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Abstract 

This research evaluates the potential for regulatory measures governing oil palm 

plantation expansion, and corporate voluntary sustainability commitments in the oil 

palm industry, to contribute to forest protection and greenhouse gas emissions 

reduction goals at regional and national scales, using case studies from Indonesia and 

Gabon.  Globally, agricultural production will need to increase by 60–110% by 2050, to 

meet anticipated demand for food, fiber and biofuels (Alexandratos and Bruinsma, 2012; 

Tilman et al., 2011). Achieving this increase without negative consequences for forests, 

biodiversity, and climate will require innovative solutions including increasing 

productivity, minimizing waste and inefficiencies, improving food distribution and 

access, shifting diet preferences, and optimizing land use (Foley et al., 2011; Godfray et 

al., 2010; Newton et al., 2013). Palm oil, which comprises 35% of global vegetable oil 

consumption, is emblematic of this challenge (Sayer et al., 2012).  The production of 

palm oil is increasing more rapidly than any other oil crop, and an increasingly urban 

and wealthy global population is anticipated to drive further demand (Hertel, 2011).  In 

Southeast Asia, where 87% of global palm oil production is currently concentrated, 

industrial-scale plantations nearly quadrupled in extent from 1990–2010 (Gunarso et al., 

2013), and drove the conversion of millions of hectares of forest and peat lands (Carlson 

et al., 2013; Koh et al., 2011).  There is therefore growing concern among environmental 
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advocates that, if appropriate safeguards are not put in place, future expansion of oil 

palm cultivation will reflect historical patterns, leading to the continued destruction of 

biodiversity- and carbon-rich forest landscapes (Linder, 2013; Wich et al., 2014).  In 

response to these concerns, government and private sector stakeholders have proposed 

or established policies aimed at minimizing the negative environmental consequences of 

oil palm production.  Here, I investigate the potential impacts of these programs and 

policies by examining historical trends in industrial-scale oil palm plantation expansion 

patterns, predicting business-as-usual trajectories of future plantation expansion, and 

estimating the potential impacts of alternative policy scenarios on future plantation 

development, and on forests, peatlands, and carbon stocks.  In Chapter 1, I provide 

background information on palm oil and its uses, cultivation requirements, production 

patterns, and documented environmental impacts.  I additionally discuss actual or 

proposed government regulations and private sector sustainability initiatives that are 

relevant in the contexts of Indonesia and/or Gabon.  In Chapter 2, I present an analysis 

of patterns of oil palm expansion, and impacts on forest and peat lands, in Indonesia 

from 1995–2015.  In Chapter 3, I develop predictions of future Indonesian oil palm 

expansion under a range of policy scenarios, and provide estimates of the extent to 

which these scenarios will contribute to forest protection and concomitant CO2 

emissions reductions. In Chapter 4, I evaluate the extent to which greenhouse gas 

emissions reductions in the oil palm sector will contribute to Indonesia’s national 
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mitigation goals, given uncertainties in the current national greenhouse gas inventory 

system.  In Chapter 5, I develop national suitability maps for oil palm cultivation in 

Gabon, a new frontier of oil palm expansion, and identify priority areas which have the 

potential to support production goals while protecting forest landscapes.  Finally, I 

summarize findings across these studies, present next steps, and provide concluding 

remarks in Chapter 6.       
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1. Introduction 

Global palm oil production reached 63 million tons in 2014 (USDA, 2016), and 

this total is expected to reach 93–117 million tons annually by 2050, given anticipated 

increases in demand due to a growing population with changing diet preferences 

(Corley, 2009).  Palm oil comprises at least 35% of the world’s vegetable oil production, 

and is the primary cooking oil across Asia, Africa, and the Middle East (Pirker et al., 

2016).  In this chapter I provide an overview of industrial-scale oil palm cultivation 

patterns and palm oil production practices. I summarize five principle environmental 

impacts of industrial-scale oil palm plantation expansion; deforestation and peat land 

conversion, greenhouse gas emissions, air pollution, biodiversity loss, and water quality 

degradation.  Finally, I discuss several proposed or planned sustainability initiatives and 

interventions in the palm oil sector.      

1.1 Palm oil production 

1.1.1 Cultivation Requirements 

Oil palm (Elaeis guineensis) is a perennial plant endemic to West Africa, where it 

has been a component of people’s diet for at least five thousand years (Zeven, 1967).  Oil 

palm production is highest in consistently warm regions, with optimal temperatures 

between 24–28 ⁰C, and steady precipitation between 2000–2500 mm yr-1 (Corley and 

Tinker, 2015).  These requirements limit oil palm cultivation to the lowlands of the 

humid tropics.  Although the oil palm does grow in areas with precipitation as low as 
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1000 mm yr, and in areas with dry seasons longer than 4 months, these conditions limit 

productivity and yields (Woittiez et al., 2017).  Oil palms grow best, and are most easily 

managed and harvested, in areas without steep slopes or highly variable terrain 

(Gingold et al., 2012).  Cultivation is not generally constrained by soil type in the tropics, 

and common soil characteristics that may limit productivity, such as nutrient 

deficiencies or poor drainage, are commonly addressed via management practices such 

as fertilization or drainage (Paramananthan, 2013).   

In an assessment of global suitability for oil palm cultivation, Pirker et al. (2016) 

identified 234 million hectares (Mha) of land that meet biophysical criteria for the crop, 

and are not already protected, used for agriculture, or considered to be of high 

conservation value. Notably, this study does not consider country-specific conservation 

measures, including for example Indonesia’s forest moratorium, which could further 

constrain expansion.  Their results suggest that suitable regions are concentrated in 

Southeast Asia, especially in Indonesia (18 Mha), and in equatorial South America, 

including Brazil (43 Mha) and Colombia (21 Mha) (Pirker et al., 2016).  There is also 

suitable land for oil palm in West and Central Africa, though a pronounced dry season 

in this region is expected to limit yields (Corley and Tinker, 2015).   

1.1.2 Producing countries 

Given that Southeast Asia hosts optimal growing conditions for oil palm, it is not 

surprising that most global commercial production of the commodity occurs in this 
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region (FAOSTAT, 2015).  Indeed, Indonesia alone produced 34 million tons, or more 

than 50%, of globally traded palm oil in 2016 (USDA, 2016), generating export revenues 

exceeding 18 billion USD (BPS, 2016).  In the same year, Malaysia produced 19 million 

tons of crude palm oil (CPO), or more than 30% of global palm oil (USDA, 2016).  The 

next largest producers are Thailand, Colombia, and Nigeria, though these nations each 

produce less than 2 million tons of CPO per year (Woittiez et al., 2017).   

The first commercial oil palm plantations in Indonesia were established at the 

beginning of the 20th century, on the island of Sumatra (Budidarsono et al., 2013).  After 

Indonesian independence in 1967, the government began facilitating the expansion of oil 

palm plantations, with a suite of incentives including access to credit and free or low-

cost land leases (Leonald and Rowland, 2016). By the year 2000 there were 3.7 million 

hectares (Mha) of plantations nationwide, and the extent of plantations continued to 

expand rapidly, more than doubling to 7.7 Mha by the year 2010 (Gunarso et al., 2013).  

As land for oil palm cultivation in the traditional hotspots of production becomes 

increasingly scarce, palm oil producing companies are exploring expansion 

opportunities in new frontiers (Konsager and Reenberg, 2012).  Despite their relatively 

small contribution to global palm oil production thus far, oil palm cultivation is now 

expanding in many countries in South America, and Central and West Africa (Butler 

and Laurance, 2009; Wich et al., 2014).  National governments in these regions may be 

facilitating expansion as a mechanism for promoting economic growth, creating jobs, 
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and catalyzing rural development (Feintrenie, 2014; Pacheco, 2012).  However, there is 

concern that, in the absence of social and environmental safeguards, the anticipated 

benefits of oil palm expansion in these regions could be offset by negative consequences 

for the environment and local communities (Linder, 2013; Wich et al., 2014). 

1.1.3 Production and harvesting 

The most common configuration for industrial-scale oil palm cultivation is in 

monoculture plantations, comprised of 120–150 evenly spaced palms per hectare which 

can achieve a closed canopy at maturity (Woittiez et al., 2017). Harvestable production 

begins two to three years after planting, and continues through the 25–30 year lifespan 

of the planted palms (Fairhurst and Griffiths, 2014). After 25–30 years palm oil yields 

begin to decrease, and growers may choose to replant in order to maximize production 

efficiencies (Carlson and Garrett, 2018).   

