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Summary
The rapid transformation of the Earth’s surface by anthropogenic activities has degraded its ecosystems and
changed its biogeochemical cycles. This affects both current and future generations. Payments for ecosystem
services (PES) is a policy instrument to safeguard the contributions of ecosystems to human well-being. PES
programmes reimburse private landowners for the ecosystem services that are generated on their land. A wellknown and much imitated example of PES is Costa Rica’s Pago de Servicios Ambientales (PSA) scheme. More
recently, ecosystem accounting has been developed to capture the values that ecosystems generate and to include
these in national accounting. This body of work is synthesised in the System of Environmental-Economic
Accounting Experimental Ecosystem Accounting (SEEA EEA). To begin to fully capture these values in the
SEEA EEA and analyse the impact of PES, machine learning offers a set of new, powerful analytical methods.
PES programme practitioners require spatial information on ecosystems to ensure an additional supply of
ecosystem services, administrate payments, target high-value areas, monitor for effects outside participating
areas and increase social welfare. This is in order to maximise the impact of a programme. In Costa Rica, the
quantification of ecosystem services is needed to measure the influence of the PSA programme and to capture
the greatest ecosystem-service supply. However, payments are not linked to ecosystem-service supply and are
instead conditional on participants maintaining a particular land cover (e.g. forest). This system of payments is
typical for most PES schemes because practitioners do not usually work with quantitative measures of
ecosystem services. This affects the social efficiency of programmes. Thus, spatial measurements of ecosystems
are currently required to assess the impacts of PES. The SEEA EEA, coupled with the power of machine
learning, can potentially accomplish this. It offers several different accounts that record information on
ecosystem extent, condition, service flows and their monetary value. These accounts can be populated with
quantitative measures generated using the power of machine learning.
Therefore, my research examines whether ecosystem accounting can be used to assess the impacts of PES on
ecosystem services using a machine learning approach. I focus on the PSA programme which covers a broad
range of ecosystem services and is faced by the same measurement challenges as many other PES schemes.
First, the literature was reviewed to explore how PES is reflected in the SEEA EEA. Then, the ecosystem
services in the PSA programme were modelled using a range of techniques. Carbon storage was modelled with
the machine learning algorithm Random Forests and soil erosion control with the Revised Universal Soil Loss
Equation. The habitat suitability of three iconic but threatened species were modelled with another machine
learning algorithm, Maxent. Following this, the impact of the PSA programme was also analysed using a
random forests model. This examined the strength of the PSA programme as a predictor variable for ecosystemservice supply. Finally, the suitability of the SEEA EEA to assess the impact of PES was discussed by
considering all model results in a broader context and their relevancy to PSA administrators.
Ecosystem accounting is found to be a relevant approach to assess the impacts of PES on ecosystem services.
Its main limitation is that it only captures the impacts of PES on the exchange value of ecosystem services and
not any broader societal value. PES practitioners should also be cautious when using spatial measures of
ecosystems as modelling this information still has many uncertainties. Nevertheless, the spatial estimates
ecosystem accounting generates can help practitioners measure the additionality of a programme, distribute
payments, target high-value areas and monitor for spillover effects into non-participating areas. Ecosystem
accounting still also holds the potential of increasing the social welfare generated by a programme. This is
because it can increase the market efficiency of a scheme by decreasing the information rents captured by
suppliers. Ultimately, this is likely to increase the number of people participating and the quantity of ecosystem
services captured by a PES programme.
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1. Introduction
1.1. Background
Human activities are driving a worldwide loss of biodiversity and altering the planet’s biogeochemical cycles
(Steffen et al., 2015). This rapid transformation of the Earth’s ecosystems, fuelled by the overconsumption of
the world’s natural resources, has impacted the human well-being of both current and future generations (Arrow
et al., 2004). Anthropogenic climate change has emerged as one of the greatest threats, triggering a rise in sea
levels, intensifying the number of extreme weather events and pushing many species to the brink of extinction
(IPCC, 2014). This has led to an international call for sound environmental policies that safeguard the value of
ecosystems on earth for us and future generations (Guerry et al., 2015).
Environmental economists have highlighted a basic failure in economic decision-making to account for the
value that natural systems contribute to human well-being; assets embodied in ecosystems are poorly understood
and rarely monitored (Daily et al., 2009). To better understand this value, a number of assessment approaches
have emerged. The first major synthesis of scientific knowledge on how ecosystems contribute to human wellbeing came with the Millennium Ecosystem Assessment or MA. This introduced the idea that ecosystems
provide services which generate benefits to society (Carpenter et al., 2009). This was followed by The
Economics of Ecosystems and Biodiversity (TEEB) study in 2010 which further elaborated this idea and
summarised the evidence for the economic value of ecosystems (Hedden-Dunkhorst et al., 2015). Shortly after,
the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES) was founded
which recently argued for a wider, cultural perspective on value (Díaz et al., 2018).
These assessment frameworks include a welfare economics approach which incorporates the amount people
would be willing to pay rather than market exchanges. This means the value prescribed to ecosystems is
incompatible with standard economic statistics. Ecosystem accounting builds on the work carried out in the MA
and TEEB report but specifically limits the valuation of ecosystem services to market exchange values. This
body of work is synthesised in The System of Environmental-Economic Accounting Experimental Ecosystem
Accounting (SEEA EEA), developed under the auspices of the United Nations Statistics Division (UNSD). This
enables a measure of ecosystem value compatible with standard measures of economic activity such as Gross
Domestic Product (GDP) (UN et al., 2014). The SEEA EEA records information in a number of different
accounts based on the spatial quantification of ecosystems. These accounts include the ecosystem service supply
and use account, the ecosystem condition account, the ecosystem extent account and the monetary asset account.
Individual thematic accounts also exist to record information relating to carbon, water and biodiversity.
Together, these accounts serve as a tool for sustainable land use planning (Hein et al., 2015).
Meanwhile, machine learning has emerged as a powerful analytical tool capable of insights far beyond the
conventional methods available (Zhou et al., 2017). Machine learning has started to revolutionise the fields of
medicine, financial services, weather forecasting and agriculture (Witten et al., 2016). In the environmental
sciences, machine learning algorithms such as Maxent and Random Forests have been used to estimate and
spatially model environmental factors including carbon and the distribution of species (Baccini et al., 2004;
Phillips et al., 2006). Maxent utilises the principle of maximum entropy while Random Forests is a decision
tree ensemble that carries out repeated regressions to find the best predictive model (Breiman, 2001; Phillips et
al., 2006).
Payments for ecosystem services (PES) has been developed as a transparent system of payments for the
additional provision of ecosystem services generated on the land of private landowners (Tacconi, 2012).
1

Ecosystem services are defined as the contributions of ecosystems to benefits used in economic and other human
activity (UN et al., 2014). PES programmes have been initiated around the world on a variety of different scales
and targeting a range of ecosystem services (Wunder et al. 2008). PES has become particularly prevalent with
the development of the REDD+ programme out of the United Nations Framework Convention on Climate
Change (UNFCCC). REDD+ establishes financial incentives for developing countries to protect and sustainably
manage their forest resources. This specifically targets the carbon stored in trees to keep the carbon in the trees
rather than the atmosphere where it contributes to climate change (Corbera and Schroeder, 2011).
Costa Rica’s Pago de Servicios Ambientales (PSA) programme is cited as an early and successful example of
PES (Pagiola, 2008). The PSA programme was first implemented in 1997 as a result of a continuing series of
environmental laws and regulations beginning in the 1970s (Calvo-Alvarado et al., 2009). The programme
recognises four ecosystem services provided by forests: protection of hydrological sources, mitigation of
greenhouse gases (GHGs), biodiversity and scenic beauty (Pagiola, 2008). The PSA programme is specifically
examined in this research as one of the leading examples of PES, covering a broad range of ecosystem services
and because it shares the same measurement challenges as many other PES schemes (Pagiola, 2008).

1.2. Problem statement
At present, it is difficult to assess the impact of PES programmes because not enough spatial information is
available (Tacconi, 2012). The impact of a PES programme is determined by whether it is targeting the most
high-value areas, generating an additional amount of ecosystem services, managing for both positive and
negative spillover effects, and maximising social welfare (Wunder et al., 2008). Monitoring for these impacts
requires spatial measurements of ecosystems and ecosystem services (Börner et al., 2017). The lack of spatial
information on ecosystem services also means that most schemes deliver payments based on land use
compliance, such as maintaining forest, rather than quantitative measures of the desired ecosystem services.
This impacts the social efficiency of these programmes because the price being paid to suppliers may not reflect
the value to society or the true cost to the supplier (Engel et al., 2008). Consequently, there is an urgent need
for the spatial quantification of ecosystems and ecosystem services (Börner et al., 2017).
The impact of the PSA programme on the provision of ecosystem services continues to be discussed (Porras et
al., 2013). The PSA scheme is one example of a scheme which distributes payments based on land use
compliance rather than on the direct quantification of ecosystem services. Nevertheless, areas are targeted for
specific ecosystem services but there is generally a lack of data on ecosystem services and the extent to which
the programme is influencing their supply (Pagiola, 2008). Most studies that investigate the impact of the PSA
scheme use matching methodologies based on deforestation as a proxy (Arriagada et al., 2012). So far, one
study has quantified the ecosystem services recognized by the PSA programme but without providing
biophysical figures, only the correlation between the ecosystem service supply and use (Locatelli et al., 2013).
All these studies have found the PSA programme to have a negligible impact on ecosystem service supply
(Arriagada et al., 2012; Sanchez-Azofeifa et al., 2007).

1.3. Objective of the research and research questions
The SEEA EEA provides a promising framework to assess the impact of PES while machine learning offers a
set of powerful methods to quantify and analyse information on ecosystems. Specifically examining the PSA
programme means that the impact of a leading and much-imitated example of PES can be analysed for the first
time using quantified measures of ecosystem services.
2

Therefore, the main aim of this research is:
To examine how the SEEA EEA can be used to assess the impacts of payments for ecosystem services (PES)
schemes on ecosystem services.
The main aim of the research will be pursued through the following research questions (RQs):
RQ1.
RQ2.
RQ3.

How is the concept of payments for ecosystem services reflected in the SEEA EEA?
What are the spatial distributions of the ecosystem services recognised by the PSA programme in
Costa Rica?
What is the impact of the PSA programme on the supply of ecosystem services?

This research has been structured into a number of different chapters. The first chapter (Chapter 1) has
introduced some background, the current issues facing PES and the research aim and objectives. Chapter 2 sets
out the research methods, starting with the literature review conducted for RQ1. It also provides detailed
information on the machine learning algorithms used to quantify the distributions of ecosystem services for
RQ2 and those employed to analyse the supply of ecosystem services for RQ3. Chapter 3 presents the results
of the research. First, it looks at RQ1 to establish the essential connections between the SEEA EEA and PES.
Then, within this context, the distributions of ecosystem services modelled for RQ2 and the impact of the PSA
programme on the supply of these services for RQ3 are presented. The results and their relevancy to PSA
administrators are then discussed in Chapter 4 within a broader societal context. This discussion explores the
suitability of the SEEA EEA in assessing the impacts of PES. Drawing upon the discussion, a final conclusion
is given in Chapter 5 which demonstrates that the SEEA EEA cannot capture every impact of a PES programme
but holds a great amount of potential for assessing the impacts of PES.
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2. Methods
2.1. Study area
Costa Rica is a country in Central America of 51,100 square kilometres with a rich topography and a tropical
to sub-tropical climate. It is bordered in the north by Nicaragua and in the south by Panama. It sits between two
oceans, in the east lies the Atlantic and the Caribbean Sea, while in the west lies the Pacific. Here, the continental
divide has produced two coastal planes divided by a set of large mountain ranges in its middle, reaching a height
of 3,819 metres (Herrera, 2016). Approximately 52 percent of its area is covered by forest and the country is
estimated to have 5 percent of the world’s biodiversity (Kappelle, 2016). It has four major urban centres: San
José, its capital in the centre of the country, Limón on the Caribbean coast, Puntarenas on the Pacific coast and
Liberia in the province of Guanacaste in the northwest (Figure 1).

Figure 1. Map of Costa Rica with its main cities and national park system.

Costa Rica is characterised by a large network of national parks and wildlife reserves. Figure 1 shows the
network of national parks across the country. These include, Corcovado National Park on the Osa Peninsula in
the southwest of the country, La Amistad International Park in the south which straddles the central mountain
ranges down into the Caribbean lowlands, Santa Rosa and Guanacaste National Parks in Guanacaste Province
in the north of the country, the national parks of Braulio Carrillo and Juan Castro Blanco in the middle of the
country, and Tortuguero on the Caribbean coast. The national parks of Costa Rica contain some of the largest
continuous stretches of pristine tropical forest (Boza, 1993) and therefore serve as a good reference point in
examining the distribution of ecosystem services in the country.
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2.2. The SEEA EEA and payments for ecosystem services
In order to understand how the SEEA EEA can be used to assess the impact of PES on ecosystem services, it is
important to first examine the concept of PES and how the concept is connected to the SEEA EEA with its
different ecosystem accounts. To do this, a systematic literature review was conducted, referring to the scientific
literature on PES, the SEEA EEA manual (UN et al., 2014) and the recently published SEEA EEA technical
recommendations (UN, 2017).

2.2.1. Literature sources
In order to conduct a systematic review of the scientific literature on PES, the abstract and citation database
Scopus was employed. In addition to this, two reports on the PSA programme published by the International
Institute for Environment and Development were used as sources due to their comprehensiveness (Porras et al.,
2013, 2014). For ecosystem accounting, the SEEA EEA manual and the SEEA EEA technical recommendations
were sourced from the UNSD website at https://unstats.un.org/unsd/envaccounting/eea_project/default.asp.
These two documents act as a synthesis of all the work done on ecosystem accounting so a search of the
scientific literature on ecosystem accounting was not deemed necessary although references to scientific papers
in the documents were also consulted.

2.2.2. Search terms
To identify articles relating to the analysis of PES as a concept and PES impacts, the Boolean search term
“payments for ecosystems services” OR “payments for environmental services” AND “theory” OR “concept”
OR “impact” OR “effective*” was entered into Scopus with the search query limited to the abstracts of scientific
articles (* indicates a wildcard search). This search returned 424 articles. A second search was conducted to
identify articles studying the PSA programme. This search used the Boolean search term “payments for
ecosystems services” OR “payments for environmental services” AND “PSA” OR “Pago de Servicios
Ambientales”. The search query was again limited to abstracts of scientific articles. The search returned a total
of 13 articles. Finally, the SEEA EEA manual and SEEA EEA technical recommendations were referred to in
their entirety to analyse how the concept of PES is connected to the SEEA EEA and its different accounts.

2.2.3. Article inclusion
The selection of articles returned after the two searches on Scopus were reduced based on a selection procedure.
The title and abstract of each of these articles were reviewed and only articles deemed directly relevant to PES
as a concept and the impacts of PES on ecosystem services were selected for further reading. Any articles
dealing with a specific case study of PES outside of Costa Rica were also excluded. Finally, any articles with 5
citations or less were excluded. This procedure ensured that the most relevant articles were selected which dealt
directly with the overall issues and conceptualisation of PES and its impacts on ecosystem services. Following
this process, the selection was reduced to 25 articles after accounting for duplicates between the two searches.

2.2.4. Themes identified
Four important themes were identified when examining PES and the impacts of PES in relation to the SEEA
EEA. The first is the definition of ecosystem services. The second considers the biophysical information
available in the SEEA EEA on the ecosystem services targeted by PES programmes. The third examines the
valuation of ecosystem services in the SEEA EEA and, finally, the fourth considers how the SEEA EEA can
facilitate the measurement of PES impacts.
5

2.3. Modelling ecosystem services
To explore what the application of the SEEA EEA means in practice, indicators for three of the ecosystem
services recognised by the PSA programme in Costa Rica were modelled for the entire forested area of Costa
Rica. These ecosystem services are biodiversity, the mitigation of greenhouse gases and the protection of
hydrological sources. The indicators chosen to represent these are carbon storage, soil erosion control and
habitat suitability for a set of iconic but threatened species. Scenic beauty was not modelled due to the challenges
in modelling such a service and with the view that habitat suitability and scenic beauty are closely aligned
(Zbinden and Lee, 2005). All ecosystem services were modelled using data for 2013 unless stated otherwise.
Forested area is defined as primary forest, secondary forest, tree plantations, palm swamp forests and mangrove
forests. The ecosystem services were modelled and presented using R 3.4.2, Google Earth Engine, GRASS 7.4.
and ArcGIS 10.5. The data sources are listed in Table 1.
Table 1. Modelled ecosystem services and source data.
Ecosystem service

Dataset

Dataset type

Source

Carbon storage

Forest inventory plot data

Forestry statistics

LabTEc (unpublished)

Soil erosion control

Habitat suitability

Landsat 8 TOA Reflectance Raster (30m resolution)

USGS (2017)

MODIS Nadir BRDFRaster (500m resolution)
Adjusted Reflectance Daily

Schaaf and Wang (2015)

TRMM 3B42 3-hourly
precipitation records

Raster (0.25 degree
resolution)

TRMM (2015)

HWSD soil type and
properties

Raster (1km resolution) and
mdb database file

FAO (2012)

Digital elevation model

Raster (15m resolution)

LabTEc (unpublished)

Land cover map

Raster (30m resolution)

LabTEc (unpublished)

GBIF species presence data R dataframe with coordinates GBIF (2017)
WorldClim 2 climate
surfaces

Raster (1km resolution)

Fick and Hijmans (2017)

MODIS Vegetation
Continuous Fields Yearly

Raster (250m resolution)

Dimiceli et al. (2015)

Land cover map

Raster (30m resolution)

LabTEc (unpublished)

Digital elevation model

Raster (15m resolution)

LabTEc (unpublished)

2.3.1. Carbon storage
The mitigation of greenhouse gases though the capture and long-term storage of atmospheric carbon dioxide is
the first ecosystem service participants are reimbursed for in the PSA programme (Porras et al., 2013). The
increase in carbon to the atmosphere as a result of deforestation is the largest source of greenhouse gas emissions
in tropical countries and one of the leading causes of climate change (Gibbs et al., 2007). The majority of Costa
Rica’s emission reductions are generated through avoided deforestation (Pagiola, 2008) and forest-conservation
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contracts account for most of the hectares enrolled in the PSA programme (Robalino and Pfaff, 2013). Carbon
storage therefore represents an important indicator to measure this ecosystem service.
Random forests
Carbon storage was modelled using the machine-learning algorithm Random Forests developed by Breiman
(2001). Random forests is an ensemble machine learning method for regression which uses decision trees and
bootstrap sampling techniques to generate a mean prediction for a response variable using a set of predictor
variables. The algorithm randomly selects a sub-sample of the data for a specified number of decision trees with
a second random selection of the predictor variables at each tree node. A regression is then performed at each
node on the sub-sample of the data, referred to as bootstrapping, and the mean prediction is taken from across
all the nodes. Random forests are particularly effective as a machine learning algorithm as any overfitting of
the data is avoided. This is because each bootstrap sample is taken from all the available data and the regression
repeated with different variations of the predictor variables. It is therefore also less sensitive to small
irregularities or ‘noise’ in the input data (Breiman, 2001).
Tree-based models have been applied in a number of studies to map aboveground biomass and carbon storage
using remote sensing and forest inventory data (Baccini et al., 2004, 2008; Houghton et al., 2007; Saatchi et al.,
2007; Yin et al., 2015). Remote sensing observations cannot directly measure aboveground biomass but are
sensitive to vegetation structure such as forest density and crown size (Baccini et al., 2008). Remote sensing
data has also been combined with climate and topographical factors, also determinants of biomass (Baccini et
al., 2004; Gallaun et al., 2010). In this study, different remote-sensing datasets were sourced for 2014, in
addition to climatic and topographical variables, to train the random forest using forest inventory data provided
by the Laboratorio de Teledetección de Ecosistemas (LabTEc) at the Universidad Nacional, Costa Rica. The
remote sensing data was then downloaded again for 2013 to map carbon storage using the trained random forest
model.
The R package ranger was utilised to build the random forest model. ranger is an implementation of random
forests in R which automatically selects the best maximum number of variables available at each split within
each tree, termed ‘mtry’, and whether to use extremely randomised trees, referred to as ‘extratrees’, as an
alternative split rule for the tree structure (Wright and Ziegler, 2017). This means it either applies a randomised
number of predictor variables to use at each tree split, ‘extratrees’, or it applies the locally optimal number of
predictor variables at each split, referred to as ‘variance’ in the output of the package. It also provides an
indication of the importance of each predictor variable using the node impurity statistic. This shows the decrease
in variance in the estimated response of the dependent variable as a result of its inclusion across each of the
trees.
Forest inventory data
A national forest inventory was conducted in Costa Rica for 2014-2015 (Programa REDD/CCAD-GIZ-SINAC,
2015). The forest inventory established plots across the country for all forest types including primary and
secondary forest, mangrove forests, tree plantations, palm swamp forest and forested pastures. Plot coordinates
and a carbon figure per plot were obtained using the detailed measurements for the inventory provided by
LabTEc (unpublished).
The forest inventory used systematic sampling to generate 179 points at which measurements were taken within
a rectangular plot of 50 by 20 m (1000 m2). Systematic sampling establishes a regularly spaced grid from which
plot locations are selected (Gibbs et al., 2007). For the purposes of this study, the measurements of the diameter
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at breast height (DBH) of all vegetation measuring above 10 cm within the total plot size were considered, as
well as measurements of vegetation between 2 and 10 cm within a smaller sub plot measuring 10 by 20 m. In
the forest inventory, these measurements were extrapolated to a per hectare figure by multiplying the
measurements of vegetation greater than 10 cm by 10 and vegetation between 2 and 10 cm by 50. Aboveground
biomass was then estimated from DBH using the equations of Chave et al. (2005), Chave (2006), Fonseca et al.
(2009) and Pérez and Kanninen (2003). Finally, a carbon figure was obtained by multiplying biomass by a
factor of 0.5 as per the IPCC guidelines (IPCC, 1997). The total estimated carbon per hectare for each plot was
taken for this study and geo-located using the plot coordinates (Figure 2).

