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INTRODUCTION
The International Climate Fund
The UK government has set up the International Climate Fund (ICF) to provide £3.87 billion between April 2011
and March 2016 to help the world’s poorest adapt to climate change and promote cleaner, greener growth.
The ICF works in partnership with developing countries to:
●
●
●

reduce carbon emissions through promoting low carbon development;
help poor people adapt to the effects of climate change
reduce deforestation.

Funding for the ICF for 2011 to 2015 will be provided by DFID (£1.8bn), DECC (£1bn) and Defra (£100m). The
ICF is expected to contribute to the delivery of the UK’s 2020 international climate change objectives as
reaffirmed in Cancun in December 2010 and related EU Council conclusions.
1

The government plans to allocate approximately 20% of the ICF budget to forests . Forest activities funded
under ICF should support developing country actions on Reducing Emissions from Deforestation and forest
Degradation (REDD) and contribute to green growth that reduces poverty.

Results and Value for Money Linked to Indicators
Climate change is a new sector for development and the ICF departments recognise that the evidence base to
inform investment decisions is of variable quality, and the results chains to demonstrate impact and value for
money are still limited. Building a more robust evidence base will be a priority for ICF during the Spending
Review period.
The government departments involved have agreed a common approach to achieving impact and value for
money. Resources will be allocated in line with ICF objectives and an agreed set of expected results. All
programmes will be subject to appraisal and risk assessment. Monitoring and evaluation systems for ICF spend
will be aligned across departments to ensure a coherent approach to assessing impact and that lessons are fed
back into the design of future programmes. The Independent Commission on Aid Impact (ICAI) will also
conduct independent evaluations of impact and value for money in the second year of the ICF.
The ICF will use a set of high level indicators to measure impact and value for money. The following indicators
are those that relate to forest sector ICF projects.
i) Percentage reduction in hectares deforested and degraded (percentage and number);
ii) Percentage and number of people living on less than $1.25 a day who are dependent on forests for
their livelihoods;
iii) Number of UK partner countries with costed REDD+ national plans;

1

https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/66150/International_Climate_Fund__ICF__Implement
ation_Plan_technical_paper.pdf
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iv) Scale and increase in private sector investment in REDD+ in UK partner countries;
v) Value of ecosystem services saved.

The ICF Hectares Indicator
The hectares indicator addresses KPI 8 of the ICF indicator framework: the number of hectares where
2
deforestation and degradation have been avoided through ICF support .
Whilst the title of the indicator mentions deforestation and degradation, the technical description also
includes afforestation and reforestation. With the net effect being the aggregate of:
a) the number of hectares where deforestation has been avoided;
b) the number of hectares where forest degradation has been avoided;
c) the number of hectares where afforestation has taken place; and
d) the number of hectares where reforestation has taken place.
Given that few ICF projects are actively supporting reforestation or afforestation the emphasis in the
methodology has been to determine the hectares of avoided deforestation and degradation. It is also worth
noting that the results from the hectares indicator are likely to be necessary to feed into other indicators,
particularly the ecosystem services indicator.
ICF Projects expected to apply the Hectares Indicator include the following:

DFID- led ICF Forest Projects
Forest Governance, Markets and Climate3
A global programme that benefits poor forest-dependent people by supporting governance and market
reforms aimed at reducing the illegal use of forest resources and promoting sustainable growth in developing
countries. Benefitting countries include: Ghana, Liberia, Congo, Dem Rep, Guyana, Indonesia

Multi-Stakeholder Forestry Programme - Nepal4
MSFP will build on the achievements of the past 20 years of forestry work supported by the UK, Switzerland
and Finland. These have had significant impacts in reducing poverty, and in building the capacity of community
forest user groups, the government and non-state actors, in order to enable them to better govern forests in a
sustainable way.

2

https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/253682/ICF-KPI-summary.pdf
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http://devtracker.dfid.gov.uk/projects/GB-1-201724/

4

http://devtracker.dfid.gov.uk/projects/GB-1-200773/documents/
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The MSFP will scale up community forestry activities to cover the 61 districts (out of 75) where forestry is
relevant, with focused activities in 35 districts in the middle hills and southern plains (the “Terai”). It will
harness the economic potential of forests under community, private or government management. MSFP will
expand the role of forestry in helping Nepal adapt to climate change and mitigate its impacts, and will build
stronger linkages between practice and policy.

Improving Governance of Land Use, Land-Use Change and Forestry in Indonesia5
The intervention will support improvements to land use and forestry governance in Indonesia, through a
combination of support to national and local governments, and civil society, informed by political economy
analysis. It will offer capacity building and technical assistance to national and local governments, and support
strategic coalitions of reformers at the local level, from civil society, government and the private sector, in
demanding good governance. A research component will contribute political economy analysis of the local
contexts in order to inform the approach. The programme will be carried out in four provinces in Indonesia
which have abundant forest resources and complex land use and forestry problems.

Comprehensive Programme on Spatial Planning and Low Carbon Development in Papua6
This programme supports (a) Improvements in the spatial planning expertise in government from the
provincial level down to the sub-district level, enabling greater coherence between plans and agreements
between key stakeholders, greater buy-in to the provincial spatial plan and reductions in deforestation; (b) The
development of a green investment strategy for Papua, including the creation of a Green Investment Facility,
and the development of a pipeline of projects; (c) Partnerships between civil society and the private sector on
spatial planning development and implementation, and; (d) Increased understanding of the importance of
environmental issues and a low carbon pathway among Papua’s people and media.

Climate High-Level Investment Programme - Ethiopia7
The Climate High-Level Investment Programme (CHIP) will help to build climate resilience and promote low
carbon development by channelling UK climate finance to investment opportunities in Ethiopia. The
anticipated spend is £30 million over a three year period (August 2012 to March 2015). It consists of four
components covering "climate mainstreaming", forestry, food security and disaster response. The forest
component will protect 530,000 hectares of forest in Ethiopia’s Bale Mountain region, and beginning to earn
Ethiopia international payments for the protection of ecosystem services (via the international ‘REDD+’
mechanism).

5

http://devtracker.dfid.gov.uk/projects/GB-1-202798/documents/

6

http://devtracker.dfid.gov.uk/projects/GB-1-203281/
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http://devtracker.dfid.gov.uk/projects/GB-1-202597/
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DEFRA-led ICF Forest Projects:
Cerrado Climate Change Mitigation Programme - Brazil8
The objective of the program is to assist Brazil in mitigating climate change in the Cerrado biome and in
improving environment and natural resource management in the biome through appropriate policies and
practices. It has a two-pronged approach:


Promotion of farmer compliance with the Brazilian Forest Code, based on strengthening the
monitoring and enforcement of mandatory native vegetation reserve requirements through
environmental registration of rural holdings. Better compliance is expected to result both in avoiding
illegal deforestation and in restoration of already cleared natural reserve areas on private land.



Promotion of controlled burning, prevention of forest fires, replacement of burning by more
sustainable agricultural practices and strengthened firefighting capacity.

The project is implemented by World Bank working closely with the Brazilian Ministry of Environment.

Low Carbon Agriculture and Avoided Deforestation to reduce Poverty - Brazil9
The objective of the project is to promote sustainable rural development, restoring deforested and recovering
degraded land, reducing pressure on forests by addressing unstainable agriculture practices in the Amazon and
Atlantic biomes. The project has two main thrusts – help farmers adopt low carbon technologies and financial
support to producers including setting up demonstration units and provision of advisory services.
This project is implemented by the Inter-American Development Bank with the Brazilian Ministry of
Agriculture, the recipient.

DECC-led ICF Forest Projects
Silvopastoral systems for climate change mitigation and poverty alleviation in Colombia´s livestock
sector10
The aim is to increase the environmental and economic sustainability of cattle ranching in Colombia. Cattle
ranching is a big industry in Colombia, occupying around 38% of the land, employing 28% of the rural
population and generating 3.5% of the country’s GDP. The agricultural sector, dominated by cattle ranching,
generates 38% of Colombia’s total GHG emissions, with deforestation caused by ranching accounting for a
further 9% of emissions.

8

https://www.gov.uk/government/news/uk-pledges-10million-to-reduce-deforestation-in-brazil

9

https://www.gov.uk/government/publications/low-carbon-agriculture-for-avoided-deforestation-and-poverty-reductionin-brazil-intervention-summary
10

https://www.gov.uk/government/publications/silvopastoral-systems-for-climate-change-mitigation-in-colombiabusiness-case-and-intervention-summary
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Joint DECC / DIFD investments into the BioCarbon Fund and Forest Carbon Partnership Facility Carbon Fund11
The BioCarbon Fund mobilises finance to reduce carbon emissions in forest and agricultural ecosystems. It will
combine a technical assistance facility with a series of country-focused investment windows.
The Carbon Fund of the Forest Carbon Partnership Facility will make performance-based payments for carbon
emissions reductions from forests and agriculture to REDD+ countries. The fund has a cut-off date of 2020
when it is envisaged that it will be replaced by a global agreement. It is designed to fund emissions reductions
over a five year period, and it is likely that there will be about US$70 million available to buy emissions
reductions directly in each REDD+ country.

Joint DFID / DECC investments into the Forest Investment Program
The Forest Investment Program (FIP) is a targeted program of the Strategic Climate Fund (SCF), which is one of
two funds within the framework of the Climate Investment Funds (CIF). The FIP supports developing country
efforts to reduce deforestation and forest degradation and promote sustainable forest management that leads
to emissions reductions and enhancement of forest carbon stocks (REDD+).
Channeled through the Multilateral Development Banks as grants and near-zero interest credits, FIP financing
complements large-scale investments and leverages additional resources, including from the private sector, to:

11



Promote forest mitigation efforts, including protection of forest ecosystem services



Provide support outside the forest sector to reduce pressure on forests



Help countries strengthen institutional capacity, forest governance, and forest-related knowledge



Mainstream climate resilience considerations and contribute to biodiversity conservation, protection
of the rights of indigenous peoples and local communities, and poverty reduction through rural
livelihoods enhancements.

https://www.gov.uk/government/publications/an-international-climate-fund-business-case-for-decc-investment-in-thebiocarbon-fund-and-the-forest-carbon-partnership-facility-carbon-fund
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SECTION 1. REVIEW OF THE CURRENT HECTARES INDICATOR
METHODOLOGY
This section is in two parts, first the results of a desk review of the methodology as presented to
country and project teams, and second the results of interviews and data collected from country
teams who had either reported or considered applying the methodology, are reported.