The harvested product is the reddish orange fresh fruit bunches (FFB), 

comprised of 1500–2000 individual fruitlets (Corley and Tinker, 2015). The FFBs are 

generally harvested manually, and must be transported to a processing mill within 24 

hours to avoid degradation of oil quality (Nagaraj, 2009). During processing, the 

mesocarp layer is pressed to extract CPO, while the internal endosperm is pressed to 

extract palm kernel oil (PKO) (Nagaraj, 2009).   

Approximately 60% of worldwide palm oil is produced on industrial-scale 

plantations that average more than 10,000 hectares (Carlson et al., 2013).  These large 
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plantations are frequently built around a central refining mill, to ensure efficient 

processing of the harvested product.  On the other hand, small scale family farms, 

averaging four to six hectares, contribute the remaining 40% of global production 

(Colchester et al., 2011).  Because FFBs must be processed quickly to prevent 

degradation, smallholder farms must also be located within an approximately day’s 

drive from a processing mill, and may have contractual agreements with large 

companies to buy their FFBs (McCarthy and Zen, 2016). 

1.1.4 Palm oil yields  

Average industrial plantation palm oil yields in Southeast Asia average 3–4 tons 

CPO  ha-1yr-1  (Woittiez et al., 2017), while average small holder yields are under 2 tons 

CPO ha-1yr-1  (Sari, 2015).  However, based on model simulations, potential yields in the 

region could reach as high as 18 tons CPO ha-1yr-1 (Hoffmann et al., 2014).  A large 

portion of the yield gap is attributed to the use of less productive planting material, e.g., 

the use of wildtype rather than cross-bred or clone seedling, and suboptimal 

management practices including planting density, culling and pruning management, 

fertilization, disease management, and harvesting frequency (Woittiez et al., 2017).  

Improving access to high quality seedlings, and expanding extension services to 

disseminate best management practices, are proposed solutions to closing the yield gap, 

particularly among small-scale producers of oil palm (Carlson and Garrett, 2018).  In 

contrast, yields from industrial scale production in West and Central Africa rarely 
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exceed 2 tons CPO ha-1yr-1, due both to the use of wildtype seedlings and suboptimal 

management practices, and to the length and severity of the regions’ dry season 

(Woittiez et al., 2017).  While the former can be addressed via common management 

techniques, the latter can only be addressed via high cost management practices such as 

irrigation.  Despite large yield gaps across the tropics, observed palm oil yields are still 

substantially higher than yields of other oil crops. For example, global average yields for 

canola and soybean oil are 0.8 and 0.3 tons ha-1yr-1, respectively (Paddison et al., 2014). 

1.2 Environmental Impacts 

1.2.1 Deforestation and peat land degradation 

Rapid oil palm expansion has been an important contributor to primary natural 

forest loss in Indonesia in recent years. Austin et al. (2017) estimated that oil palm was 

responsible for 0.97 Mha of forest loss from 2000–2010, accounting for approximately 

one-fifth of total estimated nationwide primary forest loss of 4.6 Mha in Indonesia 

during this period (Margono et al., 2014). Other studies have estimated the proportion of 

oil palm expansion resulting in deforestation nationwide.  During the period from 2000–

2010 between 52–79% of plantations nationwide (Gunarso et al., 2013; Koh and Wilcove, 

2008), and 89% of plantations in Kalimantan (Carlson et al., 2013), displaced forests.  

Using longer term data, Gaveau et al. report that the proportion of oil palm plantations 

resulting in forest loss is declining in Kalimantan, from more than half of plantations 

displacing forest prior to 1990, to approximately one-third after 2000 (Gaveau et al., 
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2016).  Much of the disagreement among these studies stems from alternative definitions 

of ‘forest’ (Sexton et al., 2016).  On the other hand, less than 20% of oil palm expansion 

from 2000–2010 in Latin America caused deforestation, expanding instead into pasture 

lands, and abandoned agricultural areas (Furumo and Aide, 2017; Vijay et al., 2016). 

However, even in cases where oil palm expansion directly drove relatively little 

deforestation, there remains the potential that expansion caused indirect deforestation.  

Indonesia also hosts the world’s largest tropical peatlands, areas with frequently 

inundated organic soils storing substantial carbon stocks (Hooijer et al., 2010; Page et al., 

2011).  Though oil palm cultivation on peat lands requires more intensive land 

preparation and management, including the construction of drainage canals, oil palm 

plantations have also expanded in these landscapes (Carlson et al., 2013; Koh et al., 2011; 

Miettinen et al., 2012). One reasons that oil palm may have expanded into peatlands, 

which are associated with higher establishment costs due to the need for drainage and 

higher inputs, is that these ecosystems are perceived to be less densely populated, and 

are therefore considered less prone to land conflicts and tenure disagreements.  

Miettinen et al. estimate that almost one-fifth of peatlands in Indonesia and Malaysia 

have been drained for the cultivation of palm oil, similar to the proportion of 

deforestation driven by oil palm plantation expansion (Miettinen et al., 2016).  
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1.2.2 Greenhouse gas emissions 

The conversion of forests and peatlands to oil palm plantations impacts climate 

by releasing carbon stored in trees, vegetation, and soils to the atmosphere.  The growth 

of oil palms also stores carbon, estimated at approximately 35–40 tC ha-1 in a mature 

plantation, offsetting, to some extent, gross emissions due to forest and peatland 

conversion (Dewi et al., 2009).  Oil palm cultivation also impacts carbon stocks in 

mineral soils, resulting in net decrease of 30–45% of soil carbon stocks (Germer and 

Sauerborn, 2008; van Straaten et al., 2015).  There is substantial remaining uncertainty 

around the impact of oil palm cultivation on peatland soil organic carbon stocks, 

particularly given large differences among drainage depths across land cover types and 

geographies (Carlson et al., 2015).  Estimates of emissions from the conversion of peat 

forests to oil palm plantations range from 30–86 tCO2e ha-1yr-1 over a period of 20–50 

years (Couwenberg and Hooijer, 2013; Hergoualc'h and Verchot, 2013; Murdiyarso et al., 

2010; Page et al., 2011).  

Given the large uncertainty around greenhouse gas emissions associated with 

conversion of forests and peat lands to oil palm, particularly the flux from soil carbon 

stocks, there is understandably a large range in estimates of the total net CO2 emissions 

from oil palm expansion in Indonesia.  For example, on the Indonesian island of 

Kalimantan, Carlson et al. reported average net emissions of 142 Mt CO2 yr-1 between 

2000 and 2010 (Carlson et al., 2013). For the same region and time period, Agus et al. 
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(2013) reported average net emissions estimate of just 30 Mt CO2 yr-1 (Agus et al., 2013).  

Also for the same region and time period, Abood et al. (2013) report that the 1.1 Mha of 

deforestation within oil palm concessions (not neccesarily leading to plantation 

establishment) resulted in average gross emissions of 75–141 Mt CO2 yr-1 (or 61–127 Mt 

CO2 yr-1 net emissions, assuming planted palm achieved average carbon stock density) 

(Abood et al., 2014).  These estimates are relative to total nationwide GHG emissions 

from all drivers of deforestation and peat land conversion of 243–706 Mt CO2e yr-1, 

according to national inventory reports.       

In addition to CO2 emissions due to biomass conversion and soil carbon 

oxidation, the treatment of the waste effluent from palm oil mills is a source of methane 

(Taylor et al., 2014), and the use of nitrogen fertilizer is a source of nitrous oxide.  Chase 

and Hansen (2010) report that these sources of emissions contribute 21% and 7% of total 

GHG emissions on a CO2e basis due to palm oil production, respectively (Chase and 

Hensen, 2010).  Total GHG emissions due to oil palm cultivation and palm oil 

production are therefore almost 40% higher than direct emissions from land use change 

alone.  

1.2.3 Fires and air pollution 

Although natural fires do not commonly occur in the humid tropics, they are 

used to clear forest for agricultural expansion (Spracklen et al., 2015).  Several recent 

large-scale burning events in Indonesia, notably in 1997, 1998, 2006, and 2015, resulted in 
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substantial emissions of greenhouse gases and toxic air pollution (Silva et al., 2016; van 

der Werf et al., 2008).  Smoke and haze from these fires impacted air quality across the 

Southeast Asian region.  According to one estimate, air pollution from the 2015 burning 

event alone led to more than 100,000 additional deaths in Indonesia, Malaysia, and 

Singapore (Koplitz et al., 2016).  