Figure 2. Forest inventory plot locations and carbon storage (ton ha -1).

In many cases, forestry personnel faced challenges in accessing some of the plots at the sampled locations or
the plots were found to be interrupted by obstacles or other land cover types. As a result, these plots were moved
or adjusted at the original location. In most instances it was possible to change the plot coordinates according
to the comments left by the forestry personnel but in some cases this information was not available and the plots
had to be removed. There were also other issues including some plots with no trees due to fire or harvesting.
Full details of the adjusted or removed plots with justifications can be found in Appendix 2. Following this
process, 155 plots were left for the random forest regression model.
Remote sensing data
The first remote sensing dataset used was the Moderate-resolution Imaging Spectroradiometer (MODIS) Nadir
BRDF-Adjusted Reflectance Daily product (MOD34A4.V6) at 500 m resolution (Schaaf and Wang, 2015).
This product provides a repeated 16-day composite of observations that have been cloud-screened and corrected
for atmospheric haze and aerosols (Schaaf et al., 2002). It provides observations across seven reflectance bands:
blue (0.459-0.479 μm), green (0.545-0.565 μm), red (0.620-0.670 μm), near-infrared (0.841-0.876 μm) and
shortwave infrared (1.230-1.250 μm, 1.628-1.654 μm and 2.105-2.155 μm) (GLCF, 2006). It has been used to
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map aboveground biomass for Africa (Baccini et al., 2008), China (Yin et al., 2015) and Europe (Gallaun et al.,
2010). In this study, the 16-day composites for the whole year were averaged to obtain an annual mean for each
band. This was done to further improve the quality of the mosaic and to achieve a balanced measurement
considering the different seasonal patterns in Costa Rica. For example, Guanacaste province in the northwest
of the country has a much more pronounced dry season in contrast to the rest of the country (Kappelle, M.,
2016).
The second remote sensing dataset applied in this study were observations from the Landsat 8 satellite. Landsat
8 has been used in many land cover applications, including the mapping of aboveground biomass (Lu, 2005;
Roy et al., 2014). Landsat 8 provides observations at a 30 m resolution across eleven bands: ultra-blue (0.430.45 μm), blue (0.45-0.51 μm), green (0.51-0.59 μm), red (0.64-0.67 μm), near-infrared (0.85-0.88 μm),
shortwave infrared (1.57-1.65 μm and 2.11-2.29 μm), panchromatic (0.50-0.68 μm), cirrus (1.36 to 1.38 μm),
and thermal infrared (10.60-11.19 μm and 11.50-12.51 μm). In this study, the ultra-blue band was excluded for
the regression analysis as the band is used for aerosol detection and not relevant to the detection of vegetation
(Roy et al., 2014).
Google Earth Engine was utilised to acquire a cloud-free mosaic of Landsat 8 observations for the whole of
Costa Rica. Google Earth Engine is a cloud-based platform for planetary-scale geospatial analysis, enabling
users to access multi-petabyte catalogues of remote sensing data using the high-performance computing power
of Google’s servers (Gorelick et al., 2017). The Landsat 8 Tier-1 top-of-atmosphere (TOA) product was sourced
from the Earth Engine catalogue. This collection consists of Landsat scenes of the highest available quality and
has already been calibrated from the raw scenes to TOA reflectance; this corrects for solar radiance and viewing
angles of the satellite that interfere with the accuracy of the observations (Chander et al. 2009). A time period
from February 2014 to April 2015 was selected to gain an additional two months and source cloud-free pixels
from the clearer dry-season period that extends into March and April (Kappelle, 2016). The simple cloud score
algorithm available through the Earth Engine was then applied to the filtered collection. The algorithm scans
the entire collection to find the most cloud-free image for each 30 m pixel within the study area based on the
spectral signature of clouds in each of the bands.
In addition to using the individual bands, the Normalised Difference Vegetation Index (NDVI), Enhanced
Vegetation Index and Normalised Difference Moisture Index (NDMI) were also calculated for the MODIS and
Landsat satellite products. Vegetation indices reduce the impact of environmental conditions that interfere with
the accuracy of the individual reflectance bands (Lu, 2005). NDVI, EVI and NMDI have all been shown to be
effective indices in measuring the structural characteristics of vegetation using both Landsat and MODIS (Hayes
et al., 2008; Jin and Sader, 2005; Pettorelli et al., 2005). NDVI is calculated as:
𝑁𝐷𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅𝑒𝑑 )
(𝑁𝐼𝑅 + 𝑅𝑒𝑑)

( EQ. 3.1 )

where 𝑁𝐼𝑅 is the near-infrared band and 𝑅𝑒𝑑 the red band of the satellite. This reflects the fact that vegetation
scatters near infrared light while absorbing red light. Higher NDVI values therefore indicate more concentrated
areas of vegetation and biomass (Pettorelli et al., 2005). EVI is calculated as:
𝐸𝑉𝐼 = 2.5

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)
(𝑁𝐼𝑅 + 6 ∙ 𝑅𝑒𝑑 − 7.5 ∙ 𝐵𝑙𝑢𝑒 + 1)

( EQ. 3.2 )

where 𝑁𝐼𝑅 is the near-infrared band, 𝑅𝑒𝑑 the red band and 𝐵𝑙𝑢𝑒 the blue band of the satellite with the
coefficients based on Huete et al. (2002). EVI optimises the vegetation signal by regulating for the effects of
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the atmosphere and the behaviour of the spectral bands over complex canopies. This makes it sensitive over
high biomass regions (Huete et al., 2002). NDMI is calculated as:
𝑁𝐷𝑀𝐼 =

(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅1)
(𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅1)

( EQ. 3.3 )

where 𝑁𝐼𝑅 refers to the near infrared band of the satellite and 𝑆𝑊𝐼𝑅1 to the first shortwave infrared band.
NDMI is sensitive to the moisture content of vegetation. It is able to detect different stand ages of vegetation
and in many cases has been found to be more sensitive to plant biomass than NDVI (Jin and Sader, 2005). As
per Hayes et al. (2008), for the MODIS product, the shortwave infrared band at 1.628-1.654 μm was used. For
Landsat 8, the first shortwave infrared band at 1.57-1.65 μm was used.
Predictor variable evaluation and selection
Random forests work well with a large number of predictor variables (Kuhn and Johnson, 2013). Nevertheless,
machine learning algorithms exhibit a decrease in accuracy if the number of predictor variables increase above
an optimal level (Kursa and Rudnicki, 2010). So as not to provide the random forest algorithm with a suboptimal number of predictors, the Boruta package in R was employed to evaluate each predictor variable and
select the most relevant. Boruta employs an adapted random forest algorithm that iteratively removes the least
relevant variables by comparing performance to a set of artificial variables which have values randomly selected
from the genuine predictors (Kursa and Rudnicki, 2010). Following this procedure, the predictor variables were
reduced to those listed in Table 2. Originally, topographical and climatic variables as well as the MODIS
Vegetation Continuous Field Yearly (MOD44B.V6) product were also included as predictor variables but were
found to have a weak predictive ability and therefore excluded. This is returned to in the discussion. The full
results of this exercise can be found in Appendix 1.
Table 2. Carbon storage predictor variables.
Dataset

Predictor variable

Landsat 8 TOA Reflectance

Band 2 - blue (0.45-0.51 μm)
Band 3 - green (0.51-0.59 μm)
Band 4 - red (0.64-0.67 μm)
Band 6 - shortwave infrared (1.57-1.65 μm)
Band 7 - shortwave infrared (2.11-2.29 μm)
Band 8 - panchromatic (0.50-0.68 μm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

Band 1 - blue (0.459-0.479 μm)
Band 3 - red (0.620-0.670 μm)
Band 4 - near-infrared (0.841-0.876 μm)
Band 6 - short-wave infrared (1.628-1.654 μm)
Band 7 - short-wave infrared (2.105-2.155 μm)
NDMI - normalised difference moisture index
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Model evaluation and final prediction
To assess the accuracy of the predictions produced by the random forest, a repeated cross-validation approach
was taken. The data was randomly split into 50 groups with one group held out as the validation dataset and the
other used to train the model. This procedure was then repeated 50 times and the results averaged. The advantage
of repeated cross-validation using a large number of subsets and repetitions is that it reduces model bias and the
uncertainty of the performance estimates as the model can see more of the data (Kuhn and Johnson, 2013). Rsquared and Root Mean Squared Error (RMSE) were used as metrics to measure model performance. R-squared
reflects the variance in the response variable explained by the model across the validation datasets and RMSE
is a measure of error between observed and predicted values (Kuhn and Johnson, 2013). The optimal model
was chosen based on the highest R-squared.
The final prediction of carbon storage was mapped by applying the random forest model to the remote sensing
data for 2013. First, carbon was mapped for the entire area of Costa Rica, after which the land cover map for
2013 was applied as a mask to restrict predictions to all forest types: primary forest, secondary forests, tree
plantations, palm swamp forests and mangrove forests. The total carbon for all forested land and each individual
forest type was then calculated and presented.

2.3.2. Soil erosion control
The PSA programme recognises the hydrological services forests provide for the protection of drinking water
and production of hydroelectric energy (Porras et al., 2013). Water quality is a primary concern in Costa Rica
(Pagiola, 2008). Vegetation plays a key role in reducing soil erosion and sediment run-off into water bodies.
High sediment loads affect drinking water quality, water for irrigation and hydroelectric power generation
(Locatelli et al., 2013). For these reasons, soil erosion control provides a good indicator to measure this service.
The difference between soil loss on each land cover unit and on bare soil can be used to represent the additional
soil erosion control provided by the vegetation cover of each unit.
The Revised Universal Soil Loss Equation
The Revised Universal Soil Loss Equation (RUSLE) was used to model soil erosion control. RUSLE was
developed in the United States by Renard et al. (1997) and has been used to measure soil loss at the national
and watershed scale in a number of different tropical countries including Costa Rica (Angima et al., 2003;
Batista et al., 2017; Hoyos 2005; Locatelli et al., 2013; Rubin and Hyman 2000). It offers a straightforward
approach to calculating soil erosion rates, requiring a relatively small amount of input data and good
compatibility with Geographic Information Systems (GIS) (Millward and Mersey, 1999).
To calculate soil erosion control, soil loss was first calculated for all eligible forested land excluding palm
swamp and mangrove forests as soil erosion is not relevant to these types of ecosystems. This meant the
calculations were restricted to primary forest, secondary forest and tree plantations using a land cover map
provided by LabTEc at the Universidad Nacional (Appendix 3). Soil loss was then calculated for these same
areas as bare soil and the difference taken to represent the soil erosion control delivered by the vegetation. Soil
loss was calculated as follows:
𝐴 = 𝑅 ∙ 𝐾 ∙ 𝐿𝑆 ∙ 𝐶 ∙ 𝑃

( EQ. 3.4 )

with 𝐴 expressed in ton ha-1 yr-1 representing the annual soil loss rate, 𝑅 the rainfall erosivity factor (MJ mm ha1 -1
h yr-1), 𝐾 the soil erodibility factor (ton ha h ha-1 MJ-1 mm-1), 𝐿𝑆 the slope length and steepness factor
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(dimensionless), 𝐶 the land cover management factor (dimensionless) and 𝑃 the support practice factor
(dimensionless). The support practice function describes any implemented measures that reduce the potential
of run-off. For the purposes of this study, 𝑃 was set to 1 due to its relevance only to managed crops and the
absence of calculated factors for tree plantations.
Rainfall erosivity factor
Rainfall erosivity (𝑅) was calculated using the equation provided by Vrieling et al. (2010) which adapts the
rainfall erosivity equation given by Renard and Freimund (1994) to calculate erosivity from the Tropical
Rainfall Measuring Mission (TRMM) satellite precipitation records. The Multi-satellite Precipitation Analysis
3B42 3-hourly intensity data was downloaded and cropped to Costa Rica at a resolution of 0.25 degrees
(Huffman et al., 2007). Following Renard and Freimund's (1994) equation to calculate erosivity from
precipitation records, rainfall kinetic energy (𝐸) is first calculated from rainfall intensity (𝐼):
𝐸 = 0.283[1 − 0.52𝑒𝑥𝑝 0.042𝐼 ]

( EQ. 3.5 )

where 𝐸 is given in MJ ha-1 mm-1 and I in mm h-1 taken from the 3B42 3-hourly data. The coefficients of the
equation have been updated using the findings of van Dijk et al. (2002) who conducted an extensive literature
review to provide a general predictive equation. The total kinetic energy per 3 hour window (𝐸3ℎ ) was then
calculated as follows:
𝐸3ℎ = 𝐸 ∙ 𝑝3ℎ = 𝐸 ∙ 3𝐼

( EQ. 3.6 )

in which 𝐸3ℎ is expressed in MJ ha-1 and 𝑝3ℎ is the total precipitation (mm) in 3 hours, equal to the intensity
multiplied by three. This differs from the method given by Renard and Freimund (1994) in that it calculates the
total kinetic energy per 3-hour window rather than total storm energy. Finally, annual erosivity was then
calculated as:
𝑁

𝑅 = ∑(𝐸3ℎ )𝑘 ∙ (𝐼30 )𝑘

( EQ. 3.7 )

𝑘=1

where 𝑅 is the rainfall erosivity factor for a specific year in MJ mm ha-1 h-1 yr-1, N is the total number of 3 hour
periods in a year and 𝐼30 is the maximum 30 minute rainfall intensity in mm h -1, in this case equal to 𝐼. The
resulting map was then resampled to a 15 m resolution using bilinear interpolation.
Soil erodibility factor
Soil erodibility (𝐾) was calculated using the soil erosion equations developed by Sharpley and Williams (1990)
for the Erosion/Productivity Impact Calculator (EPIC) model. The EPIC model has been used in a number of
different applications worldwide, including at the global scale (Chadli 2016; Wang et al., 2013; Yang et al.,
2003). The model produces a K factor compatible with the RUSLE model (Pandey et al., 2016). The equation
requires the soil organic carbon content and soil particle size distribution of the soil. It is given as follows:
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𝐾 = [0.2 + 0.3 ∙ 𝑒𝑥𝑝 (−0.256∙𝑆𝐴𝑁∙(1−𝑆𝐼𝐿 / 100) ] ∙ [

∙ 1− [

0.7 ∙ 𝑆𝑁1
]
𝑆𝑁1 + 𝑒𝑥𝑝 (−5.51+22.9∙𝑆𝑁1)

𝑆𝐼𝐿
0.25 ∙ 𝑂𝐶
] ∙ 1− [
]
(𝐶𝐿𝐴 − 𝑆𝐼𝐿)0.3
𝑂𝐶 + 𝑒𝑥𝑝 (3.72−2.95∙𝑂𝐶)
( EQ. 3.8 )

where 𝐾 is the soil erodibility factor in ton ha h ha-1 MJ-1 mm-1, 𝑆𝐴𝑁 is the sand content (%), 𝑆𝐼𝐿 is the silt
content (%), 𝐶𝐿𝐴 is the clay content (%), 𝑂𝐶 is the organic carbon content (%) and 𝑆𝑁1 is 1-𝑆𝐴𝑁/100. The
output of 𝐾 is multiplied by 0.1317 to be processed in the International System of Units. The Harmonised World
Soil Database (HWSD) was used to obtain the necessary soil particle weights based on a polygon map of soil
types (FAO, 2012).
Slope length and steepness factor
To calculate the 𝐿𝑆 factor, the r.watershed module in GRASS 7.4 was used. In this module, the 𝐿𝑆 factor is
based on the equations given by Weltz et al. (1987) and is calculated as follows:
If 𝑆 ≤ 8%,
𝜆 𝑚
𝐿𝑆 = (
) (10.0 sin 𝜃 + 0.027)
72.6

If 𝑆 ≥ 8%,

( EQ. 3.9 )

( EQ. 3.10 )
𝑚

𝐿𝑆 = (

𝜆
) (17.2 sin 𝜃 + 0.55)
72.6

where 𝐿𝑆 is the slope and steepness factor, 𝜆 is the horizontal projection of a slope and 𝑆 is the slope gradient
in percent. 𝑚 is an exponent related to the ratio of rill to interrill erosion (𝛽). Rill erosion is caused by water
running from streamlets while interrill erosion is caused by raindrop impact. Therefore, 𝑚 is given by:
𝑚 = 𝛽/(1 + 𝛽)

( EQ. 3.11 )

The rill to interrill ratio 𝛽 is calculated as:
𝛽= [

𝐸(𝑟/𝑖)(sin 𝜃 /0.0896)
]
(2.6 𝑠𝑖𝑛0.79 𝜃 + 0.56)

( EQ. 3.12 )

where sin 𝜃 is the slope gradient and 𝐸(𝑟/𝑖) is a figure based on knowledge of the prevailing ratio of rill to
interrill erosion in the study area. This can be 1 if the soil is moderately affected by rill erosion relative to
interrill erosion, 0.5 when the rill erosion is small as compared to interrill erosion and 2 when it is high. In
r.watershed, if no information is inputted for the ratio, 0.5 is used. 0.5 was seen as appropriate in this case as
the study area is large and both types of erosion have been recorded in different areas of the country (Mora,
1989). It is not known what the overall prevailing type of erosion is at a national level.
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Land cover management factor
For the land cover management factor (𝐶), a literature review was conducted to find the most suitable values
for the relevant land cover types. The C-factor represents the effect of surface cover and soil texture on soil
erosion (Renard et al. 1997). The land cover map at a 30m resolution provided by LabTEc was used to assign
the values to land cover types (Appendix 3). The land cover factor values are listed in Table 3.
Table 3. C-factor values.
Land cover category

C factor

Source

Primary forest

0.014

Lopez et al. (1998)

Secondary forest < 5 years

0.023

Lopez et al. (1998)

Secondary forest 5 -10 years

0.023

Lopez et al. (1998)

Secondary forest 10 - 15 years

0.023

Lopez et al. (1998)

Secondary forest 15 - 20 years

0.023

Lopez et al. (1998)

Secondary forest 20 - 25 years

0.023

Lopez et al. (1998)

Secondary forest 25 - 30 years

0.023

Lopez et al. (1998)

Tree plantation

0.121

Silva et al. (2016)

Plantation < 5 years

0.121

Silva et al. (2016)

Plantation 5 -10 years

0.121

Silva et al. (2016)

Plantation 10 - 15 years

0.121

Silva et al. (2016)

Plantation 15 - 20 years

0.121

Silva et al. (2016)

Plantation 20 - 25 years

0.121

Silva et al. (2016)

Plantation 25 - 30 years

0.121

Silva et al. (2016)

Bare soil

1.00

Lopez et al. (1998)