1.1. RESULTS OF THE DESK REVIEW OF THE EXISTING METHODOLOGY
The methodology provided to country teams for enumerating the indicator follows an approach that was
12
initially defined in the IPCC’s 2000 report on land use, land use change and forestry to account for the carbon
benefits of activities at the project level. In summary, this involves measuring performance within the project
area relative to a “business as usual” baseline (counterfactual scenario) and then adjusting for displaced
activities outside the project boundary, also known as "leakage".
The resulting project impact is then to be attributed (shared) between contributing donors. The attribution
step was outside the terms of reference of this project but we discuss this briefly in sections 2 and 3.
The results of a step-by-step analysis of the methodology, considering the quality of the guidance, the
suitability of the data sources, and the technical adequacy of the instructions are presented in detail in
Appendix 1.
The main findings are that the current methodology is deficient in several respects:


It provides little or no guidance on how the logical framework, or theory of change for the project,
can be used to identify the relevant forest / land areas and the relevant timescales over which the
impact is likely to be observed;



It refers to data sources that are unlikely to be suitable for measuring either reference scenarios or to
monitor the relevant areas;



It lacks clarity and contains errors on essential definitions and methodological steps.

Perhaps most importantly its current form appears disconnected from the logic of intervention of most of the
forest projects funded by the ICF.

1.2 RESULTS FROM INTERVIEWS AND INFORMATION PROVIDED BY COUNTRY TEAMS
Information was sought from programmes and projects that have attempted to implement, and that have
reviewed, tried and chosen not to implement, this KPI. An initial conference call with country teams in Jakarta,
Kathmandu and PNG was followed up with calls to DFID's Jakarta office, and interviews with project staff from
12

Land Use, Land-Use Change, and Forestry: A Special Report of the Intergovernmental Panel on Climate
Change (2000). Cambridge University Press.
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the PNG spatial planning project (PROTARIH) and the Asia Foundation (a recipient of FGMC funds for a
program “Improving Governance of Land Use, Land Use Change and Forestry in Indonesia”. In addition written
information describing the relevance (and where applicable) the experience of trying to use the Hectares
Indicator was received from the PROTARIH project, the Jakarta and Kathmandu country offices.
The project team also held interim discussions with UK forestry advisors at DFID and ICF staff within DEFRA
and DECC.
The findings from the country offices indicated a negative perception of the Hectares Indicator:


the methodology was seen as disconnected from the logic of most projects, and an additional burden
rather than something that would provide useful operational information;



there was insufficient explanation of the relevance of the indicator and how the methodology should
relate to or integrate with national or local processes for forest monitoring;



the process was seen as theoretical and disconnected from the reality of drivers of forest loss;



the guidance was not sufficient and not clear; there appears to be an assumed level of understanding
on the terminology and methods used in forest carbon projects that is not available in country teams.

Despite the generally negative view of the hectares indicator we noted a positive effort by the DFID team in
PNG to report.
A number of issues related to suitability of the KPI for certain types of projects and attribution of impacts were
raised during discussions; these issues are not the focus of this review but are briefly covered here.

Suitability
There are only a small number of DFID-supported programmes that support actions that directly impact on
areas of forest – either through investment or management planning in specific forested areas, or through
projects that directly plant trees or mitigate proximate drivers of deforestation or degradation. For these
initiatives, the effect of the ICF investment is more directly measurable and attributable. Other support, for
example that which provides support to national policy and legislation, only indirectly avoids deforestation and
degradation and programme proponents were unable to estimate the proportion of this attributed to the ICF
to a sufficient level of confidence. This is in part due to data and evidence constraints that would be too costly
for the project/programme to generate. Another problem is that where potential impacts on deforestation
and forest degradation are several steps removed from the activities of the project positive impacts on
deforestation and degradation are likely to be an impact in the long term, rather than during the lifespan of a
particular programme. During the time that a programme is active, either there is unlikely to be any
discernible impact on deforestation and forest degradation, or, in the case of governance improvements, there
might actually be a short-term increase in deforestation and degradation that would be apparent during the
13
project lifespan , but not a true illustration of long-term results.
Improvement recommendation: all forestry funded ICF projects/programmes should construct a theory of
change that describes the intended direct and indirect changes – outcomes and impacts – that the
project/programme anticipates as a result of its actions. This will help the implementers and managers
understand how and subject to what conditions they may contribute to avoiding deforestation and
13

E.g. Increases in deforesting activities as actors seek to exploit what they can before governance changes are
established.
9
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degradation.
Related to the issue of relevance was that of the purpose and scope of the KPI, in terms of its use as an internal
programme indicator, or one that would have wider in-country utility. In the case of the latter, political
concerns related to aspects like official rates of deforestation could affect the types of data used (official data
sets may not necessarily be the most accurate ones if they serve purposes other than purely an accurate
measurement of deforestation, or may not be comparable to other programmes). The use of methods and
definitions that differed between countries means that the resulting calculations of deforestation and
degradation are not aggregateable or comparable.

Guidance
The guidance assumes a certain level of understanding amongst users that is not present in many country
offices or implementing parties because many of the project/programme implementers and managers of
forestry or related projects are not specialists in forest measurement and are unfamiliar with existing
analytical methods (this is particularly the case where the purpose of the project has a governance or policy
focus). This makes interpreting and applying the guidance more difficult for non-experts. The one project that
did report to the indicator (PROTARIH) employed external consultants to undertake the analysis. Examples of
challenging / difficult areas included:


The guidance suggests that forest should be categorised by FAO definition (presented by a map in the
tool) but the national definitions of forest as well as forest type that are being used by the
project/programme may not be consistent with these definitions.



The guidance suggests that FAO Forest Resource Assessment (FRA) is referenced as a possible source
for counterfactual data on deforestation rates, but later states that the FRA is not suitable for overall
measure for DFID UK spending and that programme data will be used instead of international forestry
data (available from the UN FAO



The guidance mentions the need to identify the spatial and temporal extent of the programme
because of the risks of leakage but later states that it ‘does not directly measure leakage’ but will do
so through complementary indicators at a programme level. In at least one case (PROTARIH),
attempts have been made to measure leakage.

Improvement recommendation: once the KPI has been reviewed, the guidance needs to be revised with clear,
consistent step by step instructions and referencing.

Data Requirements
There are only a few cases of projects that have attempted to estimate values for the indicator, so feedback on
practical considerations was limited to the approach as a whole and access to and consistency of forest cover
data.
The level of detail the methodology requires, relative to the quality of the available information, has meant
that the approach has proven to be time consuming with heavy resource costs (for example, the ‘simple’
process of identifying the forest areas is problematic if the available data is out of date or land-cover classes
10
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are contested or incompatible. In countries where a national REDD+ process is underway, there may be data
and analysis available for the counterfactual and baseline.
Without a theory of change, a sound evidence base and an understanding of how project outputs interact with
other drivers of forest cover change, the long-term implications of projects for deforestation or degradation
have been hard to anticipate. If – as in the case of PROTARIH – where the project is supporting a 20-year
spatial plan, a known time horizon is available to work against. The identification of the spatial extent of any
anticipated impact should be possible for projects / programmes that have an area-based focus. But there are
a limited number of projects working directly on the ground in specific areas.
Improvement recommendation: better guidance on data sources for producing reference scenarios and
monitoring forest change within ICF countries is needed. This guidance should include considerations of cost,
availability and accuracy of different data types.

11

ICF Hectares Indicator Methodology Review: University of Edinburgh | Ecometrica | LTS International

SECTION 2. REVIEW OF BEST PRACTICES FOR PRODUCING
REFERENCE SCENARIOS FOR LAND USE CHANGE
This section provides a review of scientific and technical methods that have been used to estimate avoided
forest loss, in particular the definition of counterfactual or future scenarios for land use change. The scientific
literature around land use change modelling is examined first, followed by methodologies used in the voluntary
carbon credit sector, and an examination of methodologies used by the Norway’s International Climate and
Forestry Initiative. A short description of the state of the art of monitoring deforestation and forest change
using remote sensing is also provided, as accurate, consistent and easy-to-use monitoring is also essential to
creating a useful Hectares Indicator, where the counterfactural must be compared to reality.

2.1 Land use change modelling
In its current form the Hectares Indicator requires a counterfactual scenario: an estimate of what current landuse would have been in the absence of the intervention. This can only be done through building models
relating putative drivers of land use change (LUC) to actual LUC. Such models can vary greatly in their structure
and complexity, but all allow for different outputs to be generated under different combinations of drivers.
Uncertainties in such models come from two sources: firstly how well the drivers themselves can be
quantified, and secondly how well the selected drivers relate to actual LUC.
Drivers of LUC are complex and difficult to quantify and map, and interact intricately, with the strength and
even direction of interactions changing through time. To be effective a LUC model needs a comprehensive
suite of variables that between them have the capacity to explain LUC at the region, and these need to be
quantified at a spatial and temporal resolution that matches the scale of LUC (Lambin, 1997). The difficulty in
obtaining such variables cannot be overstated, and in many cases is simply not possible (Agarwal et al., 2000).
Some more theoretical models, for example many economic models, rely on variables that cannot be
measured in practice, and often proxy variables must be used (for example population density may be
required, but a simple proxy such as distance to the nearest road or village may be used instead). In many
cases the only practical way to develop a model is to select a small suite of variables that are possible to
measure and that are believed to be strong drivers of LUC, but accept from the outset that these will not fully
capture the varied and complex reality of deforestation and forest restoration (Geist & Lambin, 2002).
LUC modelling attempts will not succeed if input LUC data and explanatory variables are measured or
modelled at different scales, or at least if relationships do exist they may break down quickly in another time
period or when different scenarios are measured (Verburg et al., 2004). This is a very important consideration:
often national level statistics on economic activity or deforestation rates will be of no use at all for driving a
sub-national scale model (Geist & Lambin, 2002).
Despite the above, many attempts have been made to create models that relate drivers to land-use change.
These take a variety of forms, with some models including element from more than one of these classes. We
have split these into five classes summarise below, but more detailed information on each is provided in
Appendix 3. This section is followed by a concluded by a review of the sparse literature on assessments of the
accuracy of these models.

2.1.1. Historical trend models
Historical trend models use remote sensing data estimating past LUC and project these trends into the
future. These are the simplest LUC models, with no information on drivers, and by some definitions are
not models at all but just assumptions as to the continuation of past trends. Historical trend models are
12
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normally static and linear, assuming a deforestation rate (expressed either as an area per year or a
percentage per year) continues into the future in the absence of intervention. Simple linear models are
widely discredited and rarely used in practice as historical rates of change are unlikely to continue into the
future because the forest area and drivers change with time (Lambin et al., 2003; Verburg & Veldkamp,
2004). Historical trends are often used within a wider modelling framework, in particular to train empirical
and risk models, with some success (e.g. Mertens & Lambin (1997), which created an empirical risk model
using historical trend data), and a sensible forward projection of past deforestation trends is often used to
assess the success of projects such as Norway’s avoided deforestation pacts or with VCS projects
(discussed in Sections 2.2 and 2.3).
The possibility of using a historical trend model approach is limited by the availability of remote-sensing
derived data: this is discussed in the context of monitoring in Section 2.4, but with added difficulties that
data availability in the past may not be the same as in the present. Further problems here are caused as
the collection of ground-truth data in the past is clearly not possible, and thus accuracy assessment is
reliant on existing data only. Authors also stress that the difficulty of mapping forest degradation with
remote sensing data makes the creation of historical trend models of degradation very difficult (Lambin,
1997).
To summarise, historical trend models are only useful in defining the counterfactual for a fairly short time
period, and then only when annual change has been consistent over the recent past, good remote sensing
data is available, and the drivers of this deforestation are clear and well understood and changes in them
monitored (in order to decide if changes away from the counterfactual are due to the project or changes
in another driver). In general simple historical trend models are not thought useful for the purpose of the
Hectares Indicator, though historical deforestation data may have a role to play in various circumstances.