Oil palm growers commonly use fire as a tool in the establishment and 

management of oil palm plantations, and have been implicated as key drivers of these 

fires. However, it is challenging to assign responsibility to the industry, given the 

dynamics of fire patterns, and the complexity of land tenure and land use in the region 

(Gaveau et al., 2017).  Using permits as a proxy for the footprint of the industry, Marlier 

et al. (2015) estimated that oil palm contributed 13% and 65% of 2006 fire emissions 

within permitted areas in Sumatra and Kalimantan, respectively, with the remainder 

attributable largely to timber plantations (Marlier et al., 2015). 

1.2.4 Biodiversity loss 

Oil palm grows best in the humid tropics, which host some of the most highly 

biodiverse landscapes in the world.  Vijay et al. (2016) suggest that almost all the forest 

lands at risk to oil palm expansion host high levels of biodiversity (Vijay et al., 2016).  

The conversion of native vegetation to oil palm agriculture results in documented 

declines in plant and vertebrate species richness, resulting in less than a third of primary 

forest species (Danielsen et al., 2009; Fitzherbert et al., 2008; Peh et al., 2006).  Instead, 
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plantations have been shown to support smaller invasive and generalist species from 

lower trophic levels, including the wild pig and rats (Petrenko et al., 2016; Senior et al., 

2013).  Increased wild boar abundances in and around oil palm plantations have also 

been shown to deteriorate natural forests up to one kilometer outside of plantation 

boundaries (Luskin et al., 2017).  The overall impacts of future oil palm expansion on 

biodiversity will be determined in large part by the land cover types converted to new 

plantations, with relatively smaller losses from pre-existing crop land, non-native 

grasslands, and degraded forests (Koh and Wilcove, 2008).  Restricting expansion to 

these land cover categories will be challenging, particularly in new frontiers of 

expansion.  

1.2.5 Water quality degradation 

Documented impacts of oil palm plantation development on adjacent streams 

include an increase in streamflow (Bruijnzeel, 2004), stream warming of 3–4°C and 

increased sediment loads (Carlson et al., 2014), and higher nitrate and phosphate levels 

(Luke et al., 2017).  Waste effluent from palm oil processing is also a source of nutrients 

and pollution (Poh et al., 2010).  Further research is needed to determine how these 

inputs and resulting changes in stream characteristics impact downstream ecosystems. 

1.3 Sustainability programs and policies 

In recognition of the documented negative consequences of oil palm cultivation 

on the environment, relevant stakeholders have proposed or put in place various policy 
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instruments designed to address these impacts.  These interventions include both 

regulatory and voluntary policy instruments that aim to divert new oil palm expansion 

away from biodiversity- and carbon-rich forest landscapes, and instead into low carbon 

stock, non-forest areas.   

Across the tropics, economic policy instruments in the form of payments for 

reducing emissions from deforestation and forest degradation (REDD), and the 

conservation and sustainable management of forests and enhancement of carbon stocks 

(referred to as REDD+ activities), also have the potential to incentivize the shift of oil 

palm plantation expansion away from landscapes with high carbon stocks (Busch et al., 

2012). I do not discuss the REDD+ program here, as detailed implementation, 

monitoring, reporting, and verification processes, and benefit sharing mechanisms have 

yet to be determined (Well and Carrapatoso, 2017). Rather, I focus on country- or 

industry-specific programs and policies that have already been pledged or put in place.  

1.3.1 Indonesian regulatory context 

In 2015, the Government of Indonesia committed to reducing greenhouse gas 

emissions by 29% unilaterally, and 41% with international support, below a business-as-

usual scenario by 2030 (Republic of Indonesia, 2016).  The majority of the emissions 

reductions are expected to be achieved via reductions in deforestation, peat land 

degradation, and fires (DNPI, 2010).  However, the nation has concurrently committed 

to increasing GDP by 5% annually, and reducing the poverty rate to below 4 percent by 
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2025 (Republic of Indonesia, 2016). Growing the agricultural sector, including doubling 

palm oil production, is seen as an important way to achieve these goals (Maulia, 2010).   

Indonesia’s 2011 national moratorium is the country’s flagship regulation aimed 

at reconciling the goals of oil palm expansion, forest and peat lands protection, and 

climate change mitigation (Busch et al., 2015).  The moratorium prohibits the issuance of 

new permits for the conversion of primary natural forests and peat lands (to oil palm 

plantations, timber plantations, or for selective logging), beginning in May of 2011 

(Austin et al., 2014). The presidential instruction putting the moratorium in place has 

since been updated and now extends through 2019.  In 2016, the moratorium was 

strengthened via a Government Regulation permanently banning peat land conversion, 

but this regulation has since been struck down by the Indonesian supreme court (Jong 

and Arumingtyas, 2017). 

The forest moratorium protects 34.2 Mha of forest (accounting for 76% of total 

national forest area) and 14.3 Mha of peat lands (accounting for 71% of total national 

peat land area) from new permits. While 11.2 Mha of peat lands are provided new 

protections under this moratorium, only 9.8 Mha of forests are provided new protections 

not already afforded by the network of national parks (Murdiyarso et al., 2011).  The 

moratorium has also been criticized for not protecting 3.5 Mha of primary forests and 

peat lands for  which conversion permits had already been granted prior to May of 2011, 

and for not protecting secondary forests, which also host valuable ecosystem services 
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(Austin et al., 2014).  Additionally, Sloan et al. (2012) report that the areas protected by 

the moratorium are remote and less likely to be converted, suggesting that the 

moratorium may not substantially shift business-as-usual land use patterns (Sloan et al., 

2012).  

In an assessment of the potential impact of the moratorium on rates of 

deforestation and resulting CO2 emissions driven by oil palm, timber, and selective 

logging, Busch et al. reported that, had the moratorium been in place from 2000–2010, it 

would have reduced CO2 emissions from deforestation by 3–6% (Busch et al., 2015).  The 

impact of the moratorium could have been increased by expanding the scope of the 

policy to prevent new permits in secondary forests (reducing emissions by 3–7%) and by 

retiring existing permits in primary forests and peat lands (reducing emissions by 5–

15%).  Wijaya et al. (2017) also suggest that the current moratorium policy will achieve 

modest climate change abatement, and that strengthening the ambition of the policy to 

protect secondary forests and forests within existing permits will be needed to achieve 

emissions reductions in line with the nation’s pledged mitigation goal (Wijaya et al., 

2017).  Given that there remains a large area of forest and peat land that would be 

suitable for oil palm expansion, more stringent policies measures to protect these at-risk 

ecosystems are needed.  

The impact of the moratorium may also be limited by poor dissemination of 

information about the moratorium to local implementing agencies. Austin et al. (2014) 
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found that the agencies responsible for providing technical advice regarding licensing 

requests and permitting applications had limited understanding of both the areas 

protected by the moratorium, and the activities prevented by the moratorium (Austin et 

al., 2014).  In addition, weak law enforcement and local vested interests may limit the 

efficacy of the policy (Pirard et al., 2017). 

Beyond the national forest moratorium, several of Indonesia’s provincial 

governments have announced low-emissions development strategies (DNPI and 

Government of Central Kalimantan, 2010; DNPI and Government of East Kalimantan, 

2011).  These programs include specific steps for reducing the impact of agriculture on 

forests and peat lands, including provisions for improving land use planning and 

targeting non-forest degraded lands for low-emissions palm oil production. 

1.3.2 Gabon regulatory context 

In 2012, Gabon announced plans to become a leading producer of palm oil in 

Africa, in addition to increasing production of several important agricultural 

commodities including coffee, cocoa, rice, corn, soy, and rubber (République Gabonaise, 

2012).  The nation is offering advantageous land acquisition terms and tax incentives to 

attract investment from multinational agroindustry companies.  In addition, the 

government is directly investing in the oil palm industry, via joint ventures with oil 

palm producing companies (Olam International Limited, 2014) 
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At the same time, the nation aims to limit degradation of intact and carbon-rich 

forests, and areas with important biodiversity resources (République Gabonaise, 2015).  

This goal is particularly challenging in Gabon, where highly biodiverse forests cover 

88% of the country’s land area (Sannier et al., 2014).   Various ministries and agencies 

within the government of Gabon, including notably the Ministry of Agriculture, the 

Ministry of Waters and Forests, and the National Parks Agency, are collaboratively 

developing a National Land Use Plan to support the achievement of low-impact 

agricultural expansion.  This plan will provide a map of areas suitable for agro-

industrial projects while minimizing impacts on forests and biodiversity. In addition, the 

National Parks Agency of Gabon is developing specific guidance for site selection, 

assessments of environmental and social impacts, and monitoring and adaptive 

management of oil palm development.   