C-factor values for primary forest, secondary forest and bare soil where taken from an application of RUSLE
in Puerto Rico conducted by López et al. (1998). The study used C factors developed by the US Department of
Agriculture specifically for the Caribbean island. These C factors were deemed most appropriate for this study
due to the similar climate and soil types in Puerto Rico. It shares a tropical rainforest and monsoon KöppenGeiger climate classification with Costa Rica as well as many Cambisol and Alisol soils (Peel et al., 2007; Gardi
et al., 2015).
The C-factor used for tree plantations was sourced from a soil erosion study in which a factor was calculated
for a eucalyptus plantation in Brazil (Silva et al., 2016). Eucalyptus are a common species used for tree
plantations in Costa Rica, alongside Teak and other endemic species for which no factors could be found in the
literature (Redondo-Brenes, 2007; Redondo-Brenes and Montagnini, 2006). The high C factor is in line with
the high erosion rates commonly found in plantations due to a lack of understorey vegetation, the effects of
forestry machinery, and soil erosion following extraction (Fernández-Moya et al., 2014; Fernández et al., 2004;
Labrière et al., 2015).
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2.3.3. Habitat suitability
Costa Rica has one of the greatest concentrations of biodiversity in the world and ecotourism is one of the
cornerstones of its economy because of the unique biodiversity the country offers (Hearne and Salinas, 2002).
A key funding target for the PSA programme has been the tourism industry because of the benefits it gains from
the biodiversity in the country (Pagiola, 2008). When considering the value of wildlife-related activities such
as eco-tourism, measures of biodiversity are indicators of cultural ecosystem service flows (UN, 2017).
Mapping the suitable habitat for a set of unique but threatened species can therefore represent the ecosystem
services generated by the biodiversity of most interest to the country. In turn, these areas can encompass suitable
habitat for a wider range of biodiversity (Caro et al., 2004). It must be noted, however, that habitat suitability is
only an indicative measure of service flow as it is only a prediction of a species’ habitat (Sumarga and Hein,
2014).
Selection of species and occurrence data
The species chosen to model habitat suitability represent a set of “flagship” species: iconic but threatened
species which act as rallying points for the conservation of biodiversity (Caro et al., 2004). These include the
Resplendent Quetzal (Pharomachrus mocinno), found only between southern Mexico and western Panama
(Wheelwright, 2016) and dubbed “the most spectacular bird in the New World” (Peterson and Chalif, 1973),
the Costa Rica Brook Frog (Duellmanohyla uranochroa), only recently re-discovered and a focus for amphibian
conservation in the country (Garcia-Rodriguez et al., 2012), and finally Geoffroy’s Spider Monkey (Ateles
geoffroyi) which holds an iconic status within Costa Rica’s eco-tourism industry (Graham et al. 2013). All these
species are listed as either Endangered or Near Threatened on the IUCN Red List (IUCN, 2015). It was also
attempted to model the Jaguar (Panthera onca), Baird's Tapir (Tapirus bairdii) and the Great Green Macaw
(Ara ambiguous) as all are a key focus of conservation in Costa Rica (Echeverria et al., 1995; Müller, 2000;
Caro et al., 2004). However, not enough occurrence data was available to model these species for the purposes
of this study.
Occurrence data was sourced from the Global Biodiversity Information Facility (GBIF). GBIF hosts a collection
of over 280 million species distribution records (Telenius, 2011). It sources this data from museum collections,
national surveys and citizen science information portals (Beck et al., 2014). Occurrence records were
downloaded using the rgbif R package (Chamberlain, 2017) and filtered to exclude records with any geospatial
issues or points that were outside the country’s administrative area. In total, 6537 occurrences records were
sourced for the Resplendent Quetzal, 84 for the Costa Rican Brook Frog and 28 for Geoffroy’s Spider Monkey.
Appendix 4 lists the species, the GBIF dataset source and the number of occurrences used for this study from
each dataset.
Species distribution modelling
To model habitat suitability, the machine learning algorithim Maxent was chosen which is based on the principle
of maximum entropy. It uses occurrence data of a selected species and a set of environmental predictors to
model its probable distribution within a study area, subject to the constraints of the predicator variables (Phillips
et al. 2006). The environmental predictors used to model the three species were elevation (LabTEc,
unpublished), percentage tree cover, accessible forest area and a reduced selection of the WorldClim climate
surfaces (Fick and Hijmans, 2017). These can be viewed in Appendix 5.
Choosing ecologically appropriate environmental variables is a critical part of species distribution modelling
(Williams et al., 2012). Elevation was chosen because it is an important factor that has determined the climate,
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vegetation and wider ecosystem of the species’ natural habitat. For example, the Resplendent Quetzal is only
found in montane forest between 1,300 and 3,000 m (Loiselle et al., 1989). Equally, precipitation and
temperature also play a major role in determining species habitat in Costa Rica (Holdridge, 1967). This led to
the inclusion of the WorldClim climate surfaces. In addition, all three of the species chosen are very sensitive
to any disturbance of their natural forest habitat and rely on a rich availability of food (Loiselle et al., 1989; Bell
and Donnelly, 2006; Asensio et al., 2012). Thus, percentage tree cover and accessible forest area were included.
The WorldClim climate surfaces are a set of bioclimatic variables which have been calculated by spatially
interpolating satellite and weather station data (Fick and Hijmans, 2017). Originally the variables chosen
included annual mean temperature, maximum temperature of the warmest month, minimum temperature of the
coldest month, temperature annual range, mean temperature of the wettest quarter, annual precipitation,
precipitation of the wettest quarter and precipitation of the driest quarter. However, these were reduced to only
annual mean temperature, temperature annual range and precipitation of the driest quarter after a check for
multicollinearity at the species’ occurrences. Multicollinearity makes it hard to identify functional relationships
and may influence the accuracy of the model prediction (Reineking et al., 2016). This check was performed by
reviewing each variable’s correlation with the other in R using a pairwise scatterplot and Pearson’s coefficient.
Percentage tree cover was sourced from the MODIS Vegetation Continuous Fields Yearly product
(MOD44B.V6) at a 250m resolution (Dimiceli et al., 2015). The benefit of this product is that it provides a subpixel characterisation of the vegetation using a relatively fine cell resolution. Rather than categorical land cover
classifications, the continuous sub-pixel measurements provide a much higher spatial detail for modelling
efforts. It also uses data from other MODIS products which have been cloud-screened and atmosphericallycorrected resulting in a high-quality product (Carroll et al., 2010). It has been applied in a number of studies
examining the quality of species habitat (DeFries et al., 2005; Sloan et al., 2014). For this study, the annual
composites for 2013 were downloaded, cropped and merged to Costa Rica.
Accessible forest area was calculated for the Costa Rica Brook Frog using the land cover map provided by
LabTEc (Appendix 3). A value of habitat suitability is assigned to relevant land cover classes and the accessible
forest area is calculated for each grid cell as a function of the cell values within the range of the species around
it. Amphibian species in Costa Rica are sensitive to forest fragmentation, preferring continuous forest (Bell and
Donnelly, 2006). The Brook Frog can be considered especially sensitive, having only been recently discovered
in the pristine, wet pre-montane forests of the Atlantic slopes (Garcia-Rodriguez et al., 2012). In regards to its
range, a more common amphibian species such as the Red-Eyed Tree Frog (Agalychnis callidryas) have been
found to have a range of 300 m (Bell and Donnelly, 2006). Considering these factors, only the area of accessible
primary forest within 300 m of each grid cell was calculated.
Accessible forest area as a predictor variable was not applied for the Resplendent Quetzal as it is an intertropical migratory species (Powell and Bjork, 1995) which means its range is vast and makes almost all forested
area within Costa Rica accessible to it. It also proved inappropriate to apply accessible forest area in the case of
Geoffroy’s Spider Monkey as there was a strong sample bias towards the coastal areas and generally areas
where the monkeys were more visible. This meant the values taken as input to the model for accessible forest
area were not reflective of the animal’s strong preference for large stretches of mature tropical forests (Wallace,
2008; Asensio et al., 2012). This issue is returned to in the Discussion.
Sub-sampling methods
A number of sub-sampling methods were employed in this study in order to try to remove spatial bias and
improve model performance. Spatial bias is a well-known issue with presence-only species distribution data,
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including the data provided through GBIF (Beck et al., 2014; Fourcade et al., 2014). Spatial bias refers to the
phenomenon where some sites are more likely to be sampled than others. For example, sites made more
accessible by paths or roads (Phillips et al., 2009). A summary of the sampling methods employed for each
modelled species can be found in Table 4.
Table 4. Sub-sampling methods and background sampling area.
Species

Sub-sampling methods

Background sampling area

Resplendent Quetzal (Pharomachrus
mocinno)

Grid-sample of presence points

Unrestricted

Target-group background sample
Costa Rica Brook Frog (Duellmanohyla
uranochroa)

Target-group background sample

Unrestricted

Geoffroy’s Spider Monkey (Ateles geoffroyi) Target-group background sample

Unrestricted

The first method was to grid sample the species presence points where the number of occurrences allowed it.
Grid-sampling reduces the spatial aggregation of presences by sampling only one point within a specific
distance and has been shown to be one of the most effective ways in which to reduce spatial sampling bias
(Fourcade et al., 2014). On the other hand, the method may reduce the contribution of areas with high spatial
density that actually reflect the true ecological value of those areas. It is also less relevant when the initial
number of occurrences are small (Beck et al., 2014). For these reasons, the 84 occurrences available to model
the Costa Rica Brook Frog and the 28 for Geoffroy’s Spider Monkey were deemed too few to apply this method.
However, for the Resplendent Quetzal, a sampling grid of 1 kilometre was applied, reducing the number of
presences to 343. A map of the occurrence records used in this study is shown in Figure 3.

Figure 3. Modelled species occurrence records.
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The second method was to use target-group background point sampling. As well as using presence points,
Maxent generates background points which are distributed within the study area to help it distinguish between
suitable areas. Normally these are drawn at random from within the study area (Phillips et al., 2009). Targetgroup sampling replaces these points with a set of occurrence records that includes all species within its
biological group, such as all mammals in the case of Geoffroy’s Spider Monkey. It is likely that this data exhibits
the same sampling bias. The approach is to design this into the background points such that the model will focus
less on the more heavily sampled areas, using an otherwise random set of background data, and instead focus
on differentiating between the presences and the similarly biased background points (Phillips et al., 2009). In
this study, the rgbif R package was used to download the first 200,000 records of each species’ taxon class
recorded for Costa Rica. These were then filtered to within the country boundary and limited to only one point
per 30 m grid cell. This resulted in 4078 background points for the Resplendent Quetzal, 2367 for the Costa
Rica Brook Frog and 2147 for Geoffroy’s Spider Monkey.
The third method employed was to experiment with different sampling distances for the background points.
Background points sampled from a larger area will tend to become dominated by a few parameters, inflating
the overall predictive ability of a model while reducing its capacity to find differences closer to the occurrences
(VanDerWal et al., 2009). On the other hand, its predictive ability is usually reduced for the more distant areas
if the sampling area is reduced. VanDerWal et al. (2009) therefore recommend starting with an exploratory
exercise to find the extent that produces the most accurate results while producing the most meaningful fit
between the species occurrences and the predictor variables.
In this study, for each individual species, a model with a 20 km, 50 km and an unrestricted background sampling
area was generated using the species presence points as their centres. The results of this exercise can be found
in Appendix 6. Overall, the contribution of the predictor variables was well-maintained for all species when an
unrestricted background was applied. For the Resplendent Quetzal, an unrestricted background area was chosen
as this significantly improved the model prediction while marginally changing the influence of the predictor
variables. For the Costa Rica Brook Frog, an unrestricted background area was also chosen as it led to the most
equal balance in the contributions from the predictor variables. The model also had the strongest predictive
ability. In the case of Geoffroy’s Spider Monkey, an unrestricted background was the most appropriate as the
influence of each of the individual predictor variables was also maximised, along with the predictive ability of
the model.
Model evaluation
Model accuracy was reviewed using the area under the curve (AUC) statistic. The AUC is generated by a
receiver operating characteristic (ROC) curve which in the case of Maxent reflects the ability of the model to
predict presence from random using a set of presence and background points (Phillips et al., 2006). The
maximum achievable AUC is 1 while an AUC of 0.5 corresponds to a significance level equal to random.
Each model was first evaluated using a k-fold cross validation approach before being run with a full set of
training data. K-fold cross-validation splits the data it into k number of groups with one treated as the test dataset
and the others as training data, validation is then repeated k number of times using a different set of training and
test data each time (James et al., 2013). For this study, the training and test datasets for the presence data were
split into five groups. Each model was then run five times and the mean prediction accuracy and parameter
contribution was assessed. The results can be viewed in Appendix 7. Once judged satisfactory, the models were
re-run with all the presence data assigned as training data to produce an independent final AUC figure per
model.
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Overall habitat suitability
Maxent produces an output that describes the relative probability of a species distribution (Phillips et al., 2017)
or, in the case of ecosystem services, of habitat suitability (Sumarga and Hein, 2014). A location with a
probability of 0.632 can be considered typical for the species (Phillips et al., 2017). As an indicator for overall
habitat suitability, the areas with values equal to or higher than 0.632 were taken from the modelled distribution
of each species and combined to create a classified map showing areas with the most suitability for each
individual species and those with any combination of the three together. As a final step, these were restricted to
forested lands: primary forest, secondary forest, tree plantations, palm swamp forests and mangrove forests to
ensure consistency with the other ecosystem services.

2.4. The impact of the PSA programme
In order to analyse the impact of the PSA programme, a random forests approach was again taken to investigate
the influence of PSA contract areas on the estimated quantities of carbon storage, soil erosion control and habitat
suitability. The importance of PSA contract areas for the supply of these ecosystem services was measured in
comparison to other key anthropogenic-related measures at a set of randomly generated points within the study
area, in addition to the influence of the national park system in Costa Rica. Two different but complementary
anthropogenic factors were identified to compare with the influence of the PSA programme: population pressure
and agricultural potential. This analysis thus provides an indication of the influence of the programme on
ecosystem service supply relative to these anthropogenic factors and in comparison to the national park system
as an alternative policy.

2.4.1. Random forests approach
In this case, the randomForest package in R was used. The randomForest package is another implementation of
random forests originally developed by Breiman (2001) which gives a much more detailed insight into the
importance of different variables in predicting a response variable. One of the measures it provides is the
percentage increase in mean squared error (MSE), referred to as ‘%IncMSE’ in the package. This describes the
difference in the out-of-bag (OOB) error rate between the predictor values and a second version of the predictor
using a permutation of its values at each of the tree nodes. OOB error rate relates to the prediction error of the
model on the set of observations outside of the ‘bootstrapped’ sample available to it at each of the nodes. In this
case, this is one-third of the observations. It is normalised by the standard deviation of the differences to generate
a MSE figure before being compared (Liaw and Wiener, 2002). This statistic was therefore used to gauge the
influence of the PSA contract areas and each of the other anthropogenic factors.
In addition to this, the R-squared statistic produced for each of the models was also used to gauge the overall
explanatory power of the factors in predicting ecosystem service supply. The R-squared statistic in this case
reflects the ability of the random forests tree ensemble to predict the variance in the OOB observations not
visible to the model at each of the nodes (Liaw and Wiener, 2002).
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Figure 4. Map of PSA and national park areas with the randomly sampled points for carbon storage.

2.4.2. Sampling strategy
To assess the effect, first a set of random points were generated within PSA areas, non-PSA areas eligible for a
contract, and national parks. A map of the PSA areas for 2013 was provided by the Fondo de Financiamiento
Forestal de Costa Rica (FONAFIFO), the administrative body in charge of the programme, and a map of the
national park areas was provided by LabTEc at the Universidad Nacional, Costa Rica. 400 points were randomly
generated in each respective area. This represents only a very small portion of the possible sample cells within
PSA contract areas (~0.01%) but computational time had to be considered and in the case of each ecosystem
service, the sampled points represented a good distribution across the country (the example of carbon storage is
given in Figure 4). Random points were also generated in national parks to sample ecosystem service supply in
these areas and compare the effect of this policy to that of the PSA programme.

2.4.3. Anthropogenic factors
The anthropogenic factors are summarised in Table 5. The first anthropogenic factor, population pressure,
relates to the negative influence of human civilisation on the integrity of natural ecosystems (Steffen et al.,
2015). Areas of human population in the tropics lead to deforestation and loss of habitat in the surrounding
areas due to energy and food requirements, waste disposal and demand for physical space as the population
grows (Defries et al., 2010). Based on this, the distance to the nearest population area was calculated at each of
the randomly generated points, with population areas represented by multiple polygons in a national census
shapefile provided by LabTEc. A resulting feature of populated areas are road networks which also exert a
negative influence on the surrounding area. These contribute to local habitat fragmentation and further
deforestation by increasing accessibility to adjacent areas (Laurance et al., 2009). Based on this information,
distance from each point to the nearest road was calculated, using a spatial lines shapefile depicting the entire
road network for 2014, also provided by LabTEc.
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Table 5. Anthropogenic factors affecting ecosystem service supply with source data.
Factor

Measure

Dataset

Dataset type

Source

Population pressure

Distance to nearest
population area

National census data

Polygon
shapefile

LabTEc (unpublished)

Distance to nearest
road

National infrastructure Spatial lines
data
shapefile

LabTEc (unpublished)

Soil type

HWSD soil type

Raster (1km
resolution)

FAO (2012)

Slope aspect

Digital elevation
model

Raster (15m
resolution)

LabTEc (unpublished)

Agricultural potential

The second anthropogenic factor, agricultural potential, specifically considers the pressure on forested land to
be converted to food-producing areas. One key determinant of agricultural potential is soil type. Costa Rica has
a wide range of soils ranging from the very fertile Inceptisols to the less agriculturally suitable Alfisols and
Ultisols (Alvarado and Mata, 2016). The Harmonised World Soil Database was again utilised to determine soil
type at the randomly generated points (FAO, 2012). Slope has also been found to be a strong determinant of
agricultural potential, with suitability declining with steepness (Ferraro et al., 2011). Slope aspect was therefore
calculated using the digital elevation model provided by LabTEc, sampled with the randomly generated points.
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3. Results
3.1. The SEEA EEA and payments for ecosystem services
A literature review was conducted to analyse how the concept of PES is reflected in the SEEA EEA. Literature
sources included the scientific literature on PES, the SEEA EEA manual (UN et al., 2014) and the SEEA EEA
technical recommendations (UN, 2017). These were used to analyse PES in the context of SEEA EEA within
four key areas. First, the definition of ecosystem services within the SEEA EEA and PES was examined.
Second, how information on ecosystem services targeted by PES is recorded in the SEEA EEA. Thirdly, how
ecosystems and ecosystem services are valued in the SEEA EEA and, finally, how the measurement
requirements of PES can be met with the SEEA EEA was examined.

3.1.1. Defining ecosystem services
PES and ecosystem accounting both incorporate ecosystem services as a core element. The conceptualisation
of ecosystem services in PES is consistent with the conceptualisation of ecosystem services in the MA (Engel
et al., 2008). Thus, ecosystem services in the context of PES are defined as nature-related services which
generate human benefits (Muradian et al., 2010). Examples of such services include climate regulation,
watershed protection, species conservation and aesthetic services (Pattanayak et al. 2010). PES is also used as
an acronym for payments for environmental services. Muradian et al. (2010) highlight the two terms are used
interchangeably in the literature and therefore can be taken as synonymous.
In the SEEA EEA, ecosystem services are defined as “the contributions of ecosystems to benefits used in
economic and other human activity” (UN et al., 2014, p.19). Ecosystem services form the basis for the
ecosystem service supply and use account, representing the generation of services and their use by society, and
are also included in the monetary asset account where these services are valued (UN et al., 2014). Ecosystem
services are divided into provisioning, regulating and cultural services. Provisioning services are the material
or energy contributions to economic activity generated by ecosystems. Regulating services result from the
capacity of ecosystems to regulate hydrological, biochemical and climatic cycles, while cultural services are
generated by ecosystems in the spiritual, recreational and symbolic benefits people gain from ecosystems (UN
et al., 2014).