2.1.2 Empirical models
Empirical models involve developing simple relationships between observed drivers of LUC and actual
observed LUC processes, and are effectively thus an evolution of historical trend models. Indeed, historical
trend models can be seen as a special case of empirical model, where time is in the only driver variable.
Empirical LUC models are normally spatially explicit, developing relationships between observed drivers
and observed LUC; but often driver datasets are not spatially explicit or available at a sufficient resolution
(e.g. social and policy data), and thus proxies are often used, for example distance from roads is used as a
proxy for population density; though in some cases true socio-cultural data has been integrated with
biophysical data in empirical models (Swetnam et al., 2011; Chi et al., 2013).
A classic example of an empirical model is that of Mertens & Lambin (1997), which made a map of the risk
of future deforestation based on simple empirical relationships between landscape attributes and past
deforestation observed from remote sensing over Cameroon. This simple approach is often criticised
because of the necessary extrapolation beyond the range of the input datasets, and the inability to use
such relationships for scenario analyses (Verburg et al., 2004). More sophisticated empirical models have
been developed that use complex ‘black box’ analysis methods rather than linear models, such as neural
networks (Mas, 2004), cellular automata methods (Soares-Filho et al., 2006) or Baysian frameworks
(Agarwal et al., 2005), though they suffer from many of the same criticisms as simpler approaches in terms
of predicting beyond the range of variables in the input data.
There are empirical models that go to another level of complexity still, full simulation or dynamic models,
which model LUC over multiple spatial and temporal scales, incorporating feedbacks between social and
biophysical drivers (Veldkamp & Fresco, 1996; Pontius et al., 2001). This overcomes one problem with the
above in that projections and scenario analyses can take account of changing interactions between
13
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variables, though training data will still be of limited use once circumstances change, and elements of
economic/econometric models may need to be brought in to increase the power of predictions. One
example of such a model is GEOMOD, which has been widely used to model and predicts patterns of
forest cover change in the tropics (Pontius et al., 2001; Brown et al., 2007). However, though GEOMOD
achieves high accuracies compared to training data, in one example where tested against real data in
Panama over 8 years it performed no better than a null model (Sloan & Pelletier, 2012).
Empirical models are a considerable step above historical trend models, and have the ability to make
quantitative predictions about future deforestation rates under different scenarios. However, they rely on
past data, normally relationships between observable drivers and nearby deforestation over the past 5-10
years, and relationships between variables and their interactions are very likely to change in the future.
This reduces their utility in practice, with this problem not solved by increasing model complexity.

2.1.3 Economic/econometric models
Economic models assume that in the future land will be allocated to the use with the highest land rent
(surplus or profit) for the land owner or occupant. This assumes that given time, any forested land which
has higher value as non-forest will be deforested. Economic models are numerous and diverse in their
approach, but all start from this theory and use empirical evidence to tune and test their models, rather
than drive them (Kaimowitz & Angelsen, 1998). Basic models apply the land rent theories of von Thunen
and Ricardo, which gives increased value to land nearer markets and thus predicts these will be
deforested first, which relates well to reality in several studies (Chomitz & Gray, 1996; Hofstad, 1997;
Serneels & Lambin, 2001).
However, such economic models are normally viewed as too simplistic and unable to include enough
variables to explain true deforestation patterns, as the theoretical basis for interactions between all these
variables does not exist (Irwin & Geoghegan, 2001). Thus more recent models combine economic theory
of decision making with spatially explicit data similar to an empirical framework, with some successes
(Chomitz & Gray, 1996; Irwin & Geoghegan, 2001; Bacon et al., 2002; Namaalwa et al., 2007). As these
models become more complex however they become harder to interpret, and results of scenario analyses
are harder to trust: such models remain largely untested against real data.

2.1.4 Agent-based models
Agent-based models are a natural evolution of the increasing complexity of economic and empirical
models, where the modelling unit is an individual human rather than the overall landscape. Basing
decision making on individual agents (e.g. farmers, miners) has a huge computational cost and makes the
models exceedingly complex, involving linkages at multiple scales between individuals, economic activity
and environmental processes (Parker et al., 2003; Matthews et al., 2007). The strength of agent-based
models – their extreme realism – is also a weakness: they have proved exceedingly difficult to
parameterise (Parker et al., 2003). Therefore they have not as yet been used for any operational project,
but are currently a research tool only (Wassenaar et al., 2007), useful for assessing the accuracy of other
approaches and explaining relationships and interactions between disparate variables in simpler models.

2.1.5 Risk models
Unlike the models described above, risk-based models do not attempt to predict the absolute quantity or
location of LUC, but instead make spatial maps of the risk of LUC. Estimating risk itself does not result
itself in quantitative predictions of when or how much LUC will occur under different scenarios, but
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separate assumptions can be made about the likely LUC that will result for an area remaining at a specific
risk level for a certain length of time .
Risk-based model approaches can be both empirical (Lambin & Ehrlich, 1997; Thiam, 2003; Mas, 2004)
and economic (Chomitz & Gray, 1996). In general they use broader scale, lower-resolution input data than
true LUC prediction models, as their aim is to identify hot-spots of future LUC and how this will change as
these broad drivers change, and therefore do not need the high-resolution, high-fidelity layers necessary
to predict the precise location and time of future deforestation events (Lambin & Ehrlich, 1997). This
approach tends to lead to higher overall accuracies of the models: their use of high accuracy lowerresolution drivers and broader predictions makes the modelling task far simpler (Pontius et al., 2007). This
is easy to understand intuitively: if a road is to be built between two economic hubs through a patch of
intact but unprotected forest, all modelling approaches could predict an increase in deforestation around
this road as migrants move in and set up farms orlog trees for timber or charcoal. However predicting the
location of the new clearings is very difficult, and indeed may be impossible to do in advance as it depends
on many variables and quasi-random human decisions. But predicting that the risk of LUC to the forest
within easy access of this new road will dramatically increase is easy, and thus it is easy to see why a riskbased approach would make the most accurate predictions here.
The risk-based approach to LUC modelling has clear advantages over other approaches with regard to the
Hectares Indicator, with its particular strengths being its simplicity (and thus easy interpretation), lack of
requirement for difficult to obtain high resolution driver datasets, high accuracy at the broad scale at
which projects tend to operate, and ease of linking changes in drivers to changes in expected
deforestation rates.

4.1.6 Accuracy of land use change models
Disappointingly few studies have collected information on the accuracy of models created in the past. Such
data is of critical importance in assessing whether the approach taken in traditional LUC modelling is fit for
purpose. Unfortunately the development of new models of increasing complexity appears to have been more
of a focus for researchers than the validation of existing models.
Some models have however been assessed. In general reviews have fond that the accuracy of models
pertaining to make spatial predictions of LUC have accuracies in the range of 69-86 % (Pontius et al., 2001;
Mas, 2004) when tested in ideal conditions against data used in training. However, when comparing a suite of
models against independent data Pontius et al. (2007) found that 12 of 13 models tested had more erroneous
pixels than correctly predicted pixels, though these errors did reduce somewhat when the resolution was
coarsened.
In a more detailed assessment, Sloan and Pelletier (2012) used a well-documented forest cover change model
(GEOMOD) to project forest cover change over eight years in Panama at 100 m resolution. They assessed the
accuracy of the model by comparing to a map of actual forest cover change over the same period and found a
projection accuracy of 85 %. However, despite this apparent high accuracy, their model predictions were 4%
less accurate than a null model, which assumed no forest cover change had occurred over the same period.
They suggest that despite including a wide range of detailed drivers, their model did not have sufficient power
to accurately predict the actual locations of deforestation and regrowth in this heterogeneous landscape. They
also point out that this assessment was only for 8 years: accuracy was likely to decrease rapidly as the model
was projected further into the future.
It is clear that as the complexity of models and the number of input drivers increase, prediction results differ
(Brown et al., 2007). However there has been no real test as to whether increasing driver number and model
complexity increases model accuracy. What is certain is that more complex, ‘black box’ models are harder to
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interpret, with the link between changing drivers and changing predictions increasingly opaque. One example
is the highly complex model of future LUC in Amazonia published by Soares-Filho et al. (2006) in Nature. This
includes economic and climate drivers and runs at a high spatial resolution, making a wide variety of
predictions under different scenarios to 2050. However it is hard to use in practice because its assumptions are
many and complex and not necessarily well understood, and changes in climate and the legal framework since
2006 have not matched any of its assumptions: the real pattern of deforestation has not closely followed any
of its scenarios since 2006, even at an aggregated scale.
This has led many authors to suggest that simpler models, either true risk-based approaches or spatial
prediction models aggregated to a coarser resolution (which has a similar effect), may offer the best match
between prediction and what will actually occur under different scenarios (Pontius et al., 2007; Sloan &
Pelletier, 2012).