1.3.3 Roundtable on Sustainable Palm Oil 

Beginning in the early 2000s, non-governmental environmental organizations 

increasingly advocated for market-based forest conservation strategies in the oil palm 

industry.  Market oriented solutions include individual company sustainability goals or 

sector- specific standards and accompanying certification mechanisms, which rely on 

consumer awareness and product labelling to incentivize companies to reduce their 

social and environmental impacts (Lambin et al., 2014).  In response to these pressures, 

the palm oil industry and environmental organizations together developed a sustainable 
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certification standard governed by the Roundtable on Sustainable Palm Oil (RSPO) in 

2004 (Ivancic and Koh, 2016).   

In 2008, the RSPO finalized a set of principles and criteria (P&C) for sustainable 

palm oil production, which growers must meet in order to receive RSPO certification 

(RSPO, 2013). In addition, the RSPO oversees a program to accredit certification bodies 

to undertake standardized audits of oil palm plantations and mills, to determine 

whether they are fulfilling RSPO criteria.  These criteria include provisions for 

compliance with national laws and regulations, fulfillment of minimum living wage 

conditions, prevention of human rights violations, and transparent reporting of 

management documents relating to environmental, social and legal issues (RSPO, 2013).  

Generic RSPO P&Cs are updated every five years, and are also subject to National 

Interpretation which allows for the tailoring of RSPO standards to specific country 

circumstances.  

Related to environmental performance, RSPO certification requires an 

environmental impact assessment, including the identification of rare, threatened or 

endangered species habitations, or other High Conservation Value (HCV) landscapes, 

that could be affected by plantations or mill management (P&C 5.1).  Where the 

assessment identifies these landscape features, growers are required to put in place 

appropriate safeguards to ensure their maintenance or enhancement (P&C 5.2). 

Specifically, oil palm plantations established after November of 2005 may not replace 



 

18 

primary forests or HCV areas (P&C 7.3).  RSPO certification also limits the use of fires in 

plantation development and management, requires the development of a greenhouse 

gas mitigation plan, and requires the use of best management practices for energy use 

and waste management. 

The basis of RSPO certification as it relates to forest protection, climate change 

mitigation, and biodiversity conservation, rests on the definition of ‘high conservation 

value’, a term which has been especially challenging to define (Edwards et al., 2011).  In 

theory, HCV areas include landscapes with ‘concentrations of biological diversity’ that 

are ‘significant at global, regional, or national levels’, intact forest landscapes, rare, 

threatened or endangered ecosystems, areas providing critical ecosystem services, and 

sites of cultural, archaeological, religious or historical significance (Brown et al., 2013).  

Although these criteria have been refined in the national interpretations of HCV areas, 

in practice the thresholds for ‘significant’, ‘concentrations’, and ‘critical’ are subject to 

interpretation by individual assessment teams, and vary widely across applications 

(Edwards et al., 2011).  Third-party assessments of the RSPO auditing processes has 

demonstrated that this subjectivity has resulted in weak HCV assessments, and in the 

conversion of valuable forest habitat (EIA, 2015).  The HCV approach has been further 

criticized for failing to protect peat forests, logged forests, which can support substantial 

biodiversity (Edwards et al., 2012), and forest fragments less than 20,000 ha (in the case 
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of Indonesia, though the forest fragment size threshold may be different in other 

national interpretations).   

Despite its prominence as the principal certification entity for sustainable palm 

oil, the impact of RSPO certification on deforestation and fire occurrence is limited.  A 

study by Carlson et al. (2018) found that RSPO certification reduced deforestation rates 

in oil palm permitted areas by 33% in Indonesia (Carlson et al., 2018).  However, this 

study also notes that RSPO certified plantations were generally planted earlier than non-

certified plantations, and therefore do not contain much remaining forest cover.  Indeed, 

certified plantations contain less than 1% of forest cover within the country’s oil palm 

plantation permits as a whole, and therefore certification only resulted in 21 km2 of 

avoided deforestation nationally from 2000–2015 (Carlson et al., 2018).  The same study 

found that, although rates of fire occurrence were lower in certified plantations than in 

non-certified plantations, RSPO certification did not have a significant causal effect on 

the rate of fire occurrence (Carlson et al., 2018).  This supports a previous finding from 

Cattau et al. (2016), who report that rates of fire occurrence were similar in RSPO 

certified and non-certified oil palm plantations in Indonesia from 2012–2015, specifically 

when the risk of fire is high (Cattau et al., 2016).     

RSPO certified palm oil comprises approximately one-fifth of the global palm oil 

market, but just half of the total certified volume is sold as certified, given weak market 

demand, while the remainder is sold as uncertified palm oil (Pirker et al., 2016). The 
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ultimate success of the RSPO standard, in terms of expanding to cover all plantations 

(including those with high forest cover), and thereby having a significant impact on 

deforestation, may therefore depend on whether consumers are willing to pay the 8–15% 

price premium for the product (Petrenko et al., 2016).  Improved marketing, including 

the 2013 launch of the first consumer goods productions bearing the RSPO logo, may 

increase visibility and appeal of the standard, leading to further incentives for 

certification (Ivancic and Koh, 2016).   

1.3.4 Zero-deforestation commitments 

In recognition of the limitations of the RSPO, environmental organizations began 

advocating for strengthened standards with respect to oil palm driven deforestation 

(Climate Focus, 2016).  As a result, starting in 2010, multi-national retailers, consumer 

goods companies, manufacturers, and producers of palm oil began to make individual 

commitments to eliminate deforestation from agricultural supply chains (Linhares-

Juvenal and Neeff, 2017).  The momentum behind these commitments has been 

remarkable, and within five years these individual pledges coalesced into collective 

actions by larger stakeholder groups promoting zero-deforestation commodity 

production.  In 2010 the Consumer Goods Forum, representing more than 400 industry 

leaders across 70 countries, committed to net zero deforestation by 2020 for palm oil and 

several other major commodity supply chains (The Consumer Goods Forum, 2018).  In 

2012 the Tropical Forest Alliance (TFA2020) was established as a partnership among 
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industry and government stakeholders taking voluntary actions to align public policy 

goals with industry deforestation-free commitments.  A notable achievement of the 

TFA2020 is the Marrakesh declaration, signed by the governments of seven countries in 

West and Central Africa, which committed to prioritizing sustainable and responsible 

palm oil development (TFA 2020, 2016).  At a 2014 United Nations Summit the New 

York Declaration of Forests was announced, which aims to reduce natural forest loss by 

half by 2020 (United Nations, 2014). In 2015 the Amsterdam Declaration committed to 

eliminating deforestation from agricultural supply chains and trade with European 

countries by 2020 (Amsterdam Declaration, 2015).  The 2016 sustainable development 

goals (SDGs) included a target of eliminating deforestation by 2020.  In total, more than 

400 companies have committed to zero deforestation agricultural commodity supply 

chains (Donofrio et al., 2017), and by 2015 more than 96% of internationally traded palm 

oil was controlled by companies with some form of zero-deforestation commitment 

(Butler, 2015).     

As soon as companies began to announce their intentions to eliminate 

deforestation from their oil palm supply chains, academics, environmental 

organizations, and even companies themselves recognized that defining ‘deforestation’ 

would be a fundamental prerequisite for implementation of, and for assessing the 

environmental impact associated with, these commitments (Pasiecznik et al., 2017).  As a 

result, private sector and civil society stakeholders have developed several initiatives 
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designed to bring clarity and transparency to the process of delineating forest areas that 

should be protected by zero-deforestation pledges.  In 2014, some of the largest palm oil 

producers created the Sustainable Palm Oil Manifesto, which included funding for a 

High Carbon Stock Study (HCS study) to improve the definition of ‘high carbon stock’ 

forest (High Carbon Stock Science Study, 2015). At the same time, a different group of 

civil society and private sector collaborators created the High Carbon Stock Approach 

(HCS Approach), which developed a methodology to distinguish protected forest 

landscapes from areas where oil palm development would be permitted (HCS Approach 

Steering Group, 2015). In 2016, the leaders of these two initiatives agreed on a 

convergence between the two methods, to reduce confusion and present one coherent 

set of criteria (HCS Convergence Agreement, 2016).  In addition, in 2017 the HCS 

Approach and RSPO initiated a process to incorporate zero-deforestation commitments 

into RSPO certification (RSPO, 2015).   