3.1.2. Ecosystem services in the SEEA EEA
PES programmes ultimately target at least one ecosystem service within the broad categories of watershed
protection, air quality, the mitigation of greenhouse gases, the conservation of biodiversity and scenic beauty
(Wunder et al., 2008). Information relating to these ecosystem services can be found in a number of different
accounts in the SEEA EEA. This is because quantitative measures of ecosystems such as carbon, water and
biodiversity are not only considered as ecosystem services in the SEEA EEA but also constitute indicators for
ecosystem condition, ecosystem extent and the monetary value of an ecosystem. Ecosystems are spatially
distinguished through a set of characteristics such as vegetation type and referred to as ecosystem assets (UN et
al., 2014). The biophysical information available in the SEEA EEA within the broad ecosystem service
categories of watershed protection, air quality, the mitigation of greenhouse gases, biodiversity and scenic
beauty are now examined.
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Watershed protection
Watershed protection is common to PES schemes in both developed and developing countries (Wunder et al.,
2008) and is the most prevalent ecosystem service targeted in PES schemes in Latin America (Grima et al.,
2016). Examples of PES schemes that target watershed protection range from the PES scheme implemented by
Vittel in France targeting agricultural land to maintain the quality of its bottled water, to the Quito water fund
in Ecuador which seeks to safeguard a supply of clean drinking water to the city (Wunder et al., 2008; Grima et
al., 2016). In Costa Rica, the PSA programme recognises the protection of hydrological sources for the provision
of water for agriculture, human consumption and energy production (Porras et al., 2013).
In the SEEA EEA, when considered as an ecosystem service, watershed protection can be recorded in the
ecosystem service supply and use accounts. If the ecosystem is filtering and storing water for the production of
drinking water and other economic activities, it can be categorised in the account as a provisioning service (UN
et al., 2014). It can also be recorded as a regulating service if an ecosystem process is contributing to the same
benefits. For example, water purification is a result of regulating processes that facilitates the provision of water
for economic purposes such as the sale of clean drinking water (UN et al., 2014).
Water can be taken as a characteristic to describe the health of an ecosystem asset in the ecosystem condition
account. Ecosystem condition is measured using the characteristics of an ecosystem that are integral to its
functioning and long-term resilience; water is a core characteristic for all ecosystems on earth (UN et al., 2014).
Water can be represented by a range of indicators in the account including water quality or the variability of
river flow. Watershed protection for agriculture, human consumption and energy production can therefore also
be captured in the ecosystem condition account.
Finally, a separate thematic account for water can be created using the SEEA EEA. This recognises water as a
fundamental resource and as a specific focus for many governments in the management of natural resources
(UN, 2017). Water is a key feature of many ecosystems and many ecosystem services are related to it such as
the provision of clean drinking water, hydroelectric power and cultural and recreational services such as fishing.
As a result, information contained in this account would be an important step towards a complete set of
environmental accounts (UN, 2017).
Air quality
Two of the most prominent examples of PES schemes that target air quality as an ecosystem service are the
Conservation Reserve Program and the Environmental Quality Incentives Program in North America. These
target farmers to encourage sustainable farming practices and the retirement of agricultural land (Wunder et al.,
2008). The PSA programme does not specifically target air quality (Porras et al., 2013).
Air quality is considered a regulating service in the SEEA EEA. Through dry deposition, vegetation removes
harmful concentrations of particle matter from the atmosphere produced by local sources of air pollution (UN
et al., 2014). Two enabling factors need to exist for this ecosystem process to be considered a regulating process.
The first is a source of pollution and a certain pollution load measured in terms of particle matter concentration
in the air. The second is that people are exposed to this air pollution and are positively affected by the air
filtration processes of the ecosystem. As an ecosystem service, air quality is recorded in the ecosystem supply
and use account (UN et al., 2014).

23

Mitigation of Greenhouse Gases
PES programmes targeting services related to the mitigation of greenhouse gases are concentrated in developing
countries, particularly those which contain a large amount of tropical forests (Pattanayak et al., 2010). The most
prevalent example is the REDD+ international initiative developed under the UNFCCC (Tacconi, 2012). One
national example is the PROFAFOR programme in Ecuador which targets carbon sequestration through
reforestation and afforestation projects (Wunder et al., 2008). The PSA programme targets the mitigation of
greenhouse gases for the capture and long-term storage of atmospheric carbon dioxide (Porras et al., 2013).
In the SEEA EEA, carbon sequestration and storage can be considered as ecosystem services and included in
the ecosystem supply and use accounts. Carbon sequestration is defined as the net accumulation of carbon in
above and below-ground biomass. Carbon storage is recorded as the avoided emissions of maintaining above
and below-ground stocks at risk of being released in the short-term, either due to land use change or natural
processes such as fire. As both services regulate climate and lower the risk of negative outcomes, carbon storage
and sequestration are measured as regulating services in the SEEA EEA (UN et al., 2014).
Carbon sequestration and storage can also be measured as characteristics representing the condition of an
ecosystem asset in the ecosystem condition account. Carbon plays a fundamental role in the functioning of
ecosystems on Earth and is a key measure of ecosystem health (UN, 2017). If carbon sequestration and storage
are selected, net primary productivity and net carbon balance can be used as indicators to measure these two as
characteristics (UN et al., 2014). Net primary productivity can be defined as the difference between carbon
accumulated through photosynthesis and plant respiration at the ecosystem scale (Chapin III et al. 2012, p.157).
The net accumulation of carbon in the ecosystem therefore represents the total carbon sequestered from the
atmosphere. Net carbon balance records the stock of carbon stored in selected reservoirs e.g. the carbon in soils
and plants in the biosphere (UN et al., 2014). Based on this, carbon storage reflects the total carbon stored in an
ecosystem from each of these pools.
Information relating to carbon can also originate from its own thematic account in the SEEA EEA: the carbon
account (UN et al., 2014). Carbon is related to many policy relevant issues including greenhouse gas emissions,
energy, land use change and deforestation. It is therefore useful to compile information on carbon in a separate
account (UN, 2017). The carbon account captures stocks and flows of carbon across each part of the carbon
cycle including the geosphere, atmosphere, oceans, biosphere and carbon accumulated in the economy.
Information recorded in this account can therefore also be used as indicators for the ecosystem condition and
ecosystem service supply and use accounts (UN et al., 2014).
Conservation of biodiversity
The conservation of biodiversity is a common ecosystem service targeted by PES schemes. However, it is a
challenging ecosystem service to raise funding for because in many cases it is seen as a luxury rather than a
necessity (Wunder and Wertz-Kanounnikoff, 2009). Nevertheless, there are several examples including a
biodiversity conservation project in Madagascar delivering payments to local communities based on the
presence of species to more general agricultural PES policies in North America (Sommerville et al., 2011).
Biodiversity is also targeted by the PSA programme in Costa Rica for conservation and sustainable uses such
as pharmaceutical or scientific research as well as for the resilience of natural ecosystems (Porras et al., 2013).
At the ecosystem-level, biodiversity can be measured in terms of ecosystem extent in the SEEA EEA. The
ecosystem extent account records information relating to the different ecosystem assets and their extent within
a particular area (UN et al., 2014). This is based on the assumption that changing extents and distributions in
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the land cover types of ecosystem assets are directly related to changes in biodiversity. This information can be
made more detailed by integrating additional data such as vegetation classes or community compositions of
species, delineated by spatial areas (UN, 2017).
Biodiversity at a species-level can be considered in the ecosystem service supply and use account if it constitutes
an important final ecosystem service. For example, an iconic species such as the giant panda represents an
important cultural service (UN et al., 2014). If species are harvested directly, it can be considered a provisioning
service or, if a species plays an important role in the functioning of an ecosystem such as the pollination services
provided by bees, it can be regarded as a regulating service (UN et al., 2014).
Although it is possible to measure biodiversity as different ecosystem services, it is best measured as a
characteristic of ecosystem condition that underpins the delivery of ecosystem service flows (UN, 2017). This
is also more closely aligned with its interpretation by the PSA programme which includes it as a precondition
for other services (Porras et al., 2013). As a characteristic of ecosystem condition, biodiversity could be recorded
in terms of species richness and relative abundance, key indicators of ecosystem quality (UN et al., 2014). As
measuring all species is usually not feasible, ‘keystone’ or ‘umbrella’ species can be selected representing
overall species richness and abundance. In addition, habitat-based approaches can be used to upscale or
downscale data on species biodiversity (UN, 2017).
Biodiversity, as with carbon and water, can also be recorded in its own thematic account. Accounting for
biodiversity in a separate account recognises its fundamental role in the functioning of ecosystems and its
significant value to people (UN et al., 2014). The biodiversity account focuses on measuring the status of
biodiversity using species-level indicators such as the number of species (species richness) and the population
size of each species (species abundance). When compiled first, the biodiversity account can be used to inform
the ecosystem condition and ecosystem supply and use accounts (UN, 2017).
Scenic beauty
The most prominent example of scenic beauty as an ecosystem service targeted by a PES scheme is the PSA
programme where it is targeted for the recreation and tourism benefits it generates (Porras et al., 2013). Another
example is the CAMPFIRE programme in Zimbabwe where local communities are provided with payments to
preserve landscape beauty, also for tourism purposes (Wunder et al., 2008).
In the SEEA EEA, scenic beauty is categorised as a cultural service in the ecosystem service supply and use
account. Scenic views facilitate physical and experiential use and enjoyment of ecosystems and therefore
constitute a cultural service (UN et al., 2014). Because scenic beauty directly contributes to the production of
tourism and recreational activities, information on these can be used as indicators when quantifying it as an
ecosystem service. For example, the number of people visiting the ecosystem (UN et al., 2014).

3.1.3. Valuing ecosystem services using the SEEA EEA
The SEEA EEA offers a number of valuation methods appropriate for different types of ecosystem services.
Using this information, a monetary asset account can be created by calculating the Net Present Value (NPV) of
all future expected ecosystem service flows. NPV is calculated by projecting future returns from the use of an
asset, in this case the ecosystem service flows, and discounting the value of those returns to convert them to a
present day value (UN et al., 2014). The monetary asset account can then be used to record the monetary value
of opening and closing stocks of the ecosystem assets within an ecosystem accounting area (UN, 2017). First
though, the value of ecosystem service flows must be estimated.
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Payments as a valuation method
The SEEA EEA uses exchange values to value ecosystem services which reflect the producer surplus plus costs
of production at a market equilibrium price. In practice, this price is the long-term average paid for an exchange
in a particular product or service (UN et al., 2014). The producer surplus is the total economic benefit generated
from producers selling at a market equilibrium price which is higher than the lowest price they would be willing
to sell for. For a market to exist for an ecosystem service it must demonstrate the basic characteristics of a
market which include the traded unit, buyers and sellers, a price which has been established through a market
clearing mechanism and an institutional element to ensure compliance with regulations (UN et al., 2014).
The prices paid for the ecosystem services by a PES scheme participant can be used to directly quantify the
value of the ecosystem service, minus the costs of supplying that service by the landowner. Engel et al. (2008)
describe PES as a mechanism to establish market values for the environment based on the idea that payments
are Coasian transactions. That is, actions with negative external effects can be mitigated through private
negotiations between the affected parties based on marginal costs and benefits (Sattler and Matzdorf, 2013). As
a result, in the case where a price is set through private voluntary negotiations, the value reflects that of the
ecosystem service plus the value of any human labour or other expenditures made by the scheme participant
(UN et al., 2014).
However, Tacconi (2012) highlights that Coasian transactions in practice often do not reflect true market prices
as prices are negotiated based on imperfect information and relative bargaining power. For example, the parties
involved may not know the precise marginal costs and benefits of the other and thus may not offer or accept a
fair price (Ferraro, 2008). Such transactions also suffer from perverse free-rider and hold-out incentives;
affected parties can benefit from others paying whilst withholding payment themselves (Schomers and
Matzdorf, 2013). This means many schemes are government-financed. High transaction costs resulting from
the negotiation of contracts and the monitoring of ecosystem services also result in most being administrated
by governmental organisations (Tacconi, 2012). Thus, service providers and users are not in a direct negotiation
or in some cases voluntary to a transaction if funds are raised through taxation such as in Costa Rica (Pagiola,
2008). In these instances, the price determined does not adhere to the principles of market valuation in the SEEA
EEA and an alternative valuation method must be employed.
Alternative methods of valuation
There are several other methods of valuation available to measure the monetary value of the ecosystem services
recognised by a PES scheme. The methods employed greatly depend on how the service leads to the generation
of benefits so programme practitioners would need to consider this before applying any of these to the services
being generated (UN et al., 2014).
The valuation of provisioning services is not relevant in the context of PES as there would not be a case in
which landowners would be paid for the provisioning services already captured in the value of any products or
services produced on their land. However, a regulating service such as water regulation for hydrological services
may serve as an intermediate service between ecosystem assets, supporting a provisioning service such as the
sale of clean drinking water in a neighbouring area (UN, 2017).
Methods suitable for the valuation of regulating services are the replacement cost method, damage costs avoided
method, hedonic pricing and a production, cost or profit function (UN, 2017). The replacement costs method
calculates a price based on the estimated cost of replacing an ecosystem service with a man-made alternative.
Similarly, the damage costs avoided method estimates a price based on the production losses or damages that
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would occur if the ecosystem service was lost or reduced. Hedonic pricing decomposes the value of an asset,
such as a house, and identifies the value of an ecosystem service through regression analysis, such as air
filtration generated in the surroundings of the house. Finally, the production, cost or profit function obtains a
price by determining the contribution of the ecosystem service to a market-based price. For example, water
regulation for the production of clean drinking water (UN, 2017).
Cultural services can be valued with a much more limited set of techniques. The hedonic pricing method is
again relevant. For example, the value of a scenic view from a property can be singled out from its total value
(UN et al., 2014). Another suitable method is the travel cost method. This estimates demand to generate a price
which consumers would be willing to pay for recreational sites such as a national park. It is only relevant,
however, if the technique employed provides an exchange value (UN, 2017). The travel cost method can also
be used to employ another; the simulated exchange method. It estimates the demand for a service, such as with
the travel cost method, while also simulating the supply for the product or service based on known costs, such
as the cost of wardens for a certain amount of visitors in a national park (Caparrós et al., 2017).
Valuation of ecosystem assets
The total stock of value of a participating area in a PES programme can be established by calculating the NPV
of all future ecosystem service flows accruing to that area. This requires practitioners to make assumptions
relating to the combination of future ecosystem service flows, usually based on a business-as-usual scenario
(UN et al., 2014). It also requires practitioners to develop an estimate of asset life and the selection of an
appropriate discount rate. Practitioners must also consider the interdependencies between ecosystem services
as the value of each service may not be entirely separate of the value added from other services. For example,
a diversity in plant species has been found to contribute to carbon storage in tropical forests (Poorter et al.,
2015). This requires a careful consideration of the valuation methods employed to measure ecosystem service
flows and how the value generated by these services accrues to service beneficiaries (UN, 2017).

3.1.4. Measuring the impacts of PES using the SEEA EEA
PES practitioners require information on ecosystem services to measure the impacts of a programme in four
key areas: to measure the effect of the programme on participating lands, to target high-value areas, to monitor
for any effects outside of participating areas and in administrating payments and monitoring for compliance. In
addition to this, PES programmes require monetary values of ecosystem services to monitor their social
efficiency. This considers the social welfare outcomes of a programme (Engel et al. 2008). This allows
practitioners to maximise the impact of a PES programme on ecosystem services and their value to society
(Börner et al., 2017). How the SEEA EEA can facilitate measurement in these areas is now examined.
Additionality
PES practitioners need to measure the effect of a programme on ecosystem service supply to ensure it is
maximising additionality. That is, increasing the supply of ecosystem services compared to a baseline with no
PES (Börner et al., 2017). Additionality is a key aspect of PES as it justifies the value of a programme to its
investors. This is especially important in the context of international carbon markets such as those being fostered
by the REDD+ initiative (Tacconi, 2012). The PSA programme has been criticised based on findings that show
a lack of additionality (Cole, 2010; Sanchez-Azofeifa et al., 2007). Measuring additionality is one of the most
difficult challenges because of the difficulties in measuring ecosystem services and establishing a baseline
against which to compare service flows (Sommerville and Jones, 2009).
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To measure additionality, practitioners can refer to a number of different accounts in the SEEA EEA. The
ecosystem service supply and use account can be used to monitor changes in ecosystem service flows. This is
particularly relevant to the REDD+ initiative as payments are linked to carbon sequestration (Pattanayak et al.,
2010). The ecosystem extent and ecosystem condition account can also be consulted in the absence of measured
ecosystem service flows. For example, biodiversity can be measured based on ecosystem extent and changes in
carbon as a measure of ecosystem condition. Changes specific to carbon, water and biodiversity can also be
monitored in their own individual thematic accounts (UN et al., 2014).
Targeting high-value areas
Additionality can be maximised by targeting high-value areas (Wünscher et al., 2008). In Costa Rica,
additionality is not a requirement of the PSA programme (Sierra et al., 2006). However, it does seek to target
areas with the highest provision of ecosystem services, prioritising private land inside biological corridors,
protected areas and important watersheds (Barton et al., 2009). This is also true of all PES programmes;
practitioners need to target areas with the highest service provision and those most under threat (Börner et al.,
2017). Wünscher et al. (2008) argue practitioners should consider the spatial variability of three key factors: the
ecosystem service supply, the risk of ecosystem service loss and the landowners participation costs. The third
factor is particularly important in reducing the self-selection of participants who would have complied with the
contractual obligations of a PES programme even in the absence of payments (Arriagada et al., 2012).
In order to target high-value areas, a similar range of accounts can be referred to in the SEEA EEA by
practitioners. Changes in the ecosystem extent and ecosystem condition accounts can generate insights into
where the most threatened areas are located. The areas with the highest supply of ecosystem services can be
targeted using the information in the ecosystem service supply and use account. The monetary asset account
can also be used to target the areas containing the largest monetary values. The individual thematic account on
carbon, water and biodiversity should also prove to a be a rich source of information if these specific ecosystem
services are being considered (UN et al., 2014). However, the SEEA EEA does not provide any information on
landowner participation costs.
Spillover effects
A PES programme also needs to be monitored for any indirect effects, referred to as its spillover effects. These
are usually in the form of environmentally damaging activities displaced to areas outside of participating areas
(Engel et al., 2008). For example, land owned by participants but excluded from a PES contract may increase
the pressure on it for resource extraction, or areas elsewhere if the price of resource-extractive commodities
increase as a result of the programme (Börner et al., 2017). On the other hand, spillovers can also be positive
such as by changing social norms or increasing ecotourism opportunities in the area, incentivising the
conservation of forested land (Pattanayak et al., 2010).
The most relevant accounts in the SEEA EEA for PES practitioners to monitor the spillover effects of a
programme would be the spatial information used to produce the ecosystem service supply and use and
ecosystem extent accounts. Any changes in ecosystem service flows or ecosystem extent in surrounding areas
could give an indication of the spillover effects of a programme. Similarly, changes in the ecosystem condition
account or the individual thematic accounts could also be used (UN et al., 2014).
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Administrating payments
In order for PES schemes to have an impact on the supply of ecosystem services, practitioners must also ensure
compliance. Payments in PES schemes are administrated based on the principle of conditionality; payments are
only made if the desired ecosystem services are generated. To ensure conditionality and monitor for compliance,
practitioners either use an ‘input-based’ or ‘output-based’ system.
Most PES schemes use an input-based system. In an input-based system, payments are made based on the
adoption or maintenance of particular land uses and are commonly made on a per-hectare basis (Engel et al.
2008). Participants are therefore paid based on actions or observed proxies for ecosystem service provision such
as maintaining forest cover on their land (Börner et al., 2017). Costa Rica’s PSA scheme is an example of such
a programme (Porras et al., 2013). The SEEA EEA can support an ‘input-based’ monitoring system through
tracking changes in the ecosystem extent account.
PES programmes can also be based on an output-based system. In these cases, payments are delivered based
directly on the amount of ecosystem services produced (Börner et al., 2017). Such systems are rare because of
the perceived high cost of monitoring ecosystem services (Gibbons et al., 2011) and because provision may be
dependent on external factors which increases the risk for the provider and may decrease participation (Tacconi,
2012). However, these systems are very effective at reducing moral hazard (White and Hanley, 2016). The
information compiled in the ecosystem service supply and use account in the SEEA EEA can be used to directly
monitor levels of ecosystem service provision and support an output-based system.
Social efficiency
Ultimately, PES practitioners want to conserve the maximum amount of ecosystem value and need to
understand the total value of the ecosystem services captured by a programme. To do this, ecosystem services
need to be valued to understand the value to society and the cost of supplying the ecosystem service (Tacconi,
2012). For a programme to be socially efficient, payments need to be equal to or more than the benefits foregone
of alternative land uses for service providers, while at least equal to or less than the value of the ecosystem
services to service users (Engel et al., 2008).
In many cases, the information rents captured by ecosystem service suppliers result in socially inefficient
payments. The supplier knows more than the buyer about his or her costs of compliance with the contract and
can therefore maximise these to obtain the highest possible payment (Ferraro, 2008). This is not as relevant to
programmes with fixed per-hectare payments such as the PSA programme. However, in many cases this leads
to the overcompensation of suppliers involved in PES schemes, increasing programme costs, excluding other
potential participants and ultimately capturing less ecosystem service value (Börner et al., 2017).
The SEEA EEA monetary asset account provides practitioners with an exchange value for the ecosystem
services produced on a participants’ land. This value takes into account the cost of supplying the ecosystem
service and the benefit to society. This information can therefore assist PES practitioners in determining whether
payments are socially efficient from an exchange value perspective. Thus the SEEA EEA can both assist in
measuring the total value of ecosystem services captured by a PES programme and increase the impact of a
programme by providing a value against which practitioners can measure the social efficiency of payments.
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3.2. Modelling Ecosystem Services
Three ecosystem services recognised by the PSA programme in Costa Rica were spatially modelled to
understand what the application of the SEEA EEA means in practice. Carbon storage was identified as an
important indicator for the mitigation of greenhouse gases, soil erosion control for the protection of hydrological
water sources and habitat suitability of a set of rare by iconic species to represent biodiversity.