4.2. Voluntary carbon standards
Carbon credits are issued for afforestation, reforestation, and avoided deforestation or degradation under a
variety of voluntary-sector carbon standards. The methodologies used for quantifying the success of the
projects are broadly comparable to those discussed in terms of the Hectares Indicator, though the unit of
success is tonnes of CO2 equivalent sequestered (or avoided being emitted). The basic methodologies and
carbon accounting structure of these standards are based on the Clean Development Mechanism (CDM)
framework, itself defined in the Kyoto Protocol. However, the CDM is quite limited in its applicability to forest
carbon stocks, only allowing a certain narrow set of activities, so the voluntary standards have significantly
extended the scope and range of methodologies.
The standard with the most relevance here is the Verified Carbon Standard (VCS), which is far and away the
largest forest carbon certification standard. Program developers create methodologies which are approved
against the standard, and once approved can be widely used by projects: it is these methodologies that act as
interesting case studies to be compared to the Hectares Indicator. All approved VCS methodologies are listed
at http://www.v-c-s.org/methodologies/find, including the methodologies described below.
Of particular relevance to the Hectares Indicator are the REDD+ projects, all of which define a baseline, the
amount of carbon that would be lost from an area in the absence of the project, and compare it to what
actually occurs. Here we describe the three different ‘avoided unplanned deforestation’ VCS Methodologies,
as these are the methodologies that have the most relevance to the Hectares Indicator programme.
VM0006 - Methodology for Carbon Accounting for Mosaic and Landscape-scale REDD Projects
This methodology was created by Terra Global Capital, a major investor and project developer in the
Voluntary REDD+ marketplace. The current version (2.1) was approved in January 2014, but it is one
of the oldest approved REDD+ methodologies, first approved in 2010.
The methodology predicts future deforestation rates by the use of a historical baseline, and attributes
this deforestation spatially by creating a simple model that relates drivers to deforestation rate. So
first historical remote sensing data for the past ten years is classified into different landcover types
(with user’s accuracy for each class in each classification of a remote sensing image being greater than
90 %, or if lower discounts applied to carbon credits predicted) and changes between these land
cover classes quantified. Beta-regression is then performed to the time series, making a linear
prediction of the area of deforestation in the subsequent 10 years after the project has started. This
historical baseline will be updated during the project, at least every 10 years.
In order to spatially attribute this deforestation a simple driver-based model is created. Drivers are
defined as ‘immediate human actions directly impacting forest cover’, for example infrastructure
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expansion. These are seen as separate from underlying causes of deforestation, such as demographic
factors and social processes, which a project is unlikely to be able to control or map. Projects proceed
to identify a matrix of drivers, causes and agents (the groups of people performing deforestation and
degradation), and how they link together. From this matrix they create a conceptual model relating
drivers to deforestation, in the context of the agents and underlying causes.
A simple statistical model is created relating observed deforestation points between two remote
sensing images and the identified spatial drivers. The methodology recommends that at least 10 000
points are used. 2/3 of points are used for training, 1/3 for validation. The methodology recommends
that the model created uses a logistic framework and uses variables such as ‘distance to road’ and
‘distance to forest edge’. All variables in the model, and the model itself, must be significant at the 95
% confidence level, and the model mast make predictions of deforestation rates over the calibration
period no more than 15 % different from reality.
This statistical model is used to locate the deforestation predicted in the future, assuming the highest
risk pixels will be deforested first. It is accepted that the timeframe during which this model will work
will be short, as drivers and pressures will change: but this may not matter for a REDD+ project which
will anyway need to redo much of its modelling and mapping on a 5-year verification cycle, when
carbon credits are issued.
Much of the above approach could be easily adapted to the purposes of the Hectares Indicator,
especially appropriate for sub-national forest protection projects where preventing this forest loss is
the major aim of the project. The degree of work involved is beyond what would be required for
projects with a wider geographic remit or aims beyond forest protection.

VMD0007 & VM0009
These methodologies are conceptually similar to VM0006, and follow much of the same pathway to
the above. However, they differ critically in the way in which historical deforestation rates are used to
make predictions of future deforestation (as well as in other smaller details).
VMD0007 is a set of ‘REDD+ Methodology Modules’ that are followed by many projects because they
allow extreme flexibility in developing a project. VMD0007 allows far more flexibility in the use of
equations relating past deforestation rates and future deforestation rates: rather than just betaregression, historical average, linear regression, or non-linear regression approaches can be taken.
The reasoning behind the shape of line must be justified in terms of a conceptual model, but must
also match the existing data points. This allows projects to predict rapidly increasing deforestation
rates after the project start date, something that is hard to do with VM0006 which is much more tied
to existing rates: but the increase must be justified both conceptually and with some real evidence.
Once the deforestation rate has been predicted, it is mapped in space using a similar modelling
method to that explained for VM0006, though again with greater flexibility in how the model is
developed and parameterised.
VM0009 was developed by Wildlife Works and has also been widely adopted, from projects in
savanna woodlands of Kenya to tropical forests of South America and central Africa. It identifies a
variety of potential baseline scenarios, from mosaic deforestation (small patches of deforestation
across the project area) to frontier deforestation (a wave of deforestation encroaching on an area
from one side), to various combinations of the two. The primary difference between VM0009 and the
other methodologies described is that in the first step a logistic model of deforestation through time
is parameterised from a set of model shapes and variables defined in detail in the methodology.
These models typically start with most of the area forested, with little change, then rapidly change to
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a non-forest state at some point in the future. Once the logistic model has been populated a stack of
many remote sensing scenes is used, covering as much of the region as possible at many different
points in time over the past 10 years, at a resolution of 30 m or better. A random or systematic set of
sample points within the overlapping area of these images are then assessed as to whether they are
forest or non-forest at every time point. The logistic model is then matched to these points and
makes predictions into the future. This future deforestation is then again spatially attributed to
different landcover types using a statistical modelling approach.

The developers of VM0009 state that this methodology has the advantages of initial accuracy and
accountability inherent in a historical model, combined with a sensible modelling framework that will describe
how this deforestation would progress is left unchecked. VMD0007 allows the flexibility to produce predictions
with a rapid increase in deforestation rate after the project has started, but in general is more conservative
about future deforestation rates. VM0006 is more conservative still, just extrapolating past trends into the
future. The methods described above could be adapted to allow assessments of the Hectares Indicator for
some projects, especially those that are acting to protect areas of forest or have the reduction of deforestation
as their primary aim. But it may be that national level assessments of risk have a lower cost to produce and are
easier to interpret: interestingly the recent emergence of the Natural Forest Standard, which takes a riskbased approach to estimate baseline emissions and will issue voluntary sector carbon standards similar to the
VCS, shows that the market may also go in this direction.

4.3 Government program methods: Norway's experience
The most advanced government programme making payments based on the results of avoided forest loss is
Norway's International Climate and Forests Initiative (NICFI). Through NICFI, Norway has established bilateral
agreements with a number of countries. Of these agreements the Brazilian and Guyanese agreements involve
financial transfers directly related to performance relative to agreed reference levels.
in line with the UNFCCC decision on REDD+ reference levels, reference levels established in these agreements
were not based on detailed counterfactual analysis of future forest loss rather they were agreed through a
process of negotiation of what both parties were willing to sign up to in relation to recent historical trends in
forest loss and Norwegian willingness to pay to create an international signal regarding the value of reducing
emissions from deforestation and degradation.
In the case of Brazil, the reference scenario for Amazonia reflects a reduction in the rate of deforestation
compared with the previous five years. In the case of Guyana, which has historically very little change in forest
cover due to the inaccessibility and limited potential for timber extraction or agricultural development, the
agreed baseline allows a limited amount of additional forest loss in recognition that countries with low historic
deforestation will need to deforest a certain amount in order to develop.
There have been some external criticisms of the simplistic way in which these results based reference
scenarios were agreed and NICFI have signalled that future agreements are likely to take into account more
sophisticated understanding of the drivers of land use change. However, it is likely that that results based
agreements will always have a substantial negotiated component as countries seek a compromise between
willingness to pay and willingness to reduce. This is intrinsic to the UNFCCC reference levels text: “taking into
account national circumstances”.
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4.4 Monitoring deforestation
Accurate figures on the current area of forest and actual rates of deforestation and degradation are essential
for calculating the difference between the reference level and actualscenarios. National statistics are produced
by all countries and submitted to the FAO, which collates these into reports issued every five years. However
the coarse temporal resolution, lack of spatial subsetting within countries, and often low accuracy (Grainger,
2008), of these FAO reports makes them unsuitable for use by programs in most cases (though accuracy has
been shown to increase with in-country capacity, (Romijn et al., 2012)). Instead satellite data, which has the
potential to give annual high resolution spatial maps of deforestation, is most used.
A wide variety of methods are used to map changes in forest extent through time from satellite and airborne
remote sensing data. In the past such methods were applied in an ad hoc fashion, with individual countries,
projects and programs commissioning analyses based on their requirements, data availability and budget. This
process of collating has led to inconsistent results between areas and projects, with different thresholds for
detecting deforestation/degradation, different forest definitions, and different accuracies between areas.
While national or sub-national level deforestation/degradation maps, either produced for a specific project or
program or made available to it, could be suitable, they are not always available and differ as stated above. An
alternative now exists, with the advent of global freely-available deforestation datasets, which could be used
as a starting point for assessing the current and past rates of deforestation by all projects. We look one in
detail here as it is global, has a high resolution, has been most recently released, and is available free of
charge, but others are available (a number are included in the Global Forest Watch website,
http://www.globalforestwatch.org/). We suggest datasets such as these could be used by default in calculating
the Hectares Indicator to reduce the burden on individual Project Officers and increase the consistency of the
metric, with the deforestation calculations performed automatically through a web-tool or similar.

Hansen et al. (2013) global map of deforestation
The Landsat satellite series has long been the tool of choice for mapping deforestation, used by most
existing VCS forest protection projects and many country programs, most notably Brazil with their
PRODES program. Researchers at the University of Maryland, Google and others combined to
reanalyse the Landsat archive using Google’s advanced data processing facilities to produce the first
global map of deforestation, at a resolution of 30 m (Hansen et al., 2013). This starts in 2000 and gives
annual change until 2012, though it is promised that the data will be updated annually. The raw data
can be visualised at this site:
http://earthenginepartners.appspot.com/science-2013-global-forest
and the raw data downloaded here
http://earthenginepartners.appspot.com/science-2013-global-forest/download.html
The product was independently verified by local experts and found to have a high accuracy, with
global user’s accuracy in the range of 80 %.
Uniquely for global dataset, the product includes a map of canopy cover percentage for the first year
it covers, 2000. Hopefully this will be updated in the future, but for now it allows a country-level
exclusion of detected deforestation that occurred in forest areas that did not meet their forest
definition of canopy cover (these vary from 10-30 %). This means that the product is applicable across
a range of country circumstances and flexible enough to cope with a change in forest definition during
a project lifecycle.
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While products such as that described above have revolutionised the ability for the monitoring of LUC with
negligible cost to the user, there are two big limitations.
Firstly these data do not map forest degradation, and as such the mapping of degradation remains at the very
limit of what can be detected with remote sensing (GOFC-GOLD, 2013). Mapping areas of degradation will for
the moment have to remain a project-specific activity, relying on a combination of ground surveys, high
resolution optical imagery from satellites or aircraft (<5 m resolution), LiDAR data from aircraft, or satellite
RADAR data. It is hoped that operational products will be produced for the detection of forest degradation,
particularly as an output of the EU’s Sentinel 1 (radar) and Sentinel 2 (10 m optical) satellite programs, but
these will not emerge for at least 2-3 years.
Secondly, cloud cover remains a severe problem in some areas, particularly the humid tropics. Though
compositing techniques mean that this is not immediately obvious in the Hansen et al. dataset, accuracies and
detection rates are known to be lower in cloudy areas: indeed within that paper accuracy rates were
considerably lower in countries with high cloud cover, and it is likely that true errors of omission (where
change occurs but is not seen) were higher than reported, as cloud cover limits the opportunity to detect these
in such areas. The increased observation rates of Sentinel 2 will assist with this, increasing opportunities to
obtain cloud-free images, but radar satellites, which see through clouds, could also have a role to play (GOFCGOLD, 2013).
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SECTION 3. IMPROVED HECTARES INDICATOR METHODOLOGY: A
RISK-BASED APPROACH, INVOLVING STAKEHOLDERS
This section describes an alternative method to delivering the Hectares Indicator, which seeks to address the
issues identified in the review. Before describing proposed modifications to the methodology, on step by step
basis, it is important to consider the overall approach taken to measurement and reporting against indicators.
The current way in which indicator enumeration has been communicated has come across as top-down,
theoretical and disconnected from the reality of most projects. The current process provides no guidance on
how measurement of impacts should be integrated with project design documents, recipient country
institutions, national data sets and information, and does not appear to support internal project monitoring
processes.
To get country level “buy in” to indicator reporting it is essential for in-country staff to feel that there is a value
in reporting against high level indicators, and that the process supports and builds upon the local efforts to
identify the drivers of forest loss and measure the effectiveness of interventions.
The indicator should be discussed with stakeholders, particularly recipient country counterparts, since it will be
problematic if these stakeholders are not aware of the indicators by which ICF funding streams are being
measured against. This should go beyond explaining why these are important to the ICF programme, but stress
how having comparable values calculated for the Hectares Indicator and other KPI’s across programmes is
valuable at all levels.
Wherever possible, measurement and monitoring of results should be integrated within national forest (or
broader land use) monitoring systems since it makes sense if all partners within a country (including recipient
countries, civil society organisations and donors) are using the same datasets, using similar definitions, and
working towards similar objectives. This kind of integration should support the UK’s emphasis on improved
governance through greater transparency. This will not only reduce the effort involved in calculating the
Hectares Indicator, but should also make it scientifically justifiable to sum and compare hectare values derived
this indicator from different projects and geographic areas. The challenge of different definitions of forest and
forest change is addressed further in Section 1b.
We recommend the use of data sharing tools that allow stakeholders to have access to the data produced /
used by projects so that they can input to the process, challenge assumptions, collaborate more effectively
and reduce time spent collecting and collating basic input datasets.
Where consultants are used to produce or analyse data, steps should be taken to ensure the central collection
of data products, assumptions and processes. It is also important for country officers to have a strong stake in
the process. It should not be a dissociated exercise since many of the findings will be of direct relevance to
improved management of forests.
The following sections set out a 5 step method that should deliver a more practical and useful process for
country managers and local stakeholders, while producing a more reliable hectares indicator output that
meets the reporting needs of the ICF.
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Step 1. Explain the linkage between the project activities and reduced forest loss and
14