In addition to guidance on delineation of forest land as a prerequisite for the 

implementation of zero-deforestation pledges, environmental organization began to 

recognize the importance of tracking the commitments made by specific companies, to 

improve transparency and accountability.  The Sustainability Policy Transparency 

Toolkit, Supply-change.org, the Palm oil buyers scorecard, and the Forest500, all provide 

ratings and rankings of companies, financial institutions, and governments who have 

made zero-deforestation commitments. The assessments are broadly based on the 
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quality of the commitment, progress towards the commitments, and reporting 

transparency around implementation and progress (Donofrio et al., 2017).  As zero-

deforestation pledges have been made relatively recently, and most include a goal of 

achievement by a future date (usually the year 2020), investigations of their impacts are 

limited to ex ante assessments (Mosnier et al., 2017).   

1.4 Research Objectives 

Given the rapid proliferation of programs and policies aimed at mitigating the 

negative consequences of oil palm agriculture on forest and climate, there is a growing 

need for research that can provide insight into their potential impacts.  The aim of this 

research is to evaluate the potential of the above-mentioned regulatory measures 

governing oil palm expansion trajectories, and corporate voluntary sustainability 

commitments in the oil palm industry, using case studies from Indonesia and Gabon.  

To do this, I examine historical trends in oil palm expansion patterns, predict business-

as-usual trajectories of future industrial-scale plantation expansion, estimate the impacts 

of alternative policy scenarios on future plantation development, and quantify the 

potential impacts of these expansion scenarios on forests, peatlands, and carbon stocks.  

Specifically, this research was motivated by the questions presented in the following 

chapters:  

Chapter 2. How have trends in oil palm driven deforestation in Indonesia 

changed from 1995 to 2015?  What are the implications of observed temporal and spatial 



 

24 

trends in oil palm driven deforestation for the potential effectiveness of zero-

deforestation policies?  

Chapter 3. Where is future oil palm plantation expansion likely to occur in 

Indonesian Borneo, and what are the resulting CO2 emissions associated with expansion 

onto forest and peat lands? On to what land cover types will alternative zero-

deforestation policy scenarios guide the expansion of oil palm, thereby mitigating CO2 

emissions relative to business as usual?  

Chapter 4. What is the potential contribution of improved land management for 

oil palm expansion to Indonesia’s national greenhouse gas mitigation goal?  To what 

extent does uncertainty in national greenhouse gas inventory reports limit the ability to 

answer this question? And what are the principle factors contributing to this 

uncertainty?  

Chapter 5. Where are suitable areas of oil palm expansion in Gabon, a new 

frontier for global oil palm development? What areas of the country should be protected 

to minimize greenhouse gas emissions and negative impact on high conservation value 

landscapes?  Will protecting these areas constrain the ability of the nation to achieve its 

stated oil palm production goals? 
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2. Shifting patterns of oil palm driven deforestation in 
Indonesia and implications for zero-deforestation 
commitments 

2.1 Introduction 

Oil palm production has been under scrutiny over the past decade, due to 

concerns that the economic benefits of rapid plantation expansion are outweighed by the 

social and environmental costs. In Indonesia and Malaysia, where 87% of global palm oil 

is produced (USDA, 2014), plantations nearly quadrupled in extent between 1990 and 

2010, from 3.5 to 12.9 million hectares (Mha) (Gunarso et al., 2013). This rapid expansion 

resulted in negative environmental impacts including forest loss, peatland destruction, 

and biodiversity degradation (Koh et al., 2011). In recognition of these consequences, 

dozens of multi-national retailers, consumer goods companies, and producers of palm 

oil have made pledges to eliminate deforestation from their palm oil supply chains 

(United Nations, 2014). By 2015, more than 96% of internationally traded palm oil was 

controlled by companies with a commitment to ‘zero-deforestation’ palm oil sourcing 

(Butler, 2015), though less than half of these companies have time bound plans to 

achieve compliance by the year 2020 (Climate Focus, 2016).  

Much of the research investigating deforestation due to oil palm expansion in 

Indonesia focused on impacts in the 1990s and 2000s.  These studies report that 52% - 

79% of plantations nationwide (Gunarso et al., 2013; Koh and Wilcove, 2008), and 89% - 

90% of plantations in Kalimantan (Carlson et al., 2013), replaced forests.  However, 
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recent research suggests that the proportion of oil palm plantations driving 

deforestation may be declining. For example, Gaveau et al. report that more than half of 

oil palm plantations in Kalimantan replaced forest prior to 1990, but that approximately 

one-third replaced forests after 2000 (Gaveau et al., 2016). Vijay et al. also report an 

overall decline in the proportion of plantations driving deforestation across the tropics, 

and nationally in Indonesia, from 1984–2013 (Vijay et al., 2016).  Using trends from the 

1990s and early 2000s to establish a baseline could result in an overestimation of the 

impacts of zero-deforestation pledges on rates of deforestation.  

This study extends the scope of previous research by estimating oil palm driven 

deforestation across Indonesia from 1995–2015. We contribute new nationwide data for 

the 2010–2015 period, to inform how trends may have shifted in the recent past.  To 

conduct our analysis, we created new maps of oil palm plantations across Indonesia’s 

major oil palm producing islands of Sumatra, Kalimantan, and Papua from 1995–2015, 

and tracked forest cover in these areas using historic land cover data from Indonesia’s 

Ministry of Environment and Forestry.  In addition, we estimate the amount of suitable 

land for oil palm cultivation that is not forested and could be available for future 

deforestation-free production, by refining a map of suitable land for oil palm cultivation 

across the tropics (Pirker et al., 2016).  This additional step enables us to examine the 

extent to which future plantation expansion may be constrained by zero-deforestation 

commitments.  
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2.2 Methods 

2.2.1 Mapping oil palm plantations 

We created new maps of oil palm plantations in Indonesia’s major producing 

regions of Sumatra, Kalimantan and Papua for the years 1995, 2000, 2005, 2010, and 

2015, at a resolution of 250 x 250 meters. We delineated plantations by visually 

interpreting Landsat imagery, a method which has been successfully used to map oil 

palm plantations in the region (Carlson et al., 2013; Gaveau et al., 2016; Gunarso et al., 

2013; Ramdani and Hino, 2013). Visual interpretation methods are valuable for 

identifying oil palm plantations, which have similar spectral reflectance patterns as 

secondary forest cover, but are frequently organized in rectilinear patterns and co-occur 

with context indicators such as road networks (Gaveau et al., 2016).  

We mapped plantations in 1995–2010 using a combination of Global Land Survey 

Landsat composites and raw Landsat 4-5 TM imagery (USGS, 2011).  We based our map 

for the year 2015 on a cloud-free Landsat composite developed by Hansen/ UMD/ 

Google/ USGS/ NASA (Hansen et al., 2013).  In ArcGIS version 10.2, we systematically 

inspected across the landscape by applying a grid index with cell size 25 x 25 km. We 

aimed to map only large-scale oil palm plantations, which are frequently comprised of 

plantation blocks and associated infrastructure including roads, mill facilities, and 

management buildings. We included recently cleared areas adjacent to existing 
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plantations, which appeared to have been prepared for oil palm cultivation based on 

their pattern of road networks.   

We validated the resulting maps using the web-based validation tool Laco-Wiki, 

which incorporates imagery from Google and Bing Maps (http://www.laco-wiki.net/) 

(See et al., 2015).  We constrained our validation samples to areas with available high 

resolution (< 5 m2) imagery, which allowed us to see the crowns of individual oil palms. 

For each map we randomly selected a roughly equal number of validation points within 

mapped oil palm plantations, and within a 25 km buffer outside plantations.  We 

selected this buffer to avoid inflating our accuracy estimate by including points well 

outside the biophysically suitable area for oil palm cultivation.  We assumed that all 

plantations were still observable in imagery from the years 2016 and 2017. 

2.2.2 Assessing land cover change 

To assess land cover change driven by oil palm plantation expansion, we used 

nation-wide data on land cover for the years 1996, 2000, 2006, and 2011, provided by the 

Ministry of Environment and Forestry (MoEF, 2015).  MoEF defines forest as land 

spanning an area of at least 0.25 ha, with trees higher than 5 meters and canopy cover 

greater than 30 percent (MoF, 2004).  We reclassified the Ministry of Environment and 

Forestry (MoEF) data into two forest cover categories- primary and secondary forest, 

and five non-forest categories- agriculture, timber plantation, swamp scrubland, 

savannah/bare land/scrubland, and other.  We then calculated the area of each land 
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cover class converted to new oil palm plantations for each 5-year interval, assuming that 

the land cover maps represent land cover at the start of each corresponding period.    