3.2.1. Carbon storage
Carbon storage was mapped using a random forest regression model trained using forest inventory data and
remote sensing observations for 2014. The random forest model was then applied to the remote sensing data for
2013 to map carbon storage for that year with the land cover map of 2013 (Appendix 3) used to mask the results
to limit the results to include only forested land.
A random forest model was chosen by the ranger package in R that employed variance as a split rule with a
maximum of 7 predictor variables available per split (mtry). The number of trees permitted to grow in each of
the models was set to 100. The chosen model had a R-squared of 0.63 and a RMSE of 45.5 ton ha-1. In general,
the model overestimated carbon at the forest inventory plots although it underestimated carbon at the forest
inventory plots with very high recorded concentrations (Figure 5). In total, it overestimated in 90 cases and
underestimated in 65 cases.

Figure 5. Predicted versus observed values of carbon storage.

Predictor variable importance can be viewed in Table 6. The predictor variable of most importance was the
MODIS band 3 with an impurity score of 100. This meant it decreased variance in the response variable of
tonnes of carbon per hectare every time it was used in the random forest. This was followed by the NDMI
calculated using the MODIS dataset with an impurity score of 52.73. NDMI was followed by band 4 at 50.14,
band 1 at 49.79 and band 6 at 35.64. Band 2 of the Landsat dataset achieved a node impurity of 30.94, followed
by the MODIS band 7 at 21.62. All other predictors variables scored below 10.
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Table 6. Model predictor variable importance scores.
Predictor variable

Dataset

Impurity

Band 3 - red (620-670 nm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

100.00

NDMI - normalised difference moisture index

MODIS Nadir BRDF-Adjusted Reflectance Daily

52.73

Band 4 - near-infrared (841-876 nm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

50.14

Band 1 - blue (459-479 nm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

49.79

Band 6 - short-wave infrared (1628-1654 nm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

35.64

Band 2 - blue (0.45-0.51 μm)

Landsat 8 TOA Reflectance

30.94

Band 7 - short-wave infrared (2105-2155 nm)

MODIS Nadir BRDF-Adjusted Reflectance Daily

21.62

Band 6 - shortwave infrared (1.57-1.65 μm)

Landsat 8 TOA Reflectance

9.10

Band 8 - panchromatic (0.50-0.68 μm)

Landsat 8 TOA Reflectance

5.20

Band 4 - red (0.64-0.67 μm)

Landsat 8 TOA Reflectance

4.70

Band 7 - shortwave infrared (2.11-2.29 μm)

Landsat 8 TOA Reflectance

2.48

Band 3 - green (0.51-0.59 μm)

Landsat 8 TOA Reflectance

0.00

The model was then used to map carbon storage across all forested areas in 2013. Table 7 lists the carbon storage
per forest type and in total for all forested land types. Primary forest was estimated to store a total of 181.6
megatons (Mt) of carbon with an average 83.8 ton ha-1, the largest out of all three forest types. Secondary forests
were estimated to store 28.9 Mt with an average of 49.1 ton ha-1. Tree plantations stored on average 40.9 ton
ha-1 and 6.8 Mt in total. Palm swamp forest was found to store 8.3 Mt with an average of 60.9 ton ha-1, while
mangroves covering a much smaller area stored 3.2 Mt and 65.2 ton ha-1 on average. Analysing the minimum
and maximum figures for each of the forest types, the amount of carbon storage is fairly similar, with storage
in primary forests reflecting the greatest range.
Table 7. Carbon storage.
Min (ton ha-1)

Average (ton ha-1)

Max (ton ha-1)

Total area (m ha)

Total carbon
(Mt)

Primary forest

7.0

83.8

249.1

2.2

181.6

Secondary forest

7.8

49.1

242.8

0.6

28.9

Tree plantations

7.5

40.9

240.0

0.2

6.8

Palm swamp forest

7.7

60.9

206.4

0.1

8.3

Mangrove forest

9.3

65.2

217.8

0.05

3.2

Overall

7.0

73.6

249.1

3.1

228.8

Land cover

Figure 6 shows the distribution of carbon across Costa Rica. A large concentration of carbon lies in the south
of the country along the central mountain ranges. This falls within the protected areas of Chirripo National Park
and La Amistad International Park. Here, carbon stored in the aboveground vegetation regularly reaches 150
ton ha-1. Moving towards the Caribbean coast, there is also a large amount of carbon stored in the forests of the
31

lowland areas, reaching over 200 ton ha-1 in some places. The Osa Pensinsula in the southwest of the country
on the Pacific side also shows large concentrations of carbon, generally between 100 to 150 ton ha-1.
Towards the north of the country, high concentrations can again be found along the central mountain ranges of
the country. In the mountains just north of the central valley, in an area that encompasses Braulio Carrillo
National Park, carbon storage reaches a range of 100-150 ton ha-1. Further north along the central mountain
range, concentrations of carbon are high in the Monteverde cloud forests with some areas reaching around 200
ton ha-1. Although more fragmented, large amounts of carbon reaching 100 ton ha-1 can also be found in the
humid lowlands towards the border with Nicaragua in the middle of the country and on the northeast coast.
In Guanacaste province in the northwest of the country, carbon storage is concentrated in four areas that coincide
with the national parks of Tenorio, Miravalles, Rincon de la Vieja and the Guanacaste protected area. Within
the Nicoya Peninsula that extends into the Pacific Ocean, carbon concentrations are generally lower although
there are small, scattered areas that regularly reach 50 ton ha-1 and in places 100 ton ha-1. Smaller fragments and
thin continuous lines of carbon storage can also be found further down the Pacific coast inwards through the
central valley, highlighting riparian forest zones and coastal forests.

Figure 6. Estimated carbon storage for all forested land in Costa Rica (ton ha-1).

3.2.2. Soil erosion control
Soil erosion control was estimated using the RUSLE. Soil erosion was first estimated for primary forest,
secondary forest and tree plantations. The soil erosion for those same areas was then calculated once more as
bare soil to represent the soil erosion control delivered by the vegetation cover. To calculate rainfall erosivity
(𝑅) the TRMM satellite precipitation records were used in conjunction with the equations given by Vrieling et
al. (2010). For soil erodibility (𝐾), the EPIC model was applied using data from the HWSD (Sharpley and
Williams, 1990). To calculate slope length and steepness factor (𝐿𝑆), the r.watershed GRASS 7.4 module was
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used which applies the equations given by Weltz et al. (1987). And finally, for the land cover management
factor (𝐶), values were sourced from the scientific literature.
𝑅- Rainfall erosivity
The results for rainfall erosivity can be viewed in Figure 7. The highest erosivity figures were above the Osa
Peninsula in the southwest of the country with levels over 4000 MJ mm ha-1 h-1 yr-1. These high erosivity figures
also extend into the main part of the country, circling the gulf of Gulfo Dulce which separates the mainland
from the Osa Peninsula in the south. The Caribbean coast also showed high levels of erosivity, especially in the
north. In general, the Carribbean lowlands to the east of the central mountain ranges had rainfall erosivity levels
around 2500 MJ mm ha-1 h-1 yr-1.

Figure 7. Rainfall erosivity (MJ mm ha-1 h-1 yr-1).

The central mountain ranges and the drier northern tip of the country saw some of the lowest levels of erosivity
with figures below 1000 MJ mm ha-1 h-1 yr-1. Other parts of the province of Guanacaste in the northwest showed
low to medium levels of erosivity at around 2000 MJ mm ha -1 h-1 yr-1. The rest of the country saw levels of
around 1500 MJ mm ha-1 h-1 yr-1.
𝐾- Soil erodibility
Soil erodibility ranged between 0.012 and 0.035 ton ha h ha-1 MJ-1 mm-1 (Figure 8). The highest soil erodibility
is found in small pockets in the very north of the country with values of 0.027, 0.0283 and 0.0347 ton ha h ha-1
MJ-1 mm-1. The soils on the Pacific facing slopes in the north also have a very high erodibility between 0.0195
and 0.0236 ton ha h ha-1 MJ-1 mm-1. The soils of the central valley and in the middle of the country on the Pacific
coast have lower values at 0.0169 and 0.0183 ton ha h ha-1 MJ-1 mm-1. However, high soil erodibility continues
in the southern mountain ranges.
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The lowest erodibility figures are concentrated on the northern Caribbean lowlands, as well as in the south of
the country in the Osa Peninsula and its surrounding areas. Here, soil erodibility is between 0.0115 and 0.0151
ton ha h ha-1 MJ-1 mm-1. The rest of the Caribbean lowlands also have relatively low soil erodibility in
comparison to the central mountain ranges, while in Guanacaste in the northeast soil erodibility is in the medium
range around 0.017 ton ha h ha-1 MJ-1 mm-1.

Figure 8. Soil erodibility (ton ha h ha-1 MJ-1 mm-1).

𝐿𝑆 - Slope length and steepness
Most of the country did not have a slope length and steepness factor larger than 5 (Figure 9). This was different
in the more mountainous regions where the slope length and steepness regularly reached figures between 5 and
15, with some small pockets dotted throughout reaching between 20 - 30. There were also some very extreme
figures up to 197 created by slopes with extreme gradients but these were rare. There were also some high slope
length and steepness factors through the province of Guanacaste in the northeast and in the south of the Osa
Peninsula.
𝐶 - Land cover management
Figure 10 shows the distribution of primary forest, secondary forest and tree plantations in Costa Rica. Primary
forest covers most of the country and is assigned a value of 0.014. Secondary forest is concentrated mostly
around the edges of primary forest with the largest areas found around the central valley, in Guanacaste and in
the Pacific lowlands towards the south of the country. Secondary forest was assigned a value of 0.023. Tree
plantations are scattered throughout the country, with large areas concentrated in the north, in Guanacaste
province and in the Pacific lowlands towards the Osa Peninsula in the south. Tree plantations were assigned a
𝐶-factor of 0.121.
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Figure 9. Slope length and steepness.

Figure 10. Land cover management factors.
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Soil erosion
Soil erosion across all the forested land in Costa Rica averaged 0.84 ton ha -1 yr-1 and covered a large range from
0.004 ton ha-1 yr-1 to 196.59 ton ha-1 yr-1 (see Table 8 for a summary). In the flat lowlands of the North, erosion
rates are low, between 0 and 0.17 ton ha-1 yr-1 (Figure 11). Much of Guanacaste province in the northeast and
the Caribbean lowlands in the north also have some of the lowest erosion rates of the country. Nevertheless,
there are patches of high soil erosion dispersed though these areas. In the Osa Peninsula, the southern region
has some high rates ranging from around 5 to 30 ton ha -1 yr-1 while in Guanacaste some areas lose around 5 ton
ha-1 yr-1.
Table 8. Soil erosion.
Min (ton ha-1 yr-1)

Average (ton ha-1
yr-1)

Max (ton ha-1 yr-1)

Total area
(m ha)

Total (Mt yr-1)

Primary forest

0.004

0.85

60.22

2.2

1.8

Secondary forest

0.006

0.66

95.85

0.6

0.4

Tree plantations

0.033

1.38

196.59

0.2

0.2

Overall

0.004

0.84

196.59

2.9

2.5

Land cover

The steep slopes of the central mountain ranges see some of the largest erosion rates. In the southern part of the
country, there are many slopes with erosion rates between 5 and 10 ton ha -1 yr-1, with some even higher at 10
and 15 ton ha-1 yr-1. A similar situation exists in the north mountain ranges with some low erosion values but
generally a large concentration of soil erosion on the steepest slopes, some rates reaching 30 ton ha -1 yr-1.

Figure 11. Soil erosion (ton ha-1 yr-1).
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Looking at the erosion rates in the different types of forest, secondary forest recorded the lowest average rate at
0.66 ton ha-1 yr-1, followed by primary forest at 0.85 and tree plantations at 1.38 ton ha -1 yr-1. The lowest soil
erosion rate, 0.004 ton ha-1 yr-1, occurred in primary forest while tree plantations recorded the largest at 196.59
ton ha-1 yr-1. The total soil eroded in primary forests was 1.8 Mt yr-1 compared to 0.4 Mt yr-1 in secondary forest,
although primary forest covered a much larger area. Tree plantations also contributed significantly with 0.2 Mt
yr-1 with a quarter of the land covered by secondary forests; 9 percent of the total soil eroded from an area
covering 6 percent of the total area.
Soil erosion control
Soil erosion control followed the same pattern as soil erosion (Figure 12). The areas with lowest soil erosion,
such as in the northern lowlands and Guanacaste province, contributed very little soil erosion control at around
0-16 ton ha-1 yr-1. The areas which contributed the most where in the central mountain ranges where the steep
slopes mean the absence of vegetation cover would greatly increase soil erosion rates. Here, rates range from
the very low, between 0 and 77, to high control rates of up to 381 ton ha -1 yr-1, and in some rare cases over 2000
ton ha-1 yr-1.

Figure 12. Soil erosion control (ton ha-1 yr-1).

Overall, primary forest contributed the most with an average soil erosion control rate of 60.1 ton ha-1, a
maximum control rate of 4241.1 ton ha-1 yr-1, and in total controlled for almost 129.9 Mt yr-1 of soil erosion
(Table 9). This was followed by secondary forest which had an average soil erosion control rate of 27.9 ton -1
ha-1 yr-1, a maximum control rate of 4071.6 ton-1 ha-1 yr-1, and in total controlled for 16.3 Mt yr-1 of soil erosion.
Tree plantations contributed the least out of the three forest types, having an average control rate of 10 ton-1 ha1
yr-1, a maximum control rate of 1428.1 ton-1 ha-1 yr-1, and controlled for 1.7 Mt yr-1 of soil. Overall, the
minimum amount of soil erosion control within each forest type was very similar.
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Table 9. Soil erosion control.
Min (ton ha-1 yr-1)

Average (ton ha-1
yr-1)

Max (ton ha-1
yr-1)

Total area (m
ha)

Total (Mt yr-1)

Primary forest

0.27

60.1

4241.1

2.2

129.8

Secondary forest

0.27

27.9

4071.6

0.6

16.3

Tree plantations

0.24

10.0

1428.1

0.2

1.7

Overall

0.24

50.8

4241.1

2.9

147.8

Land cover

3.2.3. Habitat suitability
To represent biodiversity, habitat suitability of a set of iconic but threatened species was chosen. The habitat of
each was modelled using the species distribution model Maxent and an overall habitat suitability map was
produced to show the most suitable areas. A summary is given in Table 10 of model accuracy using AUC and
the contribution of the predicator variables in each instance. Maxent produces a figure between 0 and 1 to
represent a species distribution and in this case its habitat suitability (Phillips et al., 2017). AUC is a measure
of model accuracy based on the model’s ability to distinguish between areas where the species is present and
where it is absent. 1 indicates a perfect prediction and 0.5 a prediction as good as random (Phillips et al. 2006).
Table 10. Habitat suitability model results: AUC and variable contribution (%).
Species

Model
AUC

Elevation

Acc.
forest
area

Tree
cover

Bio1*

Bio7*

Bio16*

Bio17*

Resplendent Quetzal
(Pharomachrus mocinno)

0.898

74.9

n.a.

5.8

3.6

4.0

2.2

9.5

Costa Rica Brook Frog
(Duellmanohyla
uranochroa)

0.953

31.6

11.8

11.9

1.3

15.5

2.2

25.7

Geoffroy’s Spider Monkey
(Ateles geoffroyi)

0.861

17.1

n.a

35.8

1.0

26.3

13.6

6.2

*Bio1 is annual mean temperature, Bio7 temperature annual range, Bio16 precipitation of the wettest quarter and Bio17
is precipitation of the driest quarter.

Resplendent Quetzal
The AUC of the model for the Respldent Quetzal was 0.898, indicating a good predictive ability. Elevation
dominated as a predicator variable at 74.9 percent, resulting in a clear restriction of modelled suitability to the
higher elevation areas (Figure 13). The other variables expressed a marginal influence, the largest of which
were precipitation of the driest quarter at 9.5 percent and tree cover at 5.8 percent.
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Figure 13. Habitat suitability for the Resplendent Quetzal.

Examining the habitat suitability modelled for the Resplendent Quetzal, it shows a long track along the central
mountain ranges, spilling down the Atlantic coast towards the Caribbean through the densely forested region of
Chirripo National Park and La Amistad International Park in the south. In the north, concentrations of high
habitat suitability are also predicted around the Monteverde Nature Reserve, although these are restricted to
smaller pockets. High suitability continues south of Monteverde towards the central valley with large stretches
along the Caribbean slopes of the northern mountain ranges.
Costa Rica Brook Frog
The model accuracy for the Brook Frog was the highest out of all the species with an AUC of 0.95, indicating
a very robust model. The contribution of each predictor variable was also the most even out of all the species
models. Elevation played the largest part in determining the distribution at 31.6 percent, followed by
precipitation of the driest quarter at 25.7 percent and temperature annual range at 15.5 percent. Tree cover
contributed 11.9 percent and accessible forest area 11.8 percent.
The model predicts a habitat distribution which is small, fragmented and limited to the lower to middle elevation
slopes of the central cordillera (Figure 14); all other areas are regarded as uninhabitable. The most concentrated
area of habitat suitability constitutes a thin tract on the Atlantic slopes in the southwest of the country. Small
fragments can also be found on the slopes to the north of the urban centres of the central valley. On the Caribbean
side, suitable areas are found spread over some of the largest areas but with a reduced overall suitability. In
general, the areas of the highest suitability are mostly found between 1500 and 2000 metres and coincide with
precipitation levels in the driest quarter of 300 to 500 mm.
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Figure 14. Habitat suitability for the Costa Rica Brook Frog.

Geoffroy’s Spider Monkey
Model accuracy was the lowest out of the three species but still significant with an AUC of 0.861. Tree cover
and annual temperature range were the most important predictor variables in the model at 35.8 and 26.3 percent.
Elevation was also an important factor, contributing 17.1 percent to the model; in general no habitat suitability
was identified at the higher elevations. Precipitation of the wettest quarter contributed 13.6 percent, precipitation
of the driest quarter 6.2 percent while annual mean temperature hardly contributed at 1 percent.
Looking at the distribution of Geoffroy’s Spider Monkey (Figure 15), areas of habitat suitability are mainly
distributed in the lower elevation areas on the Pacific. This is with the exception of a small area of low, humid
forests in the north-eastern tip of the country and a long thin stretch along the Caribbean coast. Areas of high
habitat suitability are concentrated in the province of Guanacaste in the northwest and in the southwest on the
Osa Peninsula. Even so, these areas are highly fragmented and are only contained within continuous stretches
with lower suitability figures. A strip of forest along the Pacific coast also exhibits a high habitat suitability.
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Figure 15. Habitat suitability for Geoffroy’s Spider Monkey.

Overall habitat suitability
Overall habitat suitability was calculated using the figure of 0.632 as a threshold; the probability at which a
location can be considered typical for the species (Phillips et al., 2017). Any areas with a probability equal to
or above this are considered suitable. The total area for all three species was 762,891 ha (see Table 11).
Table 11. Total areas of suitable habitat.
Area of suitability

Total area (ha)

Resplendent Quetzal (Pharomachrus mocinno)

490,019

Costa Rica Brook Frog (Duellmanohyla uranochroa)

49,699

Geoffroy’s Spider Monkey (Ateles geoffroyi)

189,730

Area suitable for two species

33,443

Total area of suitable habitat

762,891

The suitable habitat for the Resplendent Quetzal was concentrated in the high elevations and resulted in large
continuous stretches throughout the central mountain ranges (Figure 16). In total, there were 490,019 ha
predicted for the bird, the highest out of all the species. The total suitable habitat for Geoffroy’s Spider Monkey
was 189,730 ha. This is concentrated in Guanacaste province in the north and on the Oso Peninsula in the south.
These rest of the predicted habitat is fragmented and thinly spread through the Pacific lowlands while a long
strip advances down the Caribbean coast although it is barely present in the plains inland (Figure 12). The
habitat predicted for the Costa Rica Brook Frog was also very fragmented, mostly concentrated on the middle
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elevations of the central mountain range, and covered the smallest area out of the three species with 49,699
hectares.

Figure 16. Overall habitat suitability for the Resplendent Quetzal, Costa Rica Brook Frog and Geoffroy’s Spider
Monkey.

There were some areas of overlap, the most prominent being those suitable for the Resplendent Quetzal and the
Costa Rica Brook Frog on the medium elevation slopes in the centre of the country. However, there is a clear
divide between the habitat suitability in the lower plains for Geoffroy’s Spider Monkey and the suitability in
the higher elevations for the Resplendent Quetzal and the Costa Rica Brook Frog; there was no overlap between
the three. Nevertheless, there were some small patches on the Osa Peninsula suitable for both the Brook Frog
and Geoffroy’s Spider Money.