degradation

The major concern raised by country officers in relation to the hectares indicator, as currently presented, is the
perceived lack of connection between planned project activities and the indicator. Most projects are not
designed to plant trees or protect specific areas of forest from deforestation and degradation, and most work
on a range of governance and capacity building issues.
It is therefore important for projects to clarify in what ways they contribute to the sustained management and
conservation of forests, and how this improved governance or management will result in reduced
deforestation / degradation. This should be done through the elaboration of their Theory of Change.
Projects that have reduced loss or degradation of forests specified as an objective or an output in their logical
framework or theory of change should revisit these documents to check whether the linkages and
conditionalities are adequately explained.
At this stage it is also important to be pragmatic about whether a project is likely to have any measurable
impact on deforestation or degradation during its lifespan, or indeed beyond. Some high level research or
knowledge building projects may be several steps removed from having a discernable impact on forest
management. Where this is the case this should be acknowledged. The hectares indicator should not be
applied and the value of these activities should be viewed and explained through alternative means.
The proposed first step is therefore to clarify the linkages, conditionalities and time-frame in the theory of
change of the project, in relation to increases in forest area, forest loss or forest degradation.
Linkages, conditionalities and time-frame
Linkages and conditionalities are steps of causality and external events that stand between the outputs of the
project and the objective of reducing deforestation. They represent risks that the objectives may not be
realised even if the outputs are delivered.
For example, if a project output is “20 technicians trained in participatory sustainable forest management
practices”, there are a number of linkages / steps in between the completion of training and the outcome of
improved forest management.
●
●
●
●
●
●

Technicians are deployed within the forest service in areas of need;
Technicians are supported and equipped to enable them to work effectively;
Technicians are accepted by the local communities;
Forest institutions support the improvement work;
Economic and political conditions allow progress;
Technicians succeed in efforts and are retained.

Programme managers should have an understanding of the risks and the timescales associated in completion
of these linkages, and the conditions that will need to be met for final success. Clarifying these conditions is a
valuable exercise in understanding potential gaps in the support programme. It may be possible for these gaps
to be addressed by other donors or by the recipient country. It is important that they are not overlooked.

14

We have focused on forest loss but note that this could also apply to areas reforested / afforested.
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It should also be noted that the impact of a project aimed at reducing forest loss may be observed some time
after the lifetime of the project inputs.
Step 1b. Clarify the definitions of deforestation and degradation, reforestation and afforestation in the local
context.
It will be helpful at this stage to clarify what is meant in the national context by deforestation and degradation,
and it is recommended that the programme agrees an internal definition, taking into account the usage of
these terms used by key stakeholders within the country.
The FAO definition of deforestation is the permanent conversion of forest to non-forest land use. It is
important to understand how / whether this definition is applied at the national level in the context of:
●
●
●
●

Open canopy woodlands being used for grazing and / or firewood;
Subsistence agriculture, where secondary forests are periodically cleared for crops;
Underplanting of plantation crops within forests, and agroforestry and orchards more generally
where trees may provide fruit or other marketable products, for example rubber, cinnamon or cacao;
Selective logging that results in patchworks of secondary and primary forest, in particular where
patches may be smaller than the minimum size for ‘forest’ within a national definition.

The term degradation is more complicated. It is usually used to describe a loss of forest quality, such as
biomass or certain key species or ecological values, but where the vegetation remains classified as forest.
The programme officer should consider whether the project aims to preserve specific types of forest values or
ecosystem services, in which case degradation could be defined in terms of these values. However, care should
be taken to avoid “project centric thinking” (my project was designed to do X therefore that is how I will define
success). It could be that forest degradation should be defined at a national level in order to avoid this issue
and increase compatibility between estimates from different activities within a country, and that this
definition should be enforced even if it reduces the estimates of hectares of degradation avoided that could be
reported by a certain subset of projects.

Step 2. Map the Land Relevant to the Project

15

The second step is to specify, by mapping the physical extent, the areas of forest and other land that will be
influenced by the project activities.
Programme managers should consider the following questions:
●
●
●

Does the intervention apply to all or some forests in the country/sub-national region?
Is activity focused on certain types of forest (e.g. cerrado woodland, communally owned, specific
region, specific management type)?
Does the activity influence non-forest land (e.g. subsistence agriculture).

Ideally these areas will have been identified in the project design phase, however if this is not the case the
programme manager should work with stakeholders to identify the source maps or spatial datasets that
15

We have not explicitly addressed leakage in this methodology. Ideally the area monitored should include areas that
might be affected by displacement of activities.
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identify the relevant areas.
Programme managers should not be surprised to find either a lack of information about forest areas, or
conflicting and disparate data sets. However the assembly and consolidation of this data is a valuable exercise
in clarifying the objectives of the project. This activity can also be useful for national stakeholders, who often
lack access to this data.
In addition to nationally available datasets, the programme manager should assemble relevant remotely
sensed data products that map forest extent, carbon / biomass, and land use change. There are an increasing
number of regional and global vegetation datasets that can be utilised, for example:
Landcover: ESA Globcover 2009: http://due.esrin.esa.int/globcover/ - 300 m resolution landcover
map of the world;
Percentage tree cover: MODIS Vegetation Continuous Fields: http://glcf.umd.edu/data/vcf/ percentage of woody vegetation, herbaceous vegetation and bare ground globally at 250 m
resolution, useful for mapping forest area and forest density;
Aboveground biomass: Saatchi et al. (2011) and Baccini et al. (2012) have produced pantropical maps
of aboveground biomass, which can again be used to define forest area and different forest types
based on a biomass threshold. These and other biomass maps covering a smaller area can be
compared and queried on http://carbonmaps.ourecosystem.com/interface/ ;
Deforestation:
-

Global Forest Change http://earthenginepartners.appspot.com/science-2013-global-forest Downloadable map of deforestation from 2000-2012 produced by Google and the University of
Maryland, and published in Science (Hansen et al. 2013);

-

Global Forest Watch http://www.globalforestwatch.org/ - This collates a number of forest change
products, including the Hansen et al. data described above, but does not allow their download at
this time, only visualisation and simple querying;

Protected areas: The World Database on Protected Areas - http://www.wdpa.org/ - combined
database from IUCN and UNEP giving shapefiles of hundreds of thousands of protected areas across
the globe.
In clarifying the areas that the project aims to influence it will be useful to overlay these datasets, since
“official” forest maps may cover areas that are no longer forested.
It is recommended that the mapping process should be undertaken in collaboration with relevant stakeholders
so that it is not an external ICF view of the status quo. Where there is disagreement between national maps
and satellite data or local stakeholder information in terms of areas classified as forest, this should not be
ignored but treated as a useful exercise in understanding how official land classification may differ from
satellite derived data.
It is acknowledged that results obtained from external mapping (or even internal, non-official mapping) may
cause concern or ruffle feathers within national institutions. However, it is important to understand where
there are different views about what represents forest loss", "degradation", "forest gain", particularly if ICF
programmes are working with organisations that have different definitions.
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Table 1: Potential Sources of Data for Mapping Relevant Areas
Data sources

Comments

National maps

It is important to understand how land is designated officially so that monitoring is not
being carried out at cross purposes. National forest maps are often out of date in physical
terms, and may map to a different forest definition than that used by the project (or even
officially accepted nationally). These maps often have artefacts related to legal boundaries,
for example assuming a whole forest reserve is forest when in reality the forest has been
eroded around the margins, as their starting point is often not remote sensing data but
older maps.

Stakeholder data

Stakeholders, NGO’s and universities may have “better” more up to date data but
may be reluctant or not have mechanisms to share.

Remotely
products

sensed

data

Remotely sensed data products are increasingly sophisticated and freely available
but may not be officially recognised, and may have significant processing and
analysis costs.

The output of this step should be a digital map (or maps) of the areas of forest cover and other land relevant
to the project that is agreed by consensus with stakeholders. Ideally the map will contain detail / overlays
showing specific types of forest and land use, population distribution, settlements, roads, and other relevant
information.
Figure 1: High biodiversity cerrado woodland surrounded by farmland in Goias, Brazil, viewed on Ecometrica’s
Our Ecosystem Spatial Platform.
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Step 3. Map the Risks to Forests
16

Risk mapping is an exercise to determine where forest and forest values are most likely to be lost without
intervention. Risk mapping is a useful part of project design, monitoring and evaluation because it provides
information about where the problems are in relation to ICF supported project activities (how much of the
area is at risk, and where are the most critical areas? what are the main threats to forests? are our
interventions reaching the areas at risk?).
Risk mapping can also contribute to understanding of the drivers of forest loss, which is an important
component of the UNFCCC REDD+ programme, so data from this process can feed into and/or draw from
national assessment of drivers, and feeds directly into targeting approaches to address, mitigate or redirect
these drivers.
Risk mapping can be done as an iterative process to produce a progressively better understanding of the risks
to forests and the forest values that the project seeks to protect, and to reflect changes in risk that may result
from developments such as new roads, changes to protection status and demographic changes.
Risk mapping involves the following steps:
●
●
●

Defining a risk categorisation approach
Obtaining and organising the data sets to allow mapping
Producing a risk map

The categorisation of risk can be done in a number of ways. However, the “ACEU” framework based on
findings from many studies showing that areas that are Accessible, Cultivable, have Extractable value and are
17
Unprotected are at highest risk (Grace et al, 2010) . Areas that are less accessible, less attractive for
18
cultivation / extraction, or are well protected, are at lower risk (Soares-Filho et al. , 2006) .