To determine whether our result is robust to the input forest cover dataset, we 

repeated our analysis using forest cover in the year 2000 (Margono et al., 2014). Margono 

et al. define ‘primary forest’ as natural forest > 5 ha that have not been cleared and re-

planted, including ‘intact primary forest’ which have no evidence of any human 

disturbance, and ‘primary degraded forest’ which have been subject to partial canopy 

loss due to human disturbances.  We updated this map for the years 2006 and 2011 by 

accounting for tree cover loss from Hansen et al. (Hansen et al., 2013). The results 

correspond closely to those using the MoEF dataset: the proportion of plantations 

replacing forests using the Margono dataset is 0.2% lower than the results using the 

MoEF dataset in the 2000–2005 period, 1.1% higher in the 2005–2010 period, and 0.6% 

lower in the 2010–2015 period.  We additionally estimated the area of peat lands 

converted to oil palm plantations in each interval using data on the extent of peat soils 

from Indonesia’s Ministry of Agriculture (MoA, 2011).   

2.2.3 Estimating future zero-deforestation potential 

We estimated the land area eligible for future zero-deforestation oil palm 

expansion, using a map of biophysically suitable land for oil palm cultivation across the 

tropics based on climate, topographic, and soil variables (Pirker et al., 2016). We 

combined the ‘highly suitable’ and ‘perfect’ suitability categories into one ‘suitable’ 
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classification, and excluded from this class the area of oil palm plantations in 2015. We 

further refined this class by excluding peat lands (MoA, 2011) and protected areas 

(IUCN and UNEP-WCMC, 2015), which we assumed would be fully protected from 

future expansion. Finally, we limited expansion to areas less than 500 m elevation (Jarvis 

et al., 2008), in order to better reflect suitability in the Indonesian context. We used the 

MoEF land cover map for the year 2011 to estimate the area of potential suitability in 

non-forest areas. We did not consider other factors that may constrain the use of non-

forest land for oil palm expansion, such as land tenure, labor availability, accessibility, or 

legal classification (Goh, in review). Additional data collection and scale-appropriate 

evaluations, including for example site-level environmental and social impact 

assessments, free prior and informed consent, and participatory community mapping, 

are necessary to refine this analysis and underpin conflict-free land use planning 

(Gingold et al., 2012; Rosoman et al., 2017).   

2.3 Results 

2.3.1 Oil palm plantation expansion during 1995–2015 

There were 11.1 Mha of industrial-scale oil palm plantations in Indonesia in 2015, 

with 5.9 Mha in Sumatra, 5.0 Mha in Kalimantan, and 0.2 Mha in Papua (Figure 1).  

Plantations expanded by 9.0 Mha nationwide between 1995–2015 (4.3 Mha in Sumatra, 

4.5 Mha in Kalimantan, and 0.2 Mha in Papua). Prior to 2005 approximately 0.3 Mha of 
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new plantations were established each year, while after 2005 the rate of expansion 

doubled to approximately 0.6 Mha annually.   

Our estimates of the area of oil palm plantations in each time period correspond 

closely to estimates from previous studies (Figure 2).  The accuracies of our oil palm 

maps range from 89.2% to 91.5%, with roughly equal errors of commission and omission 

(Table 1). We acknowledge that our method may incorrectly include smallholder palm 

in our map of large holder plantations, but that this may not be reflected in our accuracy 

assessment, since both categories appear as palm in high resolution imagery.   

 

 

 

 

Figure 1: Industrial-scale oil palm plantations in Indonesia from 
1995–2015, and forest cover in the year 1996. 
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2.3.2 Land cover replaced by oil palm plantations 

Oil palm plantations resulted in an average of 586 kha of deforestation in each 

five-year time step, declining from a high of 788 kha in the 1995–2000 period, to a low of 

357 kha from 2000–2005, and then rebounding to 616 kha and 585 kha during the 2005–

2010 and 2010–2015 periods, respectively (Figure 3A). Most of this forest loss occurred in 

secondary (94.9%) rather than primary (5.1%) forest.  At the same time, the proportion of 

new plantations causing deforestation decreased from more than half, or 53.9%, during 

1995–2000, to 18.0% during 2010–2015 (Figure 3B). The proportion of plantations derived 

from non-forest land increased over the study period, including notably the proportion 

from agriculture land, which increased from 22.1% in the 1995–2000 period to 37.9% in 

the 2010–2015 period.   

Nationwide approximately one-fifth of oil palm plantations in each period 

expanded on peat lands, and this proportion remained stable across the study period.  

As the total area of expansion increased, the total area of expansion onto peat doubled, 

from 305 kha during 1995–2000, to 619 kha during 2010–2015.  Most of the peat areas 

converted to oil palm were in the secondary forest, swamp, and swamp scrubland 

classifications, according to the MoEF data.   
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Figure 2: Comparison of oil palm plantation area estimates across Sumatra, 
Kalimantan and Papua. 
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Table 1: Validation of oil palm plantation maps 1995 - 2015. The confusion matrices 
provide the proportion of plantation observations (predictions) which we confirmed 

using high resolution imagery (actual occurrences), for each year. We report the 
overall accuracy, sensitivity (rate of true positives) and specificity (rate of true 

negatives). 

2015 
Observed Landsat 

Not Plantation Plantation Total 

Observed High 
Resolution Imagery 

Not Plantation 243 36 279 

Plantation 6 189 195 

Total 249 225 474 

Overall Accuracy 91.1% 

Sensitivity 96.9% 

Specificity 87.1% 

2010 
Observed Landsat 

Not Plantation Plantation Total 

Observed High 
Resolution Imagery 

Not Plantation 231 32 263 

Plantation 17 196 213 

Total 248 228 476 

Overall Accuracy 89.7% 

Sensitivity 92.0% 

Specificity 87.8% 

2005 
Observed Landsat 

Not Plantation Plantation Total 

Observed High 
Resolution Imagery 

Not Plantation 227 21 248 

Plantation 19 201 220 

Total 246 222 468 

Overall Accuracy 91.5% 

Sensitivity 91.4% 

Specificity 91.5% 

2000 
Observed Landsat 

Not Plantation Plantation Total 

Observed High 
Resolution Imagery 

Not Plantation 225 20 245 

Plantation 20 198 218 

Total 245 218 463 

Overall Accuracy 91.4% 

Sensitivity 90.8% 

Specificity 91.8% 
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The observed land use patterns preceding oil palm plantation establishment 

differ among the three islands of Sumatra, Kalimantan, and Papua (Figure 4). Sumatra 

was responsible for 669 kha (or 84.9%) of national deforestation due to oil palm in the 

1995–2000 period, but just 107 kha (or 18.3%) in the 2010–2015 period (Figure 4A).  On 

the other hand, Kalimantan was responsible for 107 kha (or 13.6%) of national 

deforestation due to oil palm in the 1995–2000 period, and 407 kha (or 69.6%%) in the 

2010–2015 period (Figure 4C).  The proportion of oil palm plantations replacing forests 

in both Sumatra and Kalimantan declined over the twenty-year study period.  However, 

the decline in Sumatra, from 54.7% of plantations replacing forest from 1995–2000, to 

9.2% from 2010–2015 (Figure 4B), is more pronounced than in Kalimantan, where the 

proportion declined from 49.3% to 20.6% at the same time (Figure 4D).   

In Papua, which hosts just 2% of all oil palm plantations nation-wide in 2015, we 

observe a divergent trend. While on a relatively smaller scale than elsewhere in the 

archipelago, the amount of deforestation driven by oil palm expansion increased five-

fold in Papua, from 12 kha in the 1995–2000 period to 71 kha in the 2010–2015 period 

(Figure 4E). The proportion of new plantations replacing forests is also substantially 

larger than in Sumatra and Kalimantan, and increased over the study period, reaching a 

high of 66.0% from 2010–2015 (Figure 4F).   
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Figure 3: Area (A) and proportion (B) of each land cover category converted to 

oil palm plantation in Indonesia 1995-2015. 
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Figure 4: Area (A, C, E) and proportion (B, D, F) of each land cover category 
converted to oil palm plantation 1995–2015, in Sumatra, Kalimantan, and 

Papua. 
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2.3.3 Suitability for future zero-deforestation oil palm 

There are 48.5 Mha of biophysically suitable land for oil palm cultivation across 

Indonesia, with a roughly even distribution across the archipelago (16.5 Mha in 

Sumatra, 19.4 Mha in Kalimantan, and 12.5 Mha in Papua) (Figure 5).  Nationwide more 

than half of this suitable area (30.2 Mha) was not forested in 2011.  However, non-forest 

land suitable for oil palm production is not evenly distributed across the archipelago; 

15.2 Mha is on Sumatra, 13.0 Mha is on Kalimantan, and just 2.0 Mha is found in Papua. 

Except for West Sumatra, more than 80% of the biophysically suitable land in all 

Sumatran provinces is not forested. More than 80% of the suitable land in South and 

West Kalimantan is also non-forest. On the other hand, less than 50% of the suitable land 

in Central and East Kalimantan, and less than 20% of the suitable land in the provinces 

of Papua and West Papua, is non-forest.   

