currently contained about 
175,000 Mg CO2e in trees over 10 cm dbh. On 
the open voluntary market, this is worth about 
USD 875,000. The annual sequestration rate over 
the next 30 years is about 3.7 Mg CO2e ha-1, adding 
over USD 16,000 in annual new sequestration 
benefits over the park as a whole. Thus, even at 
a very low carbon valuation, the climate benefits 
add a significant amount to the already important 
conservation value of the forest.
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