3.3. Tentative findings regarding the impact of the PSA programme
In order to analyse the impact of the PSA programme on the supply of ecosystem services, a random forest
model was developed to predict each of the ecosystem services using a random sample of each of the services
and a set of measures inferring anthropogenic influence as predictors, including PSA contract areas. The
randomForest package in R was used. This enabled an analysis of the predictive influence of the PSA scheme
on the supply of ecosystem services in comparison to these measures. These included the distance to the nearest
road and nearest population to infer population pressure, the slope aspect and soil type to infer agricultural
potential, as well as the influence of the national park system to compare the two policies.
Table 12 presents the results of this exercise. The predictive abilities of each of the models, measured by the Rsquared statistic, were of medium to low importance. The factors helped explain 54 percent of the variance in
habitat suitability for the Resplendent Quetzal, the highest out of all the ecosystem services, following by the
model for carbon storage which explained 44 percent of the variance in carbon. For Geoffroy’s Spider Monkey,
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it was extremely low, at 17 percent, while the models for soil erosion control and the Costa Rica Brook Frog
explained a negligible variance in ecosystem service supply with less than 1 percent.
Table 12. Influence of PSA contract on ecosystem services relative to other anthropogenic-related factors.
Increase in MSE (%)
Model

Rsquared

Road
distance

Population
distance

Slope

Soil
type

National
park area

PSA
contract

Carbon storage
Soil erosion control

0.44
0.07

59.2
4.5

79.6
1.5

10.8
18.8

43.4
-2.7

34.9
0.0

11.1
-0.6

Habitat suitability
Resplendent Quetzal
Costa Rica Brook Frog
Geoffroy’s Spider Monkey

0.54
0.06
0.17

63.7
14.2
40.0

41.9
12.8
38.0

114.3
16.9
56.7

48.4
13.5
26.8

37.1
8.2
22.7

16.8
2.2
16.9

Overall, it was not possible to determine a conclusive effect of the PSA programme because of the weak ability
of the models to explain the variance in the ecosystem services. However, exploring the findings available, the
strongest effect it had on ecosystem service supply was on the habitat suitability of Geoffroy’s Spider Monkey
and the Resplendent Quetzal with an increases in MSE of 16.9 and 16.8 percent after the values of the PSA
predictor variable was randomly permutated. For carbon storage, MSE increased by 11.1 percent while for the
Costa Rica Brook Frog, it was extremely small at 2.2 percent. In the case of soil erosion control, the randomly
permutated values of the PSA predictor variable was in fact a marginal improvement at -0.6 percent,
demonstrating an effect on ecosystem service supply equal to random.
Considering the effect of the other anthropological factors, the importance of each factor varied with each of
the ecosystem services. Distance to the nearest road and population centre were the most important for carbon
storage, with the population distance playing a major role at 79.6 percent, followed by road distance at 58.2
percent. Soil type was also important at 43.4 percent. The influence of the national park system was notable at
34.9 percent. Slope did not have a significant influence at 10.8 percent. In the case of soil erosion control, none
of the anthropological factors had a significant impact on the supply of this ecosystem service. Slope displayed
the most influence at 18.8 percent but no other variables were above 5 percent. National parks displayed an
influence equal to random at 0.0 percent.
In the case of the modelled habitat suitability for each of the species, the influence of the factors also varied
across the different species. Slope was a dominating factor for the habitat suitability of the Resplendent Quetzal
at 114.3 percent. This was followed by distance to road at 63.7 percent, soil type at 48.4 percent and population
distance at 41.9 percent. Here, the influence of the national park system was the greatest out of all the ecosystem
services considered at 37.1 percent. For the Costa Rica Brook Frog, none of the factors displayed a strong
influence on its habitat suitability. The largest was slope at 16.9 percent with road distance and soil type also
displaying a small influence. Considering Geoffroy’s Spider Monkey, slope was an important determinant at
56.7 percent as well as road distance at 40.0 percent and population distance at 38.0 percent. The influence of
soil type was small at 26.8 percent, as was the effect of national park areas at 22.7 percent.
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4. Discussion
4.1. Modelling approaches
Three ecosystem services were spatially modelled for Costa Rica to understand what the application of the
SEEA EEA means in practice. These were carbon storage, soil erosion control and the habitat suitability of a
set of rare but iconic species. The model results are now discussed in the context of other studies and the
uncertainties in the methods applied are evaluated.

4.1.1. Carbon storage
Model results and comparison with other studies
In comparison to previous estimates of carbon in Costa Rica, the figures produced by the random forest model
show a good overall similarity with the official figures published in the country. The carbon accounts produced
by the Banco Central de Costa Rica (BCCR) for 2013 estimated 244 million tons of carbon for forested land in
comparison to the 229 million tons estimated in this study (BCCR, 2016). For palm swamp forest, the 8.3
million tons is higher than the 5.3 million tons in the BCCR statistics and the estimate for mangroves of 3.2
million tons is also higher than the 2.4 million tons given by the BCCR. For planted timber, the 6.8 million tons
was much higher: 3 million tons are currently estimated by the BCCR. These estimates were based on carbon
storage values calculated for general forest types in Costa Rica and other parts of the tropics which may explain
the differences.
The distribution of carbon in the country is consistent with expectations based on the different climatic zones
of the country and its protected areas. The areas corresponding with wet and montane climates such as the
Caribbean lowlands and the central mountain ranges exhibit higher levels of carbon storage while the dry forests
of Guanacaste show much lower levels. Forests within these climate zones receive a much higher amount of
precipitation and moisture resulting in larger concentrations of biomass (Hall et al., 1985). The largest
concentrations are also centred within the densely forested areas of the national park system, coinciding with
some of the largest continuous stretches of undisturbed forests in the country (Boza, 1993).
Looking at the average carbon stored per forest type, the figures are similar to those previously recorded in
studies in Costa Rica and Central America. For secondary forest ranging in age from 6 months to 82 years and
across six climate zones, Cifuentes-Jara (2008) reported aboveground carbon that averaged 49 tonC ha-1. This
is in comparison to the average in this study of 49.1 ton ha -1. Considering primary forest, Poorter et al. (2015)
reported an average of 177.6 ton ha-1 of aboveground biomass for primary forest study sites in both the dry and
wet climate zones of Costa Rica. After applying a 0.5 conversion value to this figure to convert to carbon, in
line with IPCC (1997) recommendations, this equates to 88.9 tonC ha-1. This figure is in the same order of
magnitude as the 83.8 ton ha-1 estimated in this study. The minimum carbon equivalent recorded was 63.4 ton
ha-1 and the maximum was 108.95 ton ha-1, a far smaller range than was found in this study.
For tree plantations, in a study examining carbon storage in tree plantations of different species in Costa Rica,
Redondo-Brenes and Montagnini (2006) found that these stored on average 53.5 ton ha-1. This is in comparison
to the average of 40.9 ton ha-1 estimated in this study. This again suggest that the BCCR estimate is most likely
an underestimate. The range was much smaller than found in this study with values ranging between 25.5 and
90.8 ton ha-1. It was difficult to find relevant measurements of carbon storage in palm swamp forests as these
remain understudied in the Americas (Lähteenoja et al., 2009). However, palm swamp forest represents only
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3.6 percent of the total carbon estimated in this study. Regarding mangroves, Adame et al. (2013) found a large
amount of variation between nine study sites in Mexico. Medium sized mangroves stored around 60 ton ha -1 in
aboveground carbon, very similar to the 65.2 ton ha -1 estimated in this study, with taller mangrove sites storing
around 100 ton ha-1 and dwarf mangrove sites around 1.5 ton ha -1. This represents a much smaller minimum
than found in this study but also a much smaller maximum value.
Uncertainties in the method applied
The restricted ability of remote sensing observations to estimate biomass, especially in tropical contexts, is well
established (Gibbs et al., 2007). This is also evident in this study with the model able to explain a moderate 0.63
of the variance in carbon across the forest inventory plots used in the validation process. This resulted in the
model generally overestimating carbon. On the other hand, the model also underestimated carbon stocks at plots
with large observed concentrations. This is reflected in the overall results with the range in carbon storage for
primary forest much smaller than found in the observed values in the forest inventory (Figure 5). This is because
spectral indices saturate at relatively leaf densities in tropical countries as forests are structurally complex and
have dense, closed canopies (Gibbs et al., 2007). Nonetheless, the estimates do show good consistency with the
figures published by the BCCR and other studies so overall the model has produced a good set of results.
Saatchi et al. (2007) highlight uncertainties in using forest inventory measurements and possible biases towards
more accessible, low biomass areas. The forest inventory used systematic sampling to select the plots which
will have reduced this bias (Saatchi et al., 2007) but the additional adjustments resulting from the practical
challenges faced in the field make this an enduring source of uncertainty. Other sources of uncertainty also
prevail, such as incomplete measurements, variations from the original methodology and the use of allometric
equations from different studies (Saatchi et al., 2007). The forestry personnel conducting the inventory had to
deal with plots that fell across the boundary of different forest types, various obstacles including ravines and
houses, and some which were completely inaccessible. This led to adjustments to the size, rotation and location
of many of the plots. As a result, many of the plot coordinates were adjusted or totally removed from the analysis
(Appendix 2). This will have reduced some of this uncertainty and improved the robustness of the results.
Differences in the quality control for clouds and other atmospheric effects may explain the poorer performance
of the Landsat and MODIS vegetation continuous field products as predictor variables. Carroll et al. (2010)
warn that cloud cover is still an issue for the MODIS product. The Google Earth Engine simple cloud score
algorithm which was applied to the Landsat imagery to select the least cloudy image for each pixel within the
area of interest may also have selected pixel values from very different parts of the year when vegetation was
at different seasonal stages of greenness or altered as a result of human intervention. Without an average over
the year to smooth out these effects, the observations of the vegetation from the Landsat imagery may be
different to those in the forest inventory. Nevertheless, the Landsat imagery still performed well which suggests
that the cloud-screened images were sufficient for the random forest model to predict biomass at the forest
inventory plot locations.
Furthermore, the individual bands of the MODIS Nadir BRDF-Adjusted Reflectance Daily product except for
band 2 and 5 proved to be strong predictor variables for the detection of aboveground carbon. Its sensitivity to
differences in vegetation and its cloud-screening process has made it a widely used remote sensing product in
the detection of aboveground biomass (Yin et al., 2015). Its significance in this study has further emphasised
its importance in these applications. The second Landsat band representing the blue part of the spectrum was
also one of the stronger predictor variables which could also highlights the importance of vegetation moisture.
It appears that in the case of Costa Rica, a tropical country with a large amount of forest cover, the moisture
content of the vegetation is also a clearer indicator for differences in aboveground biomass and carbon.
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4.1.2. Soil erosion control
Model results and comparison with other studies
The slope length and steepness factor is the most influential factor on the soil erosion modelled in this study. In
the central mountain ranges, the largest control rates are generated by the large 𝐿𝑆 factors as a result of the
rugged terrain. This has resulted in primary forests producing a higher average erosion rate at 0.84 ton ha-1 yr-1
than secondary forests at 0.64 ton ha-1 yr-1. The strong influence of the 𝐿𝑆 factor also appears to have overridden
any sort of significant effect from the usually influential land cover management factor (Vrieling et al., 2010);
areas of tree plantations, which had the greatest 𝐶-factor applied to it, are not distinctly different from the areas
of primary or secondary forest. However, tree plantations have recorded the highest soil erosion rate, producing
196.59 ton ha-1 yr-1.
Labrière et al. (2015), in a systematic review of soil erosion studies in the humid tropics, found that old-growth
forests on average experienced 0.07 to 0.123 ton ha-1 yr-1. This is much lower than the average soil erosion rate
of 0.84 ton ha-1 yr-1 calculated for forests in this study. Similarly, for secondary forests, 0.017 - 0.106 ton ha-1
yr-1 was reported, much lower than the average of 0.64 ton ha-1 yr-1. However, erosion rates for tree plantations
at 1.29 ton ha-1 yr-1 did fall within the 0.684 - 2.79 64 ton ha-1 yr-1 range reported by Labrière et al. (2015).
Nevertheless, the authors do note that their findings are generally at the lower range of soil erosion rates
described in the literature. An interesting parallel between the conclusions of the study and the findings of this
research is that old-growth forests had the potential for higher erosion rates than secondary forests.
The RUSLE model has also been employed in Costa Rica before by Rubin and Hyman (2000) to calculate soil
erosion for 1992. In this case, the results for this study are a little more conservative in comparison. In their
study, 7.3 million tonnes were estimated for forested land covering 2.8 million ha. The average soil erosion rate
was also much higher at 2.6 ton ha-1 yr-1. This could be attributed to the less detailed RUSLE model employed
by the authors. For example, no slope length factor was used in their study and the original slope steepness
equations from Wischmeier and Smith (1978) were applied which were developed for agricultural lands in the
first iteration of the equation.
Uncertainties in the method applied
A limitation of the RUSLE model is that it was developed from plot data on agricultural lands in the U.S which
experiences a more temperate climate than the tropics (Labrière et al., 2015). Cohen et al. (2005) report mixed
results in cases where the estimated soil erosion has been assessed for accuracy using plot level data.
Nevertheless, Labrière et al. (2015) found that the RUSLE led to a similar gradient of soil erosion rates across
different land uses in temperate and tropical areas with almost identical erosion rates estimated in forests. This
suggests there is still a good applicability of the model to forested areas in the tropics.
One shortcoming of its application in tropical countries is that is does not capture soil erosion from large,
concentrated rainfall events (Diodato et al., 2013). It appears that the 3-hourly measurements through the
TRMM records are not capturing the largest rainfall events. Vahrson (1990) reported ground-based
measurements of the 𝑅 factor in Costa Rica between 1,668 and 15,037 MJ mm ha-1 h-1 yr-1. This is in comparison
to the TRMM-based estimates of 197 to 4938 MJ mm ha-1 h-1 yr-1. However, the distribution of erosivity across
the country is line with rainfall trends known to exist in the country. For example, the Pacific and Carribean
coasts have some of the highest erosivity figure produced by high-intensity storms while the higher elevations
see less erosivity due to low-intensity rainfall created as clouds move slowly across the continental divide
(Calvo-Alvarado et al., 2014).
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Examining the results for soil erodibility, measured K factors from runoff plots do not exist for Costa Rica so it
is difficult to compare the results. However, the figures produced by the EPIC model were consistent with
expectations. For example, the highest rates were calculated to be in the small fragments of Leptosols and
Stagnasols in the north of the country. Stagnasols are saturated soils and Leptosols are hard soils with very little
water holding capacity and therefore both are at high risk of erosion (Gardi et al., 2015). The Alisols in the
Caribbean lowlands and on the Osa Peninsula where less soil erodibility is estimated are also susceptible to
erosion but comparatively less due to their presence on more level terrains. Wang et al. (2016), in a comparison
of different erodibility models for the K-factor, found the EPIC model slightly overestimated erodibility in
China. Further investigation using measured values of erodibility could explore whether this is also the case in
Costa Rica.
Finally, considering the calculation of soil erosion control, the comparison with bare soil may not have produced
the most accurate results. The greatest pressure on forests in Costa Rica is from agriculture; crops such as
pineapple and banana, and, to a lesser extent, pasture for meat production (Porras et al., 2013). In this sense,
comparing the soil erosion control delivered by the vegetation as compared to the scenario where the area is
converted to these land uses may produce a more relevant quantity of the ecosystem service. Then again,
generalisations would need to be made in regards to what land cover factor to apply where and it negates the
benefit of having a constant baseline to compare to.

4.1.3. Habitat suitability
Model results and comparison with other studies
First examining the habitat suitability produced for the Resplendent Quetzal, the dominance of elevation as a
predicator variable reflects well the findings in the literature which describe the Quetzal’s habitat to be defined
by high elevation montane forest (Loiselle et al., 1989). The descriptions of natural habitat within areas such as
the Monteverde Cloud Forest Reserve in the middle of the country overlap with areas of high habitat suitability
predicted by the model. Migratory areas down the Pacific slopes from the Monteverde region to areas between
1,000 and 1,400 m are also captured well with high suitability predicted to areas around 1,200 m (Powell and
Bjork, 1994). The model also predicted a large area to the south of Monetverde which coincides with its
confirmed presence by Loiselle et al. (1989) in the Braulio Carrillo National Park. The model has also correctly
excluded elevations above 3000 m from the bird’s typical habitat (i.e  0.632) which reflects its reliance on an
abundance of the avocado fruit (Lauraceae), only available to it in large forested areas (Loiselle et al., 1989).
The small, fragmented areas of high suitability for the Brook Frog are found within a band of elevation between
1000 and 2000 metres with levels of precipitation in the driest quarter of around 300 – 500 mm. This is consistent
with Whitfield et al. (2016) who identify peaks at intermediate levels and annual precipitation as highly
correlated to the species richness of amphibian populations in Central America. The modelled habitat suitability
along the middle elevations of the central mountain ranges coincides with recorded findings of the Brook Frog
in the scientific literature. Garcia-Rodriguez et al. (2012) describe its relict populations to be limited to the
middle elevations of the Caribbean slopes but also highlight recent discoveries in the Monteverde cloud forest
and lower pre-montane wet forests on the Atlantic side of the country. Other species have been rediscovered on
the slopes of Volcán Barva which corresponds with the small concentrations of suitable habitat to the north of
the central valley. An inconsistency may lie in the smaller concentrations of high suitability predicted for the
Caribbean slopes of the central mountain range, cited as one of the remaining areas of Brook Frog populations
by Garcia-Rodriguez et al. (2012). At the same time, it may highlight the vulnerability of the Brook Frog’s
habitat on these slopes; any large long-term changes in precipitation would have a large impact here.
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The model has captured most of the known areas of typical habitat for Geoffroy’s Spider Monkey, or at least
shown areas nearby as suitable such as in the northeast. Here, the national park of Tortoguero offers continuous
stretches of undisturbed primary forest ideal for the Spider Monkey (Graham et al., 2013). The model has also
correctly identified Corcovado National Park on the Osa peninsula as an area of high habit suitability.
Corcovado is the largest remaining area of lowland tropical rainforest in Central America and one of the last
wild refuges in Costa Rica for many endangered species, including the Jaguar and Baird’s Tapir (Foerster and
Vaughan, 2002; Arroyo-Arce et al., 2014). Notably, in the northwest province of Guanacaste, the model has
identified the Santa Rosa National Park and its surrounding areas as having high to medium habitat suitability.
This is a positive result as the park is known to have some of the most concentrated populations of Geoffroy’s
Spider Monkey (Fedigan et al. 1988; Asensio et al. 2012).
Uncertainties in the method applied
Sampling bias is a prevalent issue in species distribution modelling (Beck et al., 2014). This effect was most
evident in modelling the distribution of Geoffroy’s Spider Monkey. The small sample of 28 occurrences were
heavily biased towards the more accessible areas on the coast and in areas of secondary forest (see Figure 3 for
a map of occurrence records). Using accessible forest area as a predictor variable produced erroneous results;
the model chose areas of less accessible forest as more suitable than unbroken stretches of primary forest.
Maxent works well with small samples of data (Fourcade et al., 2014). However, in this study, the biases in the
small sample of occurrences has affected the validity of the results; the long thin stretch of suitability along the
Caribbean coast is almost certainly an artefact produced by this bias. The sampling bias towards the lower
elevations also led model to elevation as a weak predictor and a lack of suitability at higher elevations. Habitat
suitability at higher elevations should not be ruled out as spider monkeys have been found in upland tropical
forests such as on the slopes of the Bolivian Andes (Wallace, 2008). Nevertheless, the distributions still show a
good consistency with the location of large populations identified in the literature.
In the case of the Resplendent Quetzal, which had a high number of occurrence records, the effect of sampling
bias on the model results was also evident. There is limited amount of habitat suitability predicted for the
Atlantic slopes on the other side of the continental divide in the region of Monteverde. Here, Powell and Bjork
(1994) describe migratory behaviour down to areas between 700 and 1,200 m. It is likely that the model is not
picking up on this behaviour because of the high concentration of occurrence records in the bird’s more
accessible breeding grounds of Moneteverde. Generally, the Quetzal’s montane habitat is relatively inaccessible
(Wheelwright, 2016) so this remains a challenge for modelling the species using occurrence records which are
biased towards the more accessible areas. It appears that even a grid sub-sample of the species occurrence
records is not enough to reduce this bias. However, these areas constitute a small part of the probably habitat
occupied by the bird and overall the model captured most of the suitable habitat as identified in the literature.
One of the purposes of targeting flagship species for conservation is that the habitat of a wider group of species
is also protected (Caro et al., 2004). As a consequence, suitable habitat can represent the ecosystem services
generated by the wider biodiversity in the same area. However, when the fragmented habitats of both the Costa
Rica Brook Frog and Geoffroy’s Spider Monkey are taken into account, the models have not produced large
continuous areas that could capture a large amount of biodiversity. This appears to be a product of the number
of occurrence records available. There were far less records available for these species than for the Resplendent
Quetzal. It was also attempted to model the habitat for the Jaguar (Panthera onca), Baird's Tapir (Tapirus
bairdii) and the Great Green Macaw (Ara ambiguous) but not enough occurrence records were available. Thus,
without a large number of records, modelling the habitat of particularly rare and endangered species as an
indicator for wider biodiversity may not be wholly appropriate. These findings are consistent with Remme et
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al. (2016), who did not find a strong correlation between the occurrence of rare species and species richness.
However, the occurrence of rare species was found to be comparable to the spatial distribution of the same
species group. This suggests that the suitable habitat modelled in this study, while not providing a strong
indication for wider biodiversity, does provide an indication for the suitable habitat of the wider species group.