 

Figure 5: Biophysically suitable land for oil palm cultivation in Indonesia. 
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2.4 Discussion 

2.4.1 Policy context 

Government regulations designed to reduce the impacts of oil palm agriculture 

on forests have historically had limited success in Indonesia. The 2011 moratorium on 

new permits for oil palm expansion in primary forests and peatlands is one notable 

example (Murdiyarso et al., 2011). The modest impact of the moratorium on slowing 

deforestation may be due to the partial protection of forests by the policy (Busch et al., 

2015), poor dissemination of information about the moratorium to local implementing 

agencies (Austin et al., 2014), weak law enforcement, and local vested interests (Pirard et 

al., 2017). In recognition of these challenges, non-governmental organizations and 

advocacy groups have increasingly focused on market-based conservation strategies, 

including certification schemes and commodity roundtables, which rely on consumer 

pressure to incentivize companies to improve their social and environmental 

performance (Lambin et al., 2014).  More recently, advocacy organizations have called 

for strengthened standards with respect to oil palm driven deforestation than under 

previous market-based approaches (Climate Focus, 2016).  These campaigns highlighted 

deforestation as a reputational risk and a threat to market access, and prompted more 

than 400 companies to commit to zero deforestation supply chains (Donofrio et al., 

2017).   
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Ex-post assessments have documented significant impacts of pledges to 

eliminate deforestation in other regions and commodity supply chains. This includes the 

timber industry in Chile (Heilmayr and Lambin, 2016) and Indonesia (Miteva et al., 

2015) and in the soy and beef industries in Brazil (Gibbs et al., 2016; Macedo et al., 2012). 

However, these and other studies have also noted several limitations to these 

commitments that could reduce or neutralize their effectiveness.  These include leakage, 

in which expansion onto existing agricultural land shifts agriculture to the forest frontier 

(Arima et al., 2011), laundering, where commodities causing deforestation are sold 

through a compliant property (Gibbs et al., 2016), market segmentation, when producers 

sell non-compliant products to consumers with lower environmental standards 

(Heilmayr and Lambin, 2016), and the absence of legal and legislative support to 

implement zero-deforestation commitments (Streck and Lee, 2016). 

In the following sections we discuss the heterogeneous patterns of oil palm 

driven deforestation across different regions of Indonesia, to provide a more refined 

understanding of the potential impact of zero-deforestation commitments on rates of 

deforestation.  We additionally highlight key implementation challenges that companies 

and government agencies may need to consider as these commitments are put into 

practice.       
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2.4.2 Regional patterns  

The observed pattern in oil palm driven deforestation nationwide is the result of 

opposing trends in Sumatra and Kalimantan over the study period.  While the rate of 

plantation expansion levelled off and the area of oil palm driven deforestation declined 

in Sumatra, production shifted to Kalimantan, where it drove increasing deforestation. 

In both regions the proportion of oil palm expansion resulting in forest loss declined 

from 1995–2015.  Expansion patterns therefore increasingly resemble patterns 

documented in South and Central America, where the majority of recent oil palm 

expansion occurred on non-forest land made available due to a long history of export-

oriented commodity agriculture and ranching (Furumo and Aide, 2017; Vijay et al., 

2016). 

In Sumatra, plantation expansion has plateaued, and we observed a marked 

decline in both the total amount of deforestation driven by oil palm, and the proportion 

of expansion resulting in deforestation.  Less than one-quarter of plantations after 2000, 

and < 10% of plantations from 2010–2015, replaced natural forest land.  This trend is 

likely due to Sumatra’s relatively long history of plantation agriculture and higher 

population density, which resulted in large non-forest areas available for deforestation-

free plantation expansion.  This non-forest area includes planted forest, including pulp 

and paper and rubber plantations, which may not be considered eligible for zero-

deforestation production according to recent consensus mapping approaches unless 
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they have been abandoned (Rosoman et al., 2017).  We estimate that more than 90% of 

the more suitable land for oil palm cultivation in Sumatra is no longer covered by 

natural forest, suggesting that future oil palm expansion will continue predominantly in 

non-forest areas even in the absence of policy interventions.   

The expansion of oil palm plantations in Kalimantan accelerated after 2000 due 

to policy reforms in the late 1990s which facilitated a favorable investment climate and 

attractive leases (Bissonnette and De Koninck, 2015).  The resulting rapid plantation 

expansion caused an increase in deforestation due to oil palm, even as the proportion of 

plantations replacing forests declined from almost half in 1995–2000, to approximately 

one-fifth in the 2010–2015 period.  Our results for Kalimantan are consistent with those 

of Gaveau et al., who also report approximately 600 kha of oil palm driven deforestation 

from 2005–2015, at the same time as the proportion of new plantations replacing forest 

steadily decreased.  We additionally estimate that two-thirds of the suitable land for oil 

palm cultivation is not forested across the island of Kalimantan, and sufficient to 

accommodate substantial future deforestation-free expansion. However, less than 50% 

of the suitable land is non-forest in Central and East Kalimantan, suggesting that zero-

deforestation commitments may be more constraining in those provinces.   

There has been relatively little expansion of plantations in Papua up to present, 

though the region is seen as a new frontier for future oil palm development (Kesaulija et 

al., 2014).  Due to high remaining forest cover and low historic rates of deforestation, 
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more than two-thirds of plantations in Papua replaced forest land from 2010–2015. In 

addition, while the region hosts large areas of suitable land for oil palm cultivation, just 

16% of this area, or 2.0 Mha, was non-forest in 2011.  As companies begin take 

deforestation risk into account, the greater risk of deforestation due to oil palm 

expansion in Papua could result in less investment in the region.  The same may be true 

in other frontiers of oil palm expansion with extensive remaining forest cover, including 

for example many countries in Central Africa (Austin et al., 2017).   

2.4.3 Indirect land use change  

Natural forest cover loss increased in Indonesia since at least the year 2000, 

reaching 839,000 ha in 2012 (Margono et al., 2014).  Over the same period, we estimate 

that oil palm driven deforestation decreased, contributing approximately 14% of the 

total nationwide deforestation from 2010–2015.  However, it is possible that increasing 

oil palm expansion onto non-forest land, particularly agriculture land in Sumatra and 

Kalimantan, could have resulted in the displacement of less profitable agricultural 

activities to the forest frontier (Gatto et al., 2015).   

Leakage of deforestation due to voluntary sustainability commitments made by 

commodity producers has been documented in other contexts.  For example, after the 

implementation of the soy moratorium in the Brazilian Amazon, Macedo et al. reported 

that soy increasingly expanded onto existing agricultural and pasture lands, resulting in 

a substantial decrease in direct deforestation (Macedo et al., 2012).  However, Arima et 
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al. demonstrated that soy expansion onto pasture lands indirectly drove an even larger 

area of deforestation elsewhere, calling into question the effectiveness of the anti-

deforestation strategy (Arima et al., 2011).   

Importantly, the types of agricultural land replaced by large scale oil palm 

plantations may include smallholder oil palm agriculture.  Smallholder oil palm 

comprises more than one-third of Indonesia’s national production (Rist et al., 2010), but 

small farms have not been mapped nationally and are not distinguished by the MoEF 

land cover maps. Mosnier et al. estimate that one of the impacts of industry zero-

deforestation commitments will be to increase smallholder cultivated area, resulting in 

higher rates of deforestation attributable to smallholders (Mosnier et al., 2017).  

Additional research to determine the specific land uses which were replaced by oil palm 

plantations, and whether leakage occurred using statistical analyses, e.g. via economic 

simulation models (Meyfroidt et al., 2013), is a priority next step.   