16

The term Forest Values is used to connote the quality of forest that is needed to sustain the ecosystem services that the
project aims to maintain, for example: types and diameters of trees to maintain income from timber and poles, or biomass
for energy, or canopy cover for soil protection.
17

Grace, J., Ryan, C. M., Williams, M., Powell, P., Goodman, L., Tipper, R. (2010). A pilot project to store carbon as biomass
in African woodlands. Carbon Management, 1 (2), pp. 227-235.
18

Soares-Filho B. S.A., Nepstad, D., Curran, L., Voll, E., Cerqueira,G., Garcia, R. A., Ramos, C. A., Mcdonald, A., Lefebvre, P.,
Schlesinger, P. (2006). Modelling conservation in the Amazon basin. Nature, London, v440, pp. 520-523.
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Table 2: Potential Data Sources for ACEU Risk Categories
ACEU Factors

Data types

Accessibility

Proximity to roads, rivers, population centres, existing agriculture,
recently deforested areas

Cultivable value

Soil, slope, climate

Extractable value

Timber, biomass (for energy), mineral deposits

Unprotected

Official designations of protected areas & information on their
effectiveness

Ecometrica devised a risk categorisation method based on the ACEU framework that has been adopted in The
19
Natural Forest Standard (http://www.naturalforeststandard.com) and applied to a REDD project in
Amazonia. The ACEU framework was also used to map risks to a DFID / ESPA funded programme to conserve
20
ecosystem services from mangroves in East Africa , and by Emily Woollen to assess risks to miombo
21 22
woodlands from charcoal production in Mozambique , . LTS has applied a threat mapping approach to the
identification and ranking of areas at risk of deforestation and land degradation in Malawi (Figure 2) and in
locating areas of Malawi where future deforestation risk is most likely.

19

http://www.naturalforeststandard.com/wp-content/uploads/2014/02/NFS-AM001.1b-Risk-Based-Methodology-forNCC-Quantification-11022014_FINAL.pdf
20
21
22

http://www.espa.ac.uk/projects/ne-i003401-1
http://ecometrica.com/assets//Summary-of-the-ACEU-model.pdf
http://ecometrica.com/assets//Summary-of-the-ACEU-model.pdf
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Figure 3: Land degradation risk map for Middle Shire in Malawi (using weighted cost surface analysis
combining spatial data on: soil type, slope, forest cover, crop suitability, infrastructure, distance to markets,
23

population density). Source LTS/MCA-Malawi 2013 .

23

Sub-catchment Prioritisation Report. Extended Baseline for Environment Natural Resources Management Interventions
in the Middle Shire, Malawi (ENRMI), December 2013. LTS International for MCA-Malawi.
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We recommend using no more than 5 classes, since the greater the number of classes, the greater the chance
of mis-classification and the harder the output maps are to use. Ecometrica, 2013, proposed the following risk
classes for use by the Natural Forest Standard:

Category / risk band

Expected loss of forest within 20 years

Very High

>80%

High

60% to 80%

Medium

40% to 60%

Low

20% to 40%

Very Low

<20%

While the initial allocation of areas into risk bands is somewhat subjective, the process can be improved over
time once a system for monitoring forest loss is in place. The system can work on similar principles to
insurance risk analysis, with a set of risk related criteria providing the basis on which risk premium is allocated.
Risk mapping should involve input from stakeholders and should result in a shared vision of where forest cover
and its values are at risk and what are the key drivers / threats to forest cover. In some projects it may be
appropriate to create a number of risk maps under different scenarios through times, for example with and
without the paving of a road, or with and without an effective national forestry concession governance system.
The output of this exercise is a digital risk map that can be shared and used to determine priorities for
interventions, and a prediction of how this risk would change as drivers change. Figure 3a shows the output of
Woollen’s risk assessment of woodlands in an area of Mozambique. Figure 3b shows the actual losses and
gains of biomass in the same area from 2007 to 2010.
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Figure 3a: Illustration of an ACEU risk map for an area in Sofala Province Mozambique, viewed on OE Spatial
Data Platform

Figure 3b: Gains and losses of biomass in the risk area
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Step 4. Monitor Forest Cover Loss
We recommend a tiered approach to monitoring of forest cover loss. Ideally monitoring will be provided by
national agencies, as in the case of the PRODES system in Brazil - which provides a high quality annual
assessment of forest loss in the Brazilian Amazon, with methodology and data openly released and widely
checked and accepted by the international community (Figure 4).
ICF programmes should consider supporting similar national programmes in other countries, provided they
adopt technologies and skillsets that can be sustained.
When national monitoring systems are not feasible or not yet available, data may be obtained from regional or
24
global monitoring systems, such as Global Forest Watch . These systems should be qualified / validated within
25
the local context to determine their accuracy. Viergever et al (2014) provides a repeatable method using high
resolution images that can be used to validate and qualify the accuracy of deforestation detection systems,
including the percentage of false positives signals, false negative signals, and minimum detectable change.
For areas where global or regional monitoring programmes are found to be of low accuracy or inappropriate
for the project, project level monitoring is recommended. However, given the high cost, this should be
adopted as a temporary measure until broader scale, lower cost systems are in place.
Forest loss monitoring systems
in order of priority

Comments

National monitoring systems

Programmes such as PRODES in Brazil link in to national enforcement
systems to control deforestation. Country capacity needs to be considered
when designing such systems.

Regional or global monitoring
programmes

Low cost, although handling of datasets requires some capability. Accuracy
varies between countries and forest types.

Project level monitoring

Most expensive option and should be done as part of a phased approach to
either establish national programmes or improve regional monitoring to an
acceptable level.

24

http://www.globalforestwatch.org/

25

Viergever, K., Morel, V., Mitchard, E., & Tipper, R. 2014. Independent verification of Brazil’s forest change product using
high resolution RapidEye data in Amazonas State. Remote Sensing, in press
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Figure 4: Output of the Brazilian PRODES system showing deforestation in southern Amazonia since 2000,
viewed on OE spatial data platform.
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Step 5. Analysis and Interpretation to Estimate Impact
We recommend a staged approach to analysis that builds up from the underlying data, with a qualitative
description of the evidence and assumptions used in each stage.
Spatial mapping tools should be capable of automating most of the calculation steps and linking to the
underlying datasets and their descriptions.
Given the inevitable uncertainties surrounding the quantitative elements of the analysis the qualitative
elements should be given equal effort. Indeed the output of the qualitative analysis could be of even greater
value by identifying causal linkages between ICF interventions, the risk of loss and measured losses.
National partners and stakeholders should be involved in reviewing the analysis so that intervention gaps and
improvements can be identified.
Table 4: Stages of quantitative and qualitative analysis shown here for forest at V.High Risk. A similar process
would be repeated for forest in each category.
Analysis Stage

Quantitative

Qualitative

Areas at V. High Risk
(VHR)

mapped

Description of these areas and the main threats

Expected loss (EL)

0.8*VHR / 20

Description of risk categorisation evidence and assumptions
– in this case it is assumed that 80 % of the area of forest
identified as being at very high risk would be lost in 20 years.

Measured loss (ML)

measured

Description of methods and uncertainty. Maps showing
where the loss occurred and the factors involved

Avoided loss (AL)

EL - ML

N.A.

Causality discussion

N.A.

Discussion of broader factors that explain avoided loss. This
could include consideration of whether change was due to
non-planned events such as commodity price changes or
extreme climate events, other interventions such as policy
changes or infrastructure development.

ICF
discussion

N.A.

Discussion of ICF contribution to avoided loss. Was
contribution decisive, supportive, neutral?

% of AL

Justification of the % allocation based on the analysis of
contribution.

contribution

ICF contribution
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Conclusion
Successful implementation of the hectares indicator requires its relevance to be obvious to country staff and
stakeholders as well as to ICF officials.
A reworked methodology should support a clearer understanding of:
●
●
●
●

What forests and forest values are being protected by the ICF?
What are the risks to these forest resources?
Where are forests being lost and how effective is intervention?
How are ICF resources contributing to forest protection?

A risk based approach provides a more useful guide to management than complex models and land use
change analysis. This approach can also be used as a framework for involving stakeholders in the design and
evaluation of actions.
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APPENDIX 1. RESULTS OF ANALYSIS OF THE EXISTING
METHODOLOGY "STEP BY STEP"
Step 1. Definition of counterfactual scenario.
Programme managers are asked to define the area relevant to the project: The first stage is to establish the
current size and type of forested area affected by the intervention. No guidance is provided but the FAO’s
Global Forest Resources Assessment (FRA) is suggested as a source of information, with an alternative being a
topographic survey.
The guidance at this stage is inadequate since neither FRA data or a topographic survey will provide the
relevant forest area for an intervention. The establishment of relevant area is a key stage in the methodology
and should begin with a description of how the intervention relates to different forest areas in the country.
Improvement Recommendation 1: insert a step in the method that relates to defining the relevant areas for
the programme. The guidance should be practical, based on the logic of the intervention, and have relevance
to the programme manager and local stakeholders.
In the first step of the methodology there is no discussion of the timeframe of the intervention and over what
period the effects are likely to occur. As many programmes act at a policy level the impact on the ground may
take place some years after the resource inputs.
Improvement Recommendation 2: include a description of the time element of the programme, to provide
information on when the effects are likely to be felt on the ground.
The programme manager is then asked to estimate the expected changes in land use that would result in the
absence of the programme, accounting for other deforestation pressures such as population growth,
international timber prices, prices of substitutes, etc.
Little guidance is provided as to how future deforestation, degradation is to be modelled or estimated, other
than “identify the most likely activity on the land in the absence of an intervention”. This will be demanding
unless a programme is focused on very specific areas of land with clearly understood alternative uses.
Our review of good practice shows that modelling of future land use change is a highly complex task requiring
large amounts of input data, and even sophisticated attempts produce results that are difficult to validate.
Alternative approaches such as extrapolation of historic rates are of questionable value given the spatial and
temporal variability of deforestation; when they are used, as in Voluntary Carbon Standard projects, it is
normally only for a short time-frame (typically 5 years), which may be too short to capture the impacts of
many ICF projects. Extrapolation also requires good historical data, which is often limited. The suggested use
of FRA datasets is not helpful given the way that they are (a) aggregated at the national level, therefore
unlikely to correspond to the relevant area (b) are widely known to be of low accuracy in many countries, (c)
are produced after a long time lag, (d) may use different forest definitions to those relevant to the project, and
(e) do not normally include information on rates of forest degradation.
Improvement recommendation 3: provide guidance on how counterfactual forest loss estimates can be
produced in a consistent, credible way, including sources of suitable data from national or international
mapping initiatives.
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The methodology equates harvesting of wood with deforestation. This is a basic error that requires correction.
Improvement recommendation 4: correct definition errors

Step 2: Estimating the impact of the intervention
No information is provided on how this step should be done, or what data sources could be used. The title of
this step is misleading, since it should be “measure forest changes with the intervention”.
Improvement recommendation 5: provide information on how deforestation, degradation, afforestation and
reforestation could be measured / monitored during the course of the intervention and beyond. The
information should contain guidance on where data could be obtained.