4.2. Indications of the influence of the PSA programme
The impact of the PSA programme on ecosystem-service supply was examined using a random forests learning
approach. The strength of the PSA programme as a predictor variables was analysed in comparison to the
national park system and other anthropogenic-related factors. The results of this exercise are now discussed.

4.2.1. Anthropogenic influences on ecosystem services
The models produced to predict ecosystem-service supply did not exhibit a strong predictive capacity. This
suggest that, by themselves, the measures used to infer anthropogenic pressure on these ecosystems, as well as
the PSA and national park policies, do not exert a great amount of influence on ecosystem-service supply.
However, in some cases some tentative conclusions can be drawn from the results but particularities related to
the modelling techniques used to estimate the service should be taken into account.
A weak predictive capacity was especially prevalent in the case of soil erosion control and the habitat suitability
of the Costa Rica Brook Frog which explained less than 1 percent of the variation. This was also reflected in
the influence of each of the anthropogenic-related measures which were some of the lowest across all the
ecosystem services. In the case of the Costa Rica Brook Frog, the animal’s extremely climate-sensitive and
remote habitat, fragmented along a particular band of elevation, may mean any other sort of influence is
immaterial (García-Rodríguez et al., 2012). Considering soil erosion control, this may point to the particular
characteristics and tuning parameters of the RUSLE model used to estimate this ecosystem service. As discussed
in a previous section, besides a very strong topographical effect on soil erosion, the RUSLE did not produce a
great amount of variation. A blanket land cover factor was also applied per forest type so whether a point is
inside or outside a policy area does not change the supply significantly while the forest type stays constant.
Nevertheless, in the case of carbon storage, the predictive ability of the model was reasonable. The population
and road distance measure, related to population pressure, exhibited a strong influence on the supply of this
ecosystem service. This is consistent with studies that have found a strong correlation between population
growth and the composition of vegetation in surrounding areas (Defries et al., 2010). Soil type also exhibited a
notable influence over carbon storage, suggesting that the agricultural potential of soils is also a factor (Alvarado
and Mata, 2016). An example of this in this scenario would be a greater occurrence of secondary forests in areas
previously cleared for food and livestock production (Arroyo-Mora et al., 2005).
Considering the habitat suitability of the Resplendent Quetzal, slope was clearly a dominant factor. In this case,
this is probably due to the overriding presence of the species at the higher, rugged elevations of the country
rather than to do with agricultural potential (Wheelwright, 2016). The influence of soil type was again notable,
reflecting the less fertile soils on the steeper slopes at the higher elevations in Costa Rica (Alvarado and Mata,
2016). Road and population distance also contributed, well representing the pristine montane forests these birds
require as a natural habitat (Powell and Bjork, 1994). It is also interesting to note that for Geoffroy’s Spider
Monkey slope also played a significant role. Almost all of the suitable habitat of the species was modelled by
Maxent for the lower elevations due to the vast majority of occurrence records at these elevations. The model
has identified this trend and, again, the measure probably has more to with this effect than agricultural potential.
Distance to the nearest road and population area were also important, reflecting a consistency with the species
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need for more remote, pristine areas of natural rainforest (Asensio et al., 2012). Soil type was unimportant
suggesting little pressure from agricultural expansion if the two are regarded as connected.

4.2.2. Indications of the influence of the PSA programme compared to the national park system
Examining the influence of the two different policies, the national park areas consistently performed higher than
the PSA contract areas. However, overall, neither were more significant factors than the other measures selected
to infer different anthropogenic influences. Nonetheless, there are some notable influences of each policy on
some of the ecosystem services which can be assessed in more detail and taken as tentative indication of the
influence of each of the policies.
The influence of national parks areas was greatest in the case of the Resplendent Quetzal. PSA contract areas
also exhibited one of its strongest influences in predicting its habitat suitability. This is consistent with the large
amount of occurrences of the species reported in national parks such as the Braulio Carrillo National Park and
the continued importance of these parks in preserving its natural habitat (Loiselle et al., 1989). PSA contract
areas at these higher elevations evidently also exhibit a small but significant influence, considering the much
smaller and fragmented areas of forest captured by the policy. A similar pattern can be seen looking at the
strength of the policies in predicting the habitat suitability of Geoffroy’s Spider Monkey. Much of its habitat
lies in national parks and the areas around it, principally Santa Rosa National Park in Guanacaste (Asensio et
al. 2012). However, in this case, the PSA programme exerts a relatively larger influence, suggesting the policies
are almost equal in their effect although the low explanatory power of the model must be taken into account.
The national park system also had a notable influence in predicting carbon storage. This is perhaps unsurprising
considering the huge swaths of undisturbed tropical rainforest held within the national parks of La Amistad,
Chirripo, Los Quetzales and Braulio Carrillo (Boza, 1993). The PSA contract areas only contributed a small
amount in predicting carbon storage but this may again be because of the much smaller and fragmented area
these cover. Both policies exerted almost no influence on the habitat suitability of the Costa Rica Brook Frog
and are as good as random in the case of soil erosion control.

4.3. Relevancy of the results to PSA administrators
The ecosystem services modelled for this research produced some detailed insights into the spatial distributions
of these services in the country. The relevancy of these distributions to PSA administrators is now considered,
taking into account some of the uncertainties in the estimates produced.

4.3.1. Spatial distributions of ecosystem services
Carbon storage
The mapped carbon storage across all eligible forested land allows administrators to identify areas of most value
to the PSA programme. There are high concentrations surrounding the national park areas and any applicants
with land in these areas can be prioritised using this map. There is also a large concentration of carbon stored
in the north of the country near the Nicaraguan border which does not fall within any protected area. This could
also be an area of high-priority for administrators. The value in targeting secondary forest and tree plantations
was also shown in the results of this study. Secondary forest stored on average 49.1 while tree plantations stored
40.9 ton ha-1 as compared to primary forests with 83.8 ton ha-1. While primary forests store the most carbon,
much of this area is captured in the national park system. Alternatively, administrators can use the findings of
this study to target the large concentrations of carbon in secondary forest and tree plantations on private land.
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However, the random forest model produced a RMSE of 45.5 ton ha-1. This is substantial for the lower estimates
and administrators must take this into account when using the estimates. The model also did not perform well
in identifying the largest concentrations. That being said, these concentrations are most likely distributed in the
high density forests captured within the pristine tropical forests of the national park system. The general
correlation between the observed and predicted values was also positive with an r-squared of 0.63 so
administrators can use the estimates as a good indication of the amount of carbon stored across the country.
Soil erosion control
Although the RUSLE model comes with its limitations, for the purposes of ecosystem accounting, the rapid
assessment of soil loss at a national scale and its easy application using GIS techniques make it an attractive
option. As a first step in the compilation of accounts on water-related ecosystem services, initial estimates can
be used to analyse the distribution of soil erosion control rates in the country and the results can be taken as a
good indication of the supply of the ecosystem service. Further development of the accuracy of the figures
would need to consider the cost of developing validation measures and field studies to properly calibrate the
model to conditions in Costa Rica.
Considering these initial results, the high soil erosion control areas in the Osa Peninsula and on the slopes of
the central mountain ranges outside of the national parks should be of particular interest. The soil erosion control
in the central mountain ranges reflects the huge benefit of primary forest in theses more rugged regions to
benefits including clean drinking water and hydroelectric energy (Pagiola, 2008). 88 percent of the avoided soil
loss in forested lands are delivered by primary forests as compared to a scenario with no vegetation cover.
Considering the smaller area and the less steep gradients that secondary forests occupy, the supply of soil erosion
control from these forests is also notable. In 2012, the PSA programme had encouraged natural regeneration of
forests on 9,600 ha of abandoned pasture (Porras et al., 2013). The soil erosion control delivered by secondary
forests proves the worth of continuing to target these areas. In the same period, the PSA programme had targeted
a much larger area of 61,500 ha of tree plantations. Although smaller, tree plantations also contributed to soil
erosion control and encouraging this tree cover will also generate hydrological service-related benefits.
Habitat suitability
The habitat suitability of a set of rare but iconic species provides a good starting point in monitoring for
biodiversity but does not fully capture biodiversity because of the species’ fragmented habitat. Therefore, it
should be one of a number of indicators used by administrators to measure the impact of the programme on
biodiversity. Ultimately, an indicator for biodiversity should be spatially explicit, show trends over time, have
a common reference condition and be compatible with composite indicators (UN, 2017). Composite indicators
are a collection of species measurements normalised to form a collective score (Remme et al., 2016). The
modelled habitat using Maxent is spatially explicit and compatible with composite indicators. It also has the
potential of showing trends over time compared to a common reference condition if the models are run with
variables that change over time, such as accessible forest area.
Considered as an ecosystem service, habitat suitability for a set of iconic but rare species represents the service
flow generated by the species and its species group rather than biodiversity in general. In this regard, the benefit
of Maxent is that it provides detailed predictions for species distributions which administrators working on a
per hectare basis can use to target high value areas. The tracts of private land with suitable habitat surrounding
the national park of Santa Rosa in the north can be identified from this map to preserve the habitat of Geoffroy’s
Spider Monkey and other mammal species. Similarly, the forested areas on the middle elevations of the central
mountain regions, which harbour the small tracts of habitat suitability for the Costa Rica Brook Frog, can also
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be targeted to preserve it and other amphibian species. These species represent important attractions for tourists
visiting Costa Rica for its biodiversity. PSA administrators can target the modelled areas of suitable habitat to
preserve their existence and maintain the image of Costa Rica as an eco-tourism destination.

4.3.2. Analysis of the impact of the PSA programme
The low explanatory power of each of the models means no definitive conclusions can be drawn in determining
the impact of the programme on the supply of ecosystem services. Also, in this simplification of reality, many
other factors may be at play that are not captured by the model. The heterogeneity in the model predictions for
soil erosion control has meant it is difficult to distinguish any impact. To improve this analysis, further research
could look at the change in ecosystem-service supply over time and the correlation with the coverage of the
PSA programme. This could also look at the per hectare supply captured across the total area of the programme
to examine whether the programme has become better at targeting high-value areas over time.
Nonetheless, if some of the indications from the models are correct, of most interest to administrators will be
the relatively strong influence of the PSA areas on the habitat suitability of Geoffroy’s Spider Monkey in
comparison to the national park system. Although small, this suggests the areas under contract are capturing a
fair amount of the forest most suited for the species. An example is the area around Santa Rosa National Park
in Guanacaste province. Similarly, in the case of the Resplendent Quetzal, it suggests that at least some of the
contract areas at high elevations are capturing habitat suitable for the bird. The suitable habitat for the Costa
Rica Brook Frog on the other hand is proving to be more elusive, but not only for the PSA programme.

4.4. The suitability of the SEEA EEA in assessing the impacts of PES on ecosystem
services
The accounts of the SEEA EEA contain a wealth of information potentially useful to practitioners. The
suitability of the SEEA EEA to examine the impacts on ecosystem services and the value of those services is
now evaluated. This includes the potential impact of using the framework on the supply of ecosystem services.
A broader social perspective is also considered when analysing the monetary value of ecosystems which
suggests other ecosystem service assessment frameworks may be more relevant.

4.4.1. Examining the impacts of PES on ecosystem services
In the compilation of spatial, biophysical information on ecosystems, the SEEA EEA facilitates the
measurement and monitoring of ecosystem services. This allows practitioners to examine whether contract areas
are capturing the highest service provision and the required ecosystem services. This is an important element of
successful PES programmes and would help to maximise the additionality of payments (Börner et al., 2017).
For example, in this study, initial indications suggest that the PSA programme does not have a significant effect
on the supply of carbon storage. However, in spatially modelling ecosystem services, large concentrations of
carbon were found to exist in the north near to the border with Nicaragua. These areas can be targeted to boost
the impact of the PSA programme on the supply of ecosystem services. In addition, practitioners can use the
spatial information provided by the SEEA EEA to monitor for any rapid changes and identify high risk areas,
further boosting the additionality of programmes (Börner et al., 2017).
Regular information of changes in ecosystem extent and service flows provided by an implementation of the
framework also assists practitioners with ensuring compliance and the conditionality of ecosystem service
provision; a defining feature of PES as a policy instrument (Wunder, 2015). In an input-based system, where
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ecosystem service provision is monitored based on land cover proxies such as forest, practitioners can refer to
the ecosystem extent account to monitor the impact of the programme on ecosystem service supply. In an outputbased system, the spatial information produced for the ecosystem service supply and use account can be referred
to by pracitioners. This study demonstrated that an output-based system is also possible in the case of the PSA
programme in Costa Rica as it is possible to measure ecosystem services on an annual basis within participating
areas. At the same time, information regarding land cover such as in Appendix 3 can continue to support an
input-based system in the country.
Monitoring accounts for changes in ecosystem extent and service supply in neighbouring areas would allow
practitioners to check for any spillover effects. In this way, the SEEA EEA can also in minimising the potentially
negative impacts of PES on ecosystem services while identifying areas where potentially positive spillovers are
occurring. Nevertheless, in the case of negative impacts, there may also be alternative explanations to a
reduction in ecosystem extent in the area surrounding a participating area, the most obvious being that the area
is under a lot of pressure from land conversion, in which case the PSA areas are generating a high level of
additionality and in reality represent a large positive impact. Likewise, a continuation of forest cover in a
neighbouring non-participating area may not necessarily be because of the PES programme (Börner et al., 2017).
What the modelling exercises in this study demonstrated is that there are also many uncertainties involved in
the biophysical modelling of ecosystem services. In the case of monitoring the impact for the purposes of
reimbursing suppliers in an output-based system, this could result in unfair compensation to participants,
reducing the appeal of the programme (Börner et al., 2017). Similarly, using ecosystem extent in an input-based
system relies on accurate land cover classification systems from remote sensing observations which suffer from
issues related to cloud cover, the imaging device on the satellite and eccentricities of the computer algorithms
used to classify observations (Xie et al., 2008).
The uncertainties in the modelled ecosystem services also apply to monitoring additionality and for spillover
effects into non-participating areas. Moreover, examining additionality using ecosystem service flows does not
appear to make a significant difference compared to previous attempts. The impact analysis comparing
ecosystem services in PSA and non-PSA areas faced similar uncertainties to studies which examined
additionality based on using forest cover as a proxy for services; for example it was likely not all factors had
been controlled for in the analysis (Robalino and Pfaff, 2013). Practitioners must consider these uncertainties
when monitoring the impact of a programme on ecosystem services using the SEEA EEA.

4.4.2. Examining the impacts of PES on the value of ecosystem services
The use of the SEEA EEA allows us to examine the value of ecosystem services captured by a PES programme
through an exchange value perspective. However, in many cases it is difficult to establish an exchange value
for ecosystem services, particularly biodiversity and the cultural services generated by ecosystems (UN et al.,
2014). Many economists argue for ecosystems to be valued based on what people would be willing to pay rather
than exchange values, referred to as the welfare economics approach (UN et al., 2014). In order to capture this
value, the TEEB and IPBES ecosystem assessment frameworks can be utilised. The IPBES framework can also
be used to capture a much broader conceptualisation of value which is rooted in the cultural connections people
hold with nature. For example, the culture-specific perceptions of nature’s value held by indigenous
communities (Díaz et al., 2018).
This is more in line with the broader societal perspective on PES taken by Muradian et al. (2010) which seeks
to fully capture the cultural settings of a programme. It is proposed that PES are incentives that are embedded
in social relations, values and perceptions. PES can therefore describe both monetary and non-monetary
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transfers between social actors. This conceptualisation of PES was motivated by the observation that most PES
schemes are not purely Coasian, and that economic incentivise are just one of many motivations for preserving
ecosystems. An example is given of the Bolsa Floresta scheme in Brazil where indigenous families are rewarded
with local support for traditional income-generating activities to conserve the forest for sustainable use
(Muradian et al., 2010). Thus, understanding the value of the ecosystem services captured by a PES programme
will require alternative methods of valuation. In this sense, the valuation methods proposed by the IPBES
framework which utilise indigenous and local knowledge belief systems may capture more of the impacts of
PES on ecosystem services and their value to society (Pascual et al., 2017).
Nevertheless, where exchange values for ecosystem services can be established, a specific consequence of the
SEEA EEA is the greater number of opportunities for purely Coasian payment schemes to exist. That is,
schemes that limit the role of the government and are based on private voluntary negotiations (Engel et al.,
2008). Buyers and sellers will know more of the other’s marginal costs and benefits, resulting in a more efficient
market outcome. This has the effect of increasing the social efficiency of a programme although it does not
completely solve the free-rider problem and government involvement would still be the best way to solve this
issue (Hahnel and Sheeran, 2009).
In the case where programmes are administrated by government organisations, such as the PSA programme in
Costa Rica, the monetary values in the SEEA EEA can be used to make adjustments to payments to make them
more market-efficient and reduce the information rents captured by suppliers. If the costs of compliance
proposed by a supplier are higher than the value of these ecosystem services, it is likely that these are too high.
If these are the true costs, from an exchange value perspective, the cost of the services within the participant’s
land outweigh the benefits to society and therefore should not be reimbursed. This has the potential of generating
more cost-effective programmes, allowing more landowners to participate and a greater resulting impact on
ecosystem services. Again, this holds the potential of boosting the social efficiency of a programme.
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5. Conclusion
This research sets out to examine how ecosystem accounting can be used to assess the impacts of PES schemes
on ecosystem services. It first examined how the concept is reflected in the SEEA EEA. Three ecosystem
services were then modelled to understand the spatial distributions of the ecosystem services recognised by the
PSA programme in Costa Rica. Then, the impact of the programme was assessed using these spatial
distributions. Machine learning techniques were applied in both cases. Following this, the relevancy of the
results to PSA administrators was examined and then discussed in a wider context to examine the suitability of
the SEEA EEA in assessing the impacts of PES on ecosystem services.
Considering RQ1, the concept of PES is reflected in the SEEA EEA in several important ways. The first is in
how information relating to the ecosystem services recognised by a PES programme are recorded in the SEEA
EEA. This information can be recorded in many different ways: as ecosystem service flows in the ecosystem
supply and use account, as an indicator for ecosystem condition in the condition account, as ecosystem extent
in the extent account or, in the case of water, biodiversity and carbon, in its own individual account. Practitioners
can therefore draw information from many different accounts in the SEEA EEA to monitor the impact of a
programme and target high-value areas. The monetary value of ecosystem service flows can be determined from
the payments distributed through PES schemes if these payments are Coasian transactions. If not, other
monetary valuation methods exist which can be used to determine the value of ecosystem services. This can
help administrators improve the social efficiency of a programme by increasing cost-effectiveness and including
a larger number of suppliers of ecosystem services.
In regards to RQ2, the spatial distributions of ecosystems services varied with each ecosystem service. Large
concentrations of carbon storage were generally consistent with the national park areas in Costa Rica.
Significant quantities were identified along the central mountain ranges, in the Caribbean lowlands and on the
Osa Peninsula in the southwest of the country. More scattered but large concentrations were also identified in
the north of the country towards the Nicaraguan border. Primary forest was responsible for the largest amount
of carbon storage. Soil erosion control was largely consistent with topography; the highest quantities were
identified on the slopes of the central mountain ranges. Significant quantities were also registered on the Osa
Peninsula and in Guanacaste province while the forest land in the Caribbean lowlands contributed very little.
Once again, the areas of primary forest contributed the most to this ecosystem service. The habitat suitability of
the three iconic but threatened species also varied. The suitable habitat of the Resplendent Quetzal was limited
to the higher elevations. The Costa Rica Brook Frog displayed a very fragmented and limited area of habitat
suitability. The habitat suitability of Geoffroy’s Spider Monkey was concentrated on the Osa Peninsula and in
Guanacaste Province, consistent with the national park areas in these regions.
Considering RQ3, it could not be definitively concluded whether the PSA programme had an influence on the
supply of ecosystem services due to low predictive ability of the anthropogenic-related predictors used to build
the random forest models. Tentative results suggest that the national park system of Costa Rica helped explain
more in the variation of ecosystem services. Nonetheless, considering the much smaller area the programme
covers as compared to the national park system and the huge swaths of pristine tropical rainforest within these
national parks, the effect was not insignificant and, in the case of Geoffroy’s Spider Monkey, almost equivalent.
To improve on this analysis, the change in ecosystem service supply over several years could be analysed to
assess the impact of the PSA programme over time.
Overall, the SEEA EEA provides a number of features which make it a suitable framework to analyse the
impacts of PES. It helps monitor and measure ecosystem-service supply in different types of PES programmes;
55