2.4.4 Regulatory obstacles  

We find that Sumatra and Kalimantan host substantial non-forest areas which 

are potentially suitable for oil palm cultivation.  However, the extent to which 

companies will be able to take advantage of these landscapes is limited by several 

factors (Goh, in review).  Key among these obstacles are spatial plans for oil palm 

expansion developed by government planning and permit granting agencies.  These 

agencies wield considerable influence in determining where oil palm is legally allowed 
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to expand, and the considerable area of forest land within the current portfolio of 

permits suggests that land use plans do not yet reflect the private sector zero 

deforestation agenda (Carlson et al., 2013).  In addition, the legal mechanisms for a 

company to protect forests within the boundaries of an existing permit are limited, and 

the mechanisms enabling a company to swap an existing permit in a forested area for an 

equivalent permit in a non-forest location are complex and costly (Rosenbarger et al., 

2013). The lack of a supportive legal and regulatory framework for zero-deforestation 

commitments may hinder their implementation and ultimately their effectiveness 

(Streck and Lee, 2016).   

2.4.5 Other considerations 

Our analysis is based on land cover data from the Ministry of Environment and 

Forestry, which is largely consistent with data on forest cover from Margono et al. 2014.  

However, both products use a definition of forest which does not include secondary 

forest cover that is regenerating from a previous clearing.  Protecting regenerating 

forests could support valuable biodiversity resources and provide carbon sequestration 

services, and has been proposed for inclusion in the definition of ‘forest’ underpinning 

zero-deforestation commitments (Rosoman et al., 2017).  Improved maps of areas of 

forest regrowth will enable the incorporation of this land cover category in future 

analyses.   
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This study does not consider areas hosting exceptional levels of biodiversity, 

significant ecosystem services, important values for local communities, or other high 

conservation value (HCV) attributes.  There is a risk that zero-deforestation 

commitments could shift expansion onto non-forest areas that are also HCV, including 

native grassland and savannah habitats (Austin et al., 2017).  As maps of HCV land 

characteristics are developed, it will be important to examine whether the observed shift 

in plantations expansion away from forest land results in an increase in the conversion 

of non-forest HCV areas.   

We note that the proportion of plantations expanding on peat lands remained 

steady at approximately 20% across our study period, and the total area of plantations 

expanding on peat lands increased at the same time, to more than 600 kha in the 2010–

2015 period.  However, we do not consider whether the areas of peat converted to oil 

palm plantations had been previously drained or degraded for other uses.  Most zero-

deforestation commitments include provisions to avoid conversion of peat lands as well 

as forests.  Given that the proportion of plantations expanding on peat lands has not 

declined in the same pattern as we observe in forest areas, it is possible that these 

pledges could have a substantial impact on rates of peat land conversion and 

degradation.  Improved maps of peat extent, depth, and management status will enable 

more detailed evaluation of this potential.   
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2.5 Conclusion  

Zero-deforestation commitments are now commonplace among oil palm growers 

and consumer goods companies. There is growing interest in assessing the extent to 

which these commitments will address a key driver of deforestation in Indonesia 

(Bregman et al., 2016; McCarthy, 2016; Mosnier et al., 2017).  This study provides the 

most up to date nationwide data on trends in oil palm driven deforestation, informing 

the potential effectiveness of these pledges. We find that oil palm production continues 

to be a notable driver of deforestation in Indonesia, and the rate of oil palm driven 

deforestation has remained relatively stable since 2005, averaging 117,000 ha annually.  

However, we also note that the proportion of oil palm expansion resulting in forest loss 

declined over our study period, reaching less than one-fifth by 2015.  This suggests that 

oil palm expansion increasingly occurred in non-forest areas even in the absence of zero-

deforestation commitments. In addition, we find that there is a large area of potentially 

suitable land for oil palm that is not forested in Sumatra and Kalimantan, suggesting 

that zero-deforestation pledges may not constrain future plantation expansion in these 

regions.  However, these commitments have the potential to accelerate an ongoing 

transition towards 100% deforestation-free oil palm nationwide, and may prevent future 

expansion from shifting to areas with high remaining forest cover and historically low 

rates of deforestation, such as Papua.   
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3. Reconciling Oil Palm Expansion and Climate Change 
Mitigation in Kalimantan, Indonesia 

3.1 Introduction 

Meeting growing demand for food, fiber and fuel while minimizing 

environmental degradation is a critical societal challenge (MEA, 2005; Foley et al., 2011). 

Global agricultural production will need to at least double in order to match demand 

from a rapidly growing population, putting acute and widespread pressure on natural 

resources (Godfray et al., 2010; Tilman, et al., 2011). Climate change is one of the most 

significant global impacts of agriculture. The Intergovernmental Panel on Climate 

Change reports that agriculture and land use change contribute one quarter of global 

greenhouse gas (GHG) emissions (IPCC, 2014). Mitigating these emissions while 

simultaneously achieving increases in food production will require a departure from 

business as usual (BAU), including improved land use management practices (Hertel, 

2011).  

Indonesia, which has the highest rate of primary forest loss and the fourth 

highest GHG emissions in the world, exemplifies this global challenge (Margono, et al., 

2014; Oliver, et al., 2012).  In 2015, the nation embarked on a strategy to reduce GHG 

emissions by 29% unilaterally, and up to 41% with international support, below a 

projected baseline by 2020 (Government of Indonesia, 2015). The majority of pledged 

emissions reductions will be accomplished by reducing deforestation and forest and 

peat land degradation. These conditions are driven in large part by conversion for oil 
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palm and timber plantations, which contribute more than three quarters of national 

GHG emissions (Abood, et al., 2014; UKP4, 2012).  

Indonesia has also pledged to grow its agricultural sector, including doubling 

palm oil production by 2020 (Maulia, 2010). Palm oil is the most abundant vegetable oil 

globally, with production increasing more rapidly than any other oil crop in the world 

(USDA, 2016). Indonesia produces more than 50% of global palm oil, and its 2011 palm 

oil exports generated 19 billion USD (BPS, 2016). Several studies have suggested that oil 

palm is a principal driver of deforestation and associated GHG emissions nationwide 

(Carlson et al., 2013; Gunarso, et al., 2013; Ramdani & Hino, 2013). Oil palm expansion 

could therefore jeopardize Indonesia’s GHG reduction commitment. In 2011, in an effort 

to improve governance and management of forest resources, the government announced 

a moratorium on all new concessions in primary natural forests and peat lands 

(Government of Indonesia, 2011). More recently, several palm oil companies have 

committed to eliminate deforestation and peat land conversion from their supply chains. 

As of February 2015, more than 90% of the world’s internationally traded palm oil was 

bound by these commitments (Butler, 2015).  

The objective of this study is to quantify the potential CO2 emissions reductions 

achievable via the extension of the current moratorium to the year 2020 and the 

implementation of low-emissions land use strategies by the oil palm industry in 

Kalimantan (Indonesian Borneo). This region contributes one quarter of Indonesia’s 
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current palm oil production, and the Indonesian Ministry of Forestry has identified it as 

a priority area for oil palm expansion (BPS, 2016; USDA, 2009). To do this, we predict 

where expansion of new oil palm plantations is likely to occur in Kalimantan between 

2010–2020, using a logistic regression model that uses data on recent expansion of oil 

palm plantations and a set of explanatory variables describing biophysical suitability 

and infrastructure proximity. We use the regression model to predict expansion and 

estimate resulting CO2 emissions under six alternative land management scenarios, 

including (i) a BAU scenario, (ii) an alternative BAU scenario in which expansion is 

constrained to existing permits, and (iii) a moratorium scenario defined by the Ministry 

of Forestry’s Indicative Moratorium Map (MoF, 2013). We also evaluate three possible 

low-emissions land use scenarios: (iv) a peat and forest protection scenario which 

prohibits the expansion of new plantations on peat lands of any depth, and primary and 

secondary forests; (v) a moderate carbon threshold scenario which prevents plantations 

on all peat lands and areas with greater than 120 tC ha-1; and (vi) a strict carbon 

threshold scenario which precludes plantations from all peat lands and areas with 

greater than 40 tC ha-1. 

3.2 Methods  

3.2.1 Conceptual Framework  

We used a logistic regression model to estimate the probability that land will be 

converted to an oil palm plantation. Logistic regression relates a binary response 
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variable (in this case, 1=plantation, 0= other land use) to a set of explanatory variables. 

These models have been successfully used to predict land conversion for agricultural 

expansion across the humid tropics (Etter et al., 2006; McConnel et al., 2003; Stolle and 

Lambin, 2003). 

Expected profits, as determined by yields, prices, costs, and risks, drive oil palm 

expansion. Biophysical factors, including climate, topography and soil characteristics, 

influence yields (Hartley, 1967). The international price of palm oil is common across 

countries, but within countries it varies by distance from ports and other export points. 

Costs are dependent on biophysical factors, the local labor market, infrastructure (which 

can be proxied by direct measures