Step 3: Difference between counterfactual and actual
The final step in the methodology is simple aggregation of the results. However, it is poorly described and
mathematically incorrect (missing brackets). It would be more informative to have a breakdown of the specific
effects rather summing everything up.
Improvement recommendation 6: correct and improve the calculation of impacts to provide relevant
breakdown.
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APPENDIX 2. REVIEW OF LAND USE CHANGE MODELS FOR DFID
HECTARES INDICATOR
Land use change (LUC) is a complex process affected by a variety of social and ecological processes. A range of
models of LUC have been developed over the last decades in order to test our understanding of LUC, project
alternative pathways into the future, and to better inform land managers and policy makers on land use
change issues. Several different modelling approaches have been used in the study of land use change (see
reviews by Lambin 1997, Kaimowitz and Angelsen 1998, Agarwal et al. 2000, Veldkamp and Lambin 2001,
Parker et al. 2003, Verburg et al. 2004, Matthews et al. 2007). Different modelling approaches can vary in their
land use focus (e.g. deforestation), their scales, spatial complexity, temporal complexity, their predictive
capacity, and be based on different disciplines (e.g. economic theory). No one research approach can tackle
the full range of social and ecological processes affecting land use, and methodologies must be tailored to the
specific research question of interest (Lambin 1997). In light of the complex nature of land use change
processes, and the large volume of literature available on LUC models, this review will begin by outlining the
different modelling approaches of LUC models and assess the merits and limitations of each. A few examples
of LUC models are given, highlighting models that are relevant to the Hectares Indicator, and recent model
developments are briefly outlined. Model limitations, accuracy and complexity are discussed, and finally a
summary is given.

OVERVIEW OF MODELLING APPROACHES
In the development of realistic models of land use change is the identification of the most important drivers of
change, and how to represent them in a model. Land use change is a complex process with several proximate
causes and underlying driving forces (Lambin et al. 2001, Geist and Lambin 2002). Often the selection and
quantification of the driving forces and the relations between them and land use change can be subjective
(Verburg et al. 2004). A good understanding of the change processes at the applicable scale is essential, but
data availability often imposes serious constraints on variable inclusion in models (Lambin 1997, Agarwal et al.
2000). Furthermore, LUC processes such as forest degradation and intensity are more complex, and therefore
more difficult to model, particularly in a spatial context (Lambin 1997, Lambin et al. 2000). Modellers often use
either a single process (e.g. deforestation) or a single discipline (e.g. economic models), or by integrating
several factors often have to simplify the land use system (Veldkamp and Lambin 2001). Therefore, LUC
models can only represent part of the complexity of reality. However, despite the limited representation of
reality, LUC models can provide valuable information on the land-use systems behaviour under different
conditions.

Several reviews of LUC models (Kaimowitz and Angelsen 1998, Veldkamp and Lambin 2001, Verburg et al.
2004) emphasise the importance of scale in modelling land use change. There is a scale dependency in which
the drivers and processes of LUC are likely to be important (Kaimowitz and Angelsen 1998), and scale will
define what data can be used and which questions can be asked. Larger scales will aggregate and obscure
variability at smaller scales, whereas fine scales can miss processes occurring at larger scales, such as national
policies (Lambin 1997). At local scales, direct actors of land use change can be identified and process-based
relationships determined, whereas at larger scales this becomes increasingly difficult (Veldkamp and Lambin
2001). Model quality is highly dependent on data quality, and data collected at the local scale will be
invaluable for models at these scales (Kaimowitz and Angelsen 1998), potentially increasing data collection
efforts. However, data resolution is often scale dependent and studies at large scales tend to have relatively
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coarse resolution, often increasing the data availability at large spatial scales. Models which operate at one
scale often cannot be applied to another scale, or to different locations, as the drivers are likely to change. This
limits any conclusions of the model to the geographical extent and location the model is applied, making transboundary application more difficult. This may however be appropriate as land use change processes will differ
between locations (Geist and Lambin 2002). Thereby, choosing the right scale to answer the relevant questions
and processes at a given location, given the data availability, is crucial in model development.

LUC models can be spatially explicit or not. Spatial models are reliant on spatial data, and with the increase in
remote sensing data, spatial data sets are becoming increasingly available at higher temporal and spatial
resolutions. However, spatial models often exclude important drivers such as population or socio-economic
variables, as they are difficult to incorporate in a spatial context and are difficult to link to natural data (e.g.
soil type, altitude) as the spatial units often differ (Veldkamp and Lambin 2001, Verburg et al. 2004).
Therefore, proxies for social variables are often used (e.g. distance to roads and markets), which can be
assessed spatially using geographic information systems (Chomitz and Gray 1996, Mertens and Lambin 1997).
Some limitations with spatially explicit models are that land use patterns are nearly always spatially autocorrelated (Verburg et al. 2004), making their use in statistical models, such as regression, difficult.
Furthermore, limits on the historical data availability, resolution of data, land cover change detection methods,
and sensitivity (e.g. degradation) of remote sensing data exists (Lambin 1997). As land use change is inherently
a spatial process, spatially explicit models are useful in understanding the causes and drivers of LUC. Spatially
explicit models are better suited to answering questions of where will land use change occur, and are useful
for informing land managers and policy makers.

LUC models can vary in their temporal complexity and can be dynamic or static in time and have different
temporal resolutions (e.g. years or decades). Dynamic models can incorporate feedbacks in time between
drivers and LUC, whereas static models assume LUC processes are stationary or at equilibrium. Static models
are generally easier to implement (e.g. statistical models), whereas dynamic models (e.g. process-based
models or simulations models) tend to be more complex (Veldkamp and Lambin 2001, Verburg et al. 2004).
Some of the more complex models can also incorporate time lags (Veldkamp and Fresco 1996). To generate
projections into the future, or the past, requires linking the processes of land use change to biophysical
processes and feedbacks, necessitating a dynamic systems model. Furthermore, drivers of LUC have a
temporal dimension, where drivers of LUC can occur over different time frames. Therefore, models with a finer
temporal resolution can more accurately represent rapid changes in social and ecological process of LUC
(Agarwal et al. 2000), and more easily answer questions of when.

The predictive capacity of LUC models varies, where some models can predict the direction of change, the
location of change, the time of change and/or the rate of change. The direction of change is the most
simplistic, where for example deforestation can be predicted to increase or decrease in response to drivers.
The location of change can be assessed with spatially explicit models, and spatial statistical models
demonstrate that relatively simple spatial models can provide predictions of spatial patterns of LUC (Mertens
and Lambin 1997). They can predict where, but not when LUC occurs. Location of change is easier to
determine than rate, as it requires the identification of landscape attributes which are the spatial
determinants of change (i.e. local proximate causes directly linked to land use change) (Lambin 1997,
Veldkamp and Lambin 2001). Rate or quantity of change is driven by demand from land-based commodities,
often modelled using an economic framework (Veldkamp and Lambin 2001). However, land use change is
dynamic in time, making prediction problematic as random events may have large effects (Verburg et al.
40

ICF Hectares Indicator Methodology Review: University of Edinburgh | Ecometrica | LTS International

2004). This has led to some criticism of models projecting historical trends into the future (Verburg et al.
2004), as it is unrealistic to expect drivers and rates of change to continue unchanged, hence the need for
dynamic models which can incorporate feedbacks for meaningful projections. Brown et al. (2007) compared
several model projections of deforestation rates in several tropical regions and found little similarity between
estimates. The lack of convergence of several model predictions shows how different approaches and
complexity of models will provide different results, adding doubt to the credibility of any of the predictions.
However, a predictive capacity is useful for projecting different policy or management scenarios into the
future to provide useful information to land managers and policy makers (Soares-Filho et al. 2006), at least as
a starting point for further investigation.

REVIEW OF RELEVANT LUC MODELS
In light of the vast literature on LUC models, only a few examples of LUC models which are relevant to the
Hectares Indicator will be discussed. In this review we will discuss relevant models in terms of discipline;
empirical models and economic models. We also discuss models which project LUC in terms of risk, as these
models provide a useful alternative to absolute projections of change. Finally, we give a brief overview of
recent model developments.

EMPIRICAL MODELS
Empirical models assess relationships between drivers of LUC that can be ‘seen’ or observed to LUC processes.
Spatially explicit empirical models use remotely sensed data to assess spatial relationships between observable
drivers and LUC. The use and reliance on remotely sensed data, however, often precludes social and policy
drivers from many spatially explicit empirical models, as these data sets are often not available at the same
spatial resolution as other drivers, e.g. biophysical drivers such as slope or soil fertility. Therefore, social drivers
are often represented spatially using proxies such as distance to roads or markets. However, integration of
socio-cultural data with biophysical data in empirical models can be achieved (Swetnam et al. 2011, Chi et al.
2013). With recent advances in remote sensing data, empirical models are increasingly able to include spatial
social data sets, improving the understanding of drivers of change and allowing policy scenario testing.

An example of a relatively simple spatially explicit empirical model includes Mertens and Lambin (1997), where
a set of landscape attributes were related to the frequency of occurrence of deforestation using remote
sensing data. Using the relationships found between deforestation frequency and landscape attributes, spatial
projections of areas at high risk of deforestation in the near future were created. However, Verburg et al.
(2004) criticise the use of extrapolation of trends in LUC, as they are not suited for scenario analysis, as they
are only valid within the range of the land use change they are based. More sophisticated techniques, such as
artificial neural networks (Mas 2004), or cellular automata models (Soares-Filho et al. 2006) allow non-liner
modelling of LUC, making them more suitable for extrapolation and prediction, but decreasing the
transparency and understanding of causation of LUC. Other complex modelling techniques using Bayesian
regression models allow misaligned spatial data, such as social and physical data, and missing data to be used
to understand LUC processes better (Agarwal et al. 2005), though in this case a static model was built due to
the lack of temporal data. Projecting realistic LUC processes into the future requires dynamic modelling,
allowing for feedbacks on drivers to occur.