those that directly monitor ecosystem services and those that use land cover proxies such as forest cover. It can
help monitor the additionality of programmes and identify whether the highest value areas are being captured.
It can also help monitor for any negative impacts on ecosystem services outside of participating areas. However,
there are uncertainties in the modelled quantities of ecosystem services used to generate these insights which
practitioners should take into account when using the information provided by the SEEA EEA. It must also be
noted that ecosystem accounting only captures the exchange value of ecosystem services. To evaluate the impact
of PES on the value of ecosystem services within its broader social context, alternative valuation frameworks
could be applied such as the framework proposed by IPBES. Nevertheless, ecosystem accounting strongly
supports the creation of Coasian payments schemes and can increase the social welfare generated by a PES
programme by reducing the information rents captured by suppliers.
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Appendix 1. Carbon storage – Boruta predictor evaluation results
Using the procedure provided by Boruta, predictor variables were evaluated and selected based on the
significance of each variable as compared to a completely randomised set of ‘shadow’ variables (Kursa and
Rudnicki, 2010). The package provides a number of importance measures (Table 13). In addition, it provides
the normHits statistic, showing the fraction of random forest runs in which the variable was more important
than the most important shadow variable. All variables confirmed by the package were used.
Table 13. Boruta variable evaluation.
Variable*

meanImp

medianImp

minImp

maxImp

normHits

decision

MCD43A4.B1

7.3122012

7.6260669

4.86979548

9.894916

0.98039216

Confirmed

MCD43A4.NDMI

7.0848417

6.9725091

4.29063519

9.012708

0.98039216

Confirmed

MCD43A4.B6

6.9414147

6.8013094

4.76603358

9.132704

0.98039216

Confirmed

MCD43A4.B4

6.6173873

6.6468165

4.84964128

8.290614

1.00000000

Confirmed

MCD43A4.B7

5.3782173

5.2561206

2.99660989

8.386787

0.90196078

Confirmed

L8.B02

4.7892003

4.8279183

2.32274538

6.953062

0.90196078

Confirmed

L8.B06

4.5023495

4.666823

1.76810056

7.528917

0.8627451

Confirmed

MCD43A4.B3

4.4402965

4.5400253

2.78209881

5.819711

0.8627451

Confirmed

L8.B08

4.3599783

4.3351391

1.71718128

6.524103

0.8627451

Confirmed

L8.B07

4.0448975

4.1232801

1.79280497

6.426375

0.80392157

Confirmed

L8.B04

4.0012418

3.8070041

2.35312468

5.562761

0.8627451

Confirmed

L8.B03

3.7019336

3.6099638

0.73743699

6.556067

0.76470588

Confirmed

L8.B11

2.1161249

2.0788791

-0.2199796

4.688189

0.25490196

Rejected

L8.NDMI

1.9384437

1.8352529

-0.3352933

4.230321

0.21568627

Rejected

MCD43A4.B5

1.838949

1.7027158

0.18065239

4.093923

0.05882353

Rejected

L8.EVI

1.8220716

2.0366198

-0.25641594

3.218087

0.19607843

Rejected

Elevation

1.5010836

1.5791216

0.4004592

2.584678

0.05882353

Rejected

L8.B05

1.4754973

1.5491055

-0.87246897

3.059302

0.07843137

Rejected

L8.B10

1.3891615

1.4276746

-0.93872174

2.328606

0.05882353

Rejected

Bio17

1.3718873

1.3344964

0.19826883

3.030015

0.00000000

Rejected

L8.NDVI

1.332631

1.3431581

-0.38150972

2.896222

0.00000000

Rejected

Bio12

1.249488

1.4274015

-1.60132262

2.339151

0.05882353

Rejected

Bio8

1.248346

1.3689827

-0.59057616

2.524898

0.07843137

Rejected

MCD43A4.EVI

1.1944149

1.3708239

-0.998394

2.885279

0.11764706

Rejected

TC

1.1245718

1.1115694

-1.39235061

2.551835

0.03921569

Rejected

Bio7

1.0356166

1.2389641

-0.61708288

2.126991

0.01960784

Rejected

MCD43A4.B2

1.0122978

0.8890467

-0.17429281

2.302336

0.05882353

Rejected

MCD43A4.NDVI

0.9633479

0.9617183

-0.83234537

2.269462

0.01960784

Rejected

Bio16

0.8910084

0.8901059

-0.06551081

1.993126

0.01960784

Rejected

L8.B09

0.5962652

0.6009819

-1.36771744

3.269874

0.01960784

Rejected

*Bio7 is the temperature annual range, Bio8 temperature of the wettest quarter, Bio12 annual precipitation, Bio16 precipitation of the
wettest quarter an Bio17 is precipitation of the driest quarter. All these variables were sourced from the WorldClim database (Fick and
Hijmans, 2017). TRI is the terrain ruggedness index measured as the standard deviation from the mean elevation (LabTEc, unpublished).
TC refers to tree cover percentage which was sourced from the MOD44B.V6 product (Dimiceli et al., 2015).
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Appendix 2. Carbon storage – forest inventory plot validation
To ensure accuracy, the forest inventory plot data was checked for issues or adjustments. In Table 2 the plots
with issues or adjustments have been identified and details are given as to whether any have been removed or
changes have been made to the data as a result of the issues or adjustments in the forest inventory.
Table 14. Forest inventory plot validation changes.
Plot number

Issue

Change

2986

Adjusted plot coordinates

3815

Plot fell across both primary and secondary forest, moved 50
metres with heading N 45 E degrees
Point moved 300 m to capture whole forest plantation but no
details of which direction
Point moved 240 m, no details given of which direction

3971

Grassland, no measurements taken

Plot removed

3989

Plot was relocated 11 m with heading N 30 E

Adjusted plot coordinates

4637

Plot removed

5048

Plot moved as centre point fell in river, no details where the
new plot was located
No trees in plot

5144

Plot moved 10 m heading N 352 W to avoid teak plantations

Adjusted plot coordinates

5199

No trees in plot, pasture

Plot removed

5236

Plot moved but no details given

Plot removed

5503

Harvested teak plantations, no trees

Plot removed

6377

Riverbank with one tree measured on edge of banana plantation

Plot removed

6913

Moved 310 metres but no details where

Plot removed

7818

Relocated 1.5 km, no details of new coordinates

Plot removed

8358

Plot moved, no details given

Plot removed

9078
10237

Plot relocated, no details given
Plot was moved 572 m, no details of new location given

Plot removed
Plot removed

14239

Plot was moved 60 metres with heading N 357 W to avoid
secondary forest
Not a forest – shrubland

Adjusted plot coordinates

Plot was moved 250m but has no details on which direction it
was moved were given
No trees in plot due to fire
Plot was moved 12 metres heading N 60 E to avoid an adjacent
coffee plantation
Relocated due to steep slope, 280 m at 190 degrees

Plot removed

Records two plots, one mature forest and one secondary forest
with the same coordinates - no comments on this so removed
Point fell in river gorge, moved 140 m at 302 degrees

Plot removed

Plot fell across the garage of a house, moved 200 m with
direction 180 degrees
Plot was moved as it did not fall in primary forest, moved 30 m
with heading S 165 E
Plot was moved to fall within secondary forest, 24 m heading S
147 E

Adjusted plot coordinates

3110

14410
14504
15674
17039
17132
17149
17227
17424
17830
17834

Plot removed
Plot removed

Plot removed

Plot removed

Plot removed
Adjusted plot coordinates
Adjusted plot coordinates

Adjusted plot coordinates

Adjusted plot coordinates
Adjusted plot coordinates
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18064

Unknown coordinates entered

Plot removed

18154

Unknown coordinates entered

Plot removed

18948

Plot was located on a cliff edge so it was moved 345 m with
heading N 60 E
Plot moved due to clearing produced by fallen tree, 30 m east

Adjusted plot coordinates

Savanna, no trees
Mangrove plot on the coast that was not covered by the climate
variables
Paddock with only small bushes, no trees

Plot removed
Plot removed

20045
21312
23013
23384

Adjusted plot coordinates

Plot removed
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Appendix 3. Land cover map of Costa Rica

Figure 17. Land cover map of Costa Rica for 2013.
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Appendix 4. Habitat suitability – GBIF dataset sources and number of occurrences
Table 15. Species modelled and dataset sources.
Species

Taxon class

GBIF dataset and publisher

Number of
occurrences

Resplendent Quetzal
(Pharomachrus
mocinno)

Aves

eBird Observation Dataset, Cornell Lab of Ornithology

6,475

Macaulay Library Audio and Video Collection, Cornell Lab
of Ornithology

23

naturgucker

18

Vertebrate Collection, Natural History Museum of Los
Angeles County

5

Borror Lab of Bioacoustics, Ohio State University

5

Vertebrate Zoology Division - Ornithology, Yale Peabody
Museum

4

Birds Collection, University of Michigan Museum of
Zoology
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Appendix 5. Habitat suitability – modelled species habitat predictor variables
Elevation

Figure 18. Elevation (m).

Accessible forest area
Costa Rica Brook Frog

Figure 19. Costa Rica Brook Frog – Accessible forest area.
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Tree cover

Figure 20. Tree cover (%).

Climate variables
Bio1 – Annual mean temperature (°C)

Figure 21. Annual mean temperature (°C).
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Bio7 – Temperature annual range (°C)

Figure 22. Temperature annual range (°C).

Bio16 – Precipitation of the wettest quarter (mm)

Figure 23. Precipitation of the wettest quarter (mm).
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Precipitation of the driest quarter (mm)

Figure 24. Precipitation of the driest quarter (mm).
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Appendix 6. Habitat suitability – species background point sampling distances
Three different background point sampling distances were tested to model the habitat suitability of the three
flagship species chosen: The Resplendent Quetzal, the Costa Rica Brook Frog and Geoffroy’s Spider Monkey.
A distance was chosen that produced a model with a good predictive ability and the most biologically
meaningful combination of predictor variables.
Resplendent Quetzal
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0.90
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0.88

50
0.86

AUC

Variable contribution (%)

For the Resplendent Quetzal, AUC values increased substantially with the increasing background sampling
distance. Variable contribution was dominated by elevation in every model with tree cover also playing a role.
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Figure 25. Variable contribution (%) and AUC for a model with a restricted background point sampling area of 20km,
50km, and with no restriction for the Resplendent Quetzal. Bio1 is annual mean temperature, Bio7 temperature annual
range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation of the driest quarter.

AUC was at its lowest for the model with a 20km background distance at 0.829, increasing to 0.873 at 50km
and 0.898 with no restricted background. Increasing AUC values with background distance is in line with the
findings of VanDerWal et al. (2009). The dominance of elevation as a predicator variable reflects well the
findings in the literature which describe the Quetzal’s habitat to be defined by high elevation montane forest
(Loiselle et al., 1989). Contribution from the other variables was low across all models, expect from tree cover
which contributed 11.6 percent with a 20km background distance but reduced to 5.8 percent with an unrestricted
background.
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Costa Rica Brook Frog
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In the case of the Costa Rica Brook Frog, each of the models produced high AUC values indicating good
predictive ability across all distances with the unrestricted background showing the best performance. Elevation,
tree cover and precipitation of the driest quarter (Bio 17) became the most important factors as the distance
increased.

0.92
20km

50km

Unrestricted

Background distance
Elevation

Acc. forest area

Tree cover

Bio 1

Bio 7

Bio 16

Bio 17

AUC

Figure 26. Variable contribution (%) and AUC for a model with a restricted background point sampling area of 20km,
50km, and with no restriction for the Costa Rica Brook Frog. Bio1 is annual mean temperature, Bio7 temperature annual
range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation of the driest quarter.

The AUC value increased significantly as the area available increased, in line with the findings of VanDerWal
et al. (2009). AUC was very high overall, with 0.929 for the 20km model, 0.947 for the 50km model and 0.95
when the area was unrestricted. This indicates a good robustness in the predictor variables. Current knowledge
of relict populations of the Brook Frog describe them as concentrated in the middle elevations of the Caribbean
slopes (Garcia-Rodriguez et al., 2012). This is reflected well in the importance of elevation in the models.
Similarly, precipitation of the wettest quarter (Bio 17) and tree cover as an important factors indicates that the
model has learnt that the species needs a very wet, humid environment and is sensitive to fragmentation (Bell
and Donnelly, 2006; García-Rodríguez et al., 2012).
Geoffroy’s Spider Monkey
As with the other species, AUC values saw a strong increase as the background point sampling area increased
for Geoffroy’s Spider Monkey. The relative contribution of each variable was dominated by tree cover
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percentage. Annual temperature range (Bio 7) also contributed significantly in each model, contributing the
most with an unrestricted background.
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Figure 27. Variable contribution (%) and AUC for a model with a restricted background point sampling area of 20km,
50km, and with no restriction for Geoffroy’s Spider Monkey. Bio1 is annual mean temperature, Bio7 temperature annual
range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation of the driest quarter.

The predictive ability of the model with no restricted background was the strongest with an AUC of 0.861. With
a background of 20km, the AUC was 0.816 and for 50km it was 0.852. Generally, tree cover was the most
influential predictor variables followed by temperature annual range (Bio 7) and precipitation of the wettest
quarter (Bio 16). The prominence of tree cover is in line with the findings in the literature which observe that
the species requires tracks of primary forest with tall stand structures (Wallace, 2008). Surprisingly, the spread
of influence between the predictor values increased with no restriction to the sampling area. This could be
explained by the wide distribution of presence points across the country, requiring a larger set of background
points to infer presence from absence.
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Appendix 7. Habitat suitability – model cross-validation results
The model for each species and each background distance was first evaluated using a k-fold cross-validation
approach with the presence data split into five groups. In each iteration a different group was held out as the
test dataset. The following tables show the AUC for the test dataset together with the variable contribution for
each individual model and the mean.
Table 16. Resplendent Quetzal: k-fold cross validation results.
Variable contribution (%)
Model

Test
AUC

Elevation

Acc.
forest
area

Tree
cover

Bio1*

Bio7*

Bio16*

Bio17*

20km
1
2
3
4
5
Mean

0.7458
0.6854
0.7539
0.7848
0.6308
0.7201

66.1707
70.7349
68.6368
66.3138
63.0746
66.9862

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

14.7493
10.154
11.069
10.1142
13.178
11.8529

3.8691
3.2809
6.5152
4.8831
5.9311
4.8959

3.7991
2.5881
3.2077
3.4016
4.2478
3.4489

0.7979
0.5498
0.5056
1.076
2.6555
1.117

10.6139
12.6922
10.0657
14.2113
10.913
11.6992

50km
1
2
3
4
5
Mean

0.8721
0.8637
0.8741
0.8751
0.8549
0.868

73.3726
75.2107
76.1886
71.4806
71.4391
73.5383

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

9.8456
7.0216
8.2772
6.2829
9.5072
8.1869

6.1844
4.3845
2.3242
7.2787
5.8226
5.1989

0.8999
2.5351
2.4032
2.8671
2.9994
2.3409

0.4867
0.607
2.1434
0.7698
1.6175
1.1249

9.2108
10.241
8.6635
11.3208
8.6142
9.6101

Unrestricted
1
2
3
4
5
Mean

0.8982
0.891
0.8984
0.9016
0.884
0.8946

69.9622
79.6393
78.9337
72.1835
74.044
74.9525

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

5.3301
4.873
6.9399
6.3378
8.1726
6.3307

10.2831
4.5719
2.6049
6.6791
4.9364
5.8151

3.5119
2.2253
2.816
3.7965
3.119
3.0937

1.065
0.2998
0.8692
0.63
1.2862
0.83

9.8476
8.3907
7.8363
10.3731
8.4418
8.9779

*Bio1 is annual mean temperature, Bio7 temperature annual range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation
of the driest quarter.

Table 17. Costa Rica Brook Frog: k-fold cross validation results.
Variable contribution (%)
Model

20km
1
2
3
4
5
Mean

Test
AUC

Elevation

Acc.
forest
area

Tree
cover

Bio1*

Bio7*

Bio16*

Bio17*

0.9423
0.852
0.8534
0.9067
0.9165
0.8942

0.9883
1.6031
4.1763
1.9446
7.8925
3.321

15.0965
17.4288
15.6485
16.7778
10.3065
15.0516

34.5029
29.195
31.4988
33.7832
41.9961
34.1952

5.905
0.0863
0.0357
9.0098
0
3.0074

18.1572
20.8579
17.354
16.0969
17.9305
18.0793

12.8318
15.3754
16.4046
5.7658
4.0321
10.8819

12.5182
15.4536
14.8821
16.6219
17.8424
15.4636
79

50km
1
2
3
4
5
Mean

0.9447
0.8991
0.8829
0.9214
0.9304
0.9157

22.9421
22.3695
22.3108
22.6032
24.2655
22.8982

12.7536
10.9637
11.6375
11.2256
8.3135
10.9788

26.1278
25.6704
26.1261
26.9179
32.1362
27.3957

0.1858
0.0401
0.3591
0.111
0.0963
0.1585

17.1666
13.8883
12.0736
14.6577
13.7814
14.3135

2.1798
3.5918
4.43
2.8795
1.3383
2.8839

18.6443
23.4763
23.0629
21.605
20.0688
21.3715

Unrestricted
1
2
3
4
5
Mean

0.9447
0.8991
0.8829
0.9214
0.9304
0.9157

22.9421
22.3695
22.3108
22.6032
24.2655
22.8982

12.7536
10.9637
11.6375
11.2256
8.3135
10.9788

26.1278
25.6704
26.1261
26.9179
32.1362
27.3957

0.1858
0.0401
0.3591
0.111
0.0963
0.1585

17.1666
13.8883
12.0736
14.6577
13.7814
14.3135

2.1798
3.5918
4.43
2.8795
1.3383
2.8839

18.6443
23.4763
23.0629
21.605
20.0688
21.3715

*Bio1 is annual mean temperature, Bio7 temperature annual range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation
of the driest quarter.

Table 18. Geoffroy’s Spider Monkey: k-fold cross validation results.
Variable contribution (%)
Model

Test
AUC

Elevation

Acc.
forest
area

Tree
cover

Bio1*

Bio7*

Bio16*

Bio17*

20km
1
2
3
4
5
Mean

0.785
0.5601
0.6873
0.6198
0.7511
0.6807

19.7977
10.6559
24.4924
12.8502
16.8088
16.921

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

70.0317
54.8444
54.5008
45.4733
51.9029
55.3506

1.092
1.8212
0.3762
0.9733
0.02
0.8565

7.7366
22.4194
13.5786
36.7988
29.3461
21.9759

0.5932
0.3023
6.323
3.7687
1.507
2.4988

0.7487
9.9568
0.7291
0.1357
0.4153
2.3971

50km
1
2
3
4
5
Mean

0.7454
0.6397
0.6939
0.6345
0.8091
0.7045

14.4265
12.393
20.061
8.8078
16.5469
14.447

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

61.8009
54.46
49.3341
41.4953
48.27
51.0721

1.422
1.55
1.2374
1.2405
0.4881
1.1876

0.2326
16.6126
1.557
23.3153
16.9022
11.7239

14.1162
4.4703
23.0792
19.8241
15.239
15.3458

8.0017
10.5141
4.7314
5.3169
2.5538
6.2236

Unrestricted
1
2
3
4
5
Mean

0.7854
0.7103
0.748
0.7078
0.8284
0.756

27.2571
16.1686
20.2157
9.8784
21.8849
19.0809

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

38.7724
30.712
36.1493
27.1467
32.8224
33.1206

0.8634
0
0.7639
1.7372
0.4157
0.756

1.0212
31.2766
12.5278
34.2286
26.5951
21.1299

18.0083
7.1622
21.5073
18.8402
13.5681
15.8172

14.0775
14.6806
8.8361
8.1688
4.7138
10.0954

*Bio1 is annual mean temperature, Bio7 temperature annual range, Bio16 precipitation of the wettest quarter and Bio17 is precipitation
of the driest quarter.
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