Empirical simulation models are powerful models which allow dynamic modelling of LUC over several spatial
and temporal scales, incorporating social and biophysical data and feedbacks on drivers over time (Veldkamp
and Fresco 1996, Pontius et al. 2001). This allows better projections and scenario analyses to be made. One
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example of an empirical simulation model is the GEOMOD model. GEOMOD is considered to be relatively
simple, accessible, and flexible with data inputs, making it attractive for many data poor areas and for users
lacking expertise (Sloan and Pelletier 2012). The model uses spatial data on drivers of LUC and patterns of LUC
in several decision rules to model and predict LUC, and can incorporate dynamic changes in drivers over time.
GEOMOD has been used in several studies to model and predict patterns of forest cover change in the tropics
(Hall et al. 1995, Pontius et al. 2001, Brown et al. 2007), with model accuracies often reported to be greater
than 80 %. However, despite GEOMODs apparent high accuracy, this accuracy has proven to be no different
than if a null model (i.e. no deforestation) was assumed for predicting forest cover change (Sloan and Pelletier
2012). This limits the value of model predictions given the models relative lack of transparency. Furthermore,
extrapolation of GEOMOD models into other regions is difficult if the drivers of LUC differ between regions
(Pontius et al. 2001). This implies that models need to be calibrated for each individual case or region
separately, increasing the data requirements and effort for assessments across several different locations or
regions.

Empirical models are useful for understanding the relationships between drivers and LUC processes, and can
be useful for predicting or projecting LUC in the near future. However, for realistic projections to be made
more complex simulation models are needed, often with large data requirements and expertise. However, any
model projections beyond a few years should be viewed with caution. Furthermore, most empirical models are
not able to include human decision making in their modelling framework very well, and availability of spatial
social data is still limited.

ECONOMIC MODELS
One way to incorporate human decision making into models is to incorporate economic theory into land use
change models. The economics of land use takes as its starting point that land is allocated to the use with the
highest land rent (surplus or profit). For example, when applied to the conversion of forests to other land uses
(deforestation), the key tenet is that land users deforest because non-forest land uses are more profitable
than forest land uses (Angelsen 2007). Under this assumption, any forested land which has higher value or
land rent as non-forest will be deforested. The costs and benefits of various economic models can be variously
defined in terms of financial profits, time or effort (Kaimowitz and Angelsen 1998).

Economic models are numerous and diverse in their approach (Kaimowitz and Angelsen 1998). Most economic
models are related to the land rent theories of von Thunen and Ricardo, where a parcel of land is assumed to
be allocated the use that earns the highest rent (or profit), given its attributes and location. The classic
example of the von Thunen model is that the rent of land can be associated with the distance to market,
where land parcels further from markets have higher costs associated with transport costs. The von Thunen
model has been shown to explain the spatial patterns of LUC in several studies (Chomitz and Gray 1996,
Hofstad 1997, Serneels and Lambin 2001) , and even been applied to explain forest degradation patterns
(Ahrends et al. 2010), where distance to markets or centres of demand were found to relate to deforestation
and forest degradation rates.

However, Irwin and Geoghegan (2001) criticise some economic models for their treatment of space, where
complex landscapes are assumed to be a “featureless plane” and are reduced to a simple measure of distance
from the urban centre or market, discounting the complexity of the landscape in decision making processes.
More recent work has integrated economic theory of decision making with spatially explicit data, creating
spatially explicit economic models of LUC. A relatively simple example of a spatially explicit economic model,
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which treats landscapes as more complex systems, includes Chomitz and Gray (1996). In this study land rent
was related to distance to markets and land productivity. Distance to market was assessed as the distance to
roads, and land productivity was assessed using biophysical aspects related to productivity, using remotely
sensed data and other spatial data. More complex economic models can model dynamic decision making
processes of land owners (Bacon et al. 2002), and incorporate social data and drivers of change (Irwin and
Geoghegan 2001, Namaalwa et al. 2007).

RISK-BASED MODELS
Models which project LUC using risk of change, instead of an absolute quantity or location of change, are
referred to in this review as risk-based models. Estimating risk does not tell you when or how much LUC will
occur, but it does show you where it is likely to occur. Examples of models which use risk-based approaches for
LUC modelling are found in both empirical (Mertens and Lambin 1997, Lambin and Ehrlich 1997, Thiam 2003,
Mas 2004) and economic models (Chomitz and Gray 1996). Most of the risk-based studies are based on the
concept of land use change ‘ hot spots’, which can be defined as areas where high rates of LUC have been
observed. ‘Hot spots’ can also be defined as areas where LUC are likely to occur in the near future, which is
more difficult to assess as it requires predictive models or early warning indicators of LUC (Lambin 1997).
Mertens and Lambin (1997) used the term ‘deforestation risk zones’ to show areas that were more likely to be
deforested in the near future.

Complex simulation models can predict the location and quantity of LUC at local scales, where detailed data of
LUC processes is available. This often requires large data sets and complex modelling techniques. When using
risk-based models at the broad spatial scales, one can substitute simulation models by easily measurable
indicators of the process under study, at least for the first sorting of potential hot spots (Lambin and Ehrlich
1997). Therefore, risk based models are often used at broad spatial scales where less detailed data are
available. Furthermore, coarser resolutions tend to be more accurate in the spatial predictions of change, since
near errors of location over small distances become resolved as resolution becomes slightly coarser (Pontius et
al. 2007). By identifying, at a broad spatial scales, potential ‘hot spots’ makes it possible to focus on a few sites
where most land cover changes take place, and apply more deterministic, fine scale models to these locations
(i.e. a `funnel’ approach) (Lambin and Ehrlich 1997, Verburg and Veldkamp 2004). Identifying and predicting
hot spots is of prime importance to guide future research to those areas where the expected impacts of land
use change are most pronounced and can help to create awareness with policy makers (Verburg and
Veldkamp 2004, Wassenaar et al. 2007). The advantage of using a risk-based approach to LUC modelling is that
the accuracy does not need to be as precise as an absolute quantity or locational prediction, they can often be
more accurate at coarser resolutions, require less data, and provide valuable information on spatial patterns of
LUC.

RECENT MODEL DEVELOPMENTS
Agent-based models are a relatively recent development in LUC modelling, as mathematical and
computational capacity advances. Agent-based models can incorporate the human decision making complexity
of land use systems. Agent-based models simulate decision-making by individual agents of land use change
(e.g. a farmer), addressing interaction among individuals, incorporating social processes and non-monetary
influences on decision making, dynamically linking social and environmental processes (Parker et al. 2003,
Matthews et al. 2007). These models are spatially explicit, dynamic and can operate at multiple scales, making
them highly flexible for complex LUC modelling. Due to their complexity and detail, agent-based model
parameterisation and validation has proven difficult (Parker et al. 2003). Agent-based models for realistic land
use change simulations are currently being developed (Verburg et al. 2004), and have been used to model the
effects of policies, land use and settlement patterns, and social and economic science concepts in the context
of LUC (Parker et al. 2003, Matthews et al. 2007). However, agent-based models still need to demonstrate that
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they can solve problems in the real world better than traditional modelling approaches. Currently, they are
better used as a research tool to develop a knowledge base, rather than as operational decision support tools
(Matthews et al. 2007).

MODEL ACCURACY
LUC models vary in their accuracy and their complexity. Model validation has received little attention, and
many models have not been validated, making it difficult to assess their performance (Verburg et al. 2004).
Restrictions on validation occur due to lack of historical data on land cover and limited time period of remote
sensing data and varied resolutions (Lambin 1997, Verburg and Veldkamp 2004, Wassenaar et al. 2007).
Sophisticated forward looking modelling methods using deforestation drivers and spatially explicit data (e.g.
Soares-Filho et al. 2006) have great potential for the estimation of change, but without any accuracy
assessment these model spatial predictions must be viewed with some caution. The sheer complexity of land
cover change and the number of drivers (Geist and Lambin 2002) challenge the explanatory power of many
deforestation models (Angelsen and Kaimowitz 1999, Sloan and Pelletier 2012).

Despite the inherent difficulty in predicting land cover change, some spatially explicit models of deforestation
have found model accuracies in the range of 69-86 % (Pontius et al. 2001, Mas 2004). Sloan and Pelletier
(2012) used a well-documented forest cover change model (GEOMOD) to project forest cover change over
eight years in Panama at 100 m resolution. They assessed the accuracy of the model by comparing to a map of
actual forest cover change over the same period and found a projection accuracy of 85 %. However, despite
this apparent high accuracy, their model predictions were ~4% less accurate than a null model, which assumed
no forest cover change had occurred over the same period. The lower accuracy of their model predictions
were due to several factors including, the non-linearity of drivers of forest cover change, the increased
potential for error when the area of forest cover change is small relative to the total forested area, the
complexity and diversity of drivers of forest cover change limiting the predictability of change, and the
difficulty of projecting both deforestation and regeneration of forest cover over space and time (i.e. two-way
change rather than one-way). Their study only projected forest cover change for a short period of 8 years, and
longer projections are expected to reduce accuracy even further.

A study of several applications of popular spatial LUC models found that 12 out of 13 applications had more
erroneous pixels than pixels of correctly predicted land change at the fine resolution of data (Pontius et al.
2007). These errors vanished when coarser resolutions were used, as the locational errors resolved at coarser
resolutions, and accuracy was higher in areas where net change was larger (greater areas of change mean less
potential for error). Accuracy may be gained by limiting the predictions to a shorter time period and at a
coarser scale (Pontius et al. 2007) making predictions that will not predict the exact location of change but
rather the region where a high risk of deforestation occurs. Risk based models are therefore arguably more
accurate.
It is not clear whether the added complexity in models increases the accuracy, as validation is often impeded
by the lack of data in data hungry models. Often different models are not applied to the same problem, but
Brown et al. (2007) found that different models with varying complexity, applied to several locations, yielded
different predictions of LUC. However, the accuracy of each model was not assessed, making it difficult to
determine if increased complexity increases accuracy. The use of more complex models may make models less
transparent, creating ‘black box’ models. This does not allow us to understand the drivers and processes of
LUC, and a simpler modelling approach may be preferred for increased transparency and understanding. This
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lead to the recommendation by Sloan and Pelletier (2012) to use a simpler more aggregate approach to
projecting forest cover change.

SUMMARY
LUC is a complex process affected by a variety of social and ecological processes. LUC models help us to
understand these processes, and allow us to project LUC into the future, to better inform land managers and
policy makers. LUC models use a range of different approaches, but no one research approach can tackle the
full range of social and ecological processes affecting land use, and methodologies must be tailored to the
specific research question of interest. Some examples of empirical models (where relationships between
observed drivers and LUC processes are used), economic models (using economic theory to incorporate
decision making), and risk-based models (where models show the risk of change or ‘hot spots’) were given,
each with their own objectives and limitations. Model validation and accuracy is difficult to assess due to
model complexity and a lack of data in many cases. However, studies have found that despite a relatively high
accuracy of some models, these accuracies are no better than a null model in some cases. Increased model
complexity does not necessarily increase accuracy, and a less complex model may be preferable for increased
transparency, credibility and comprehension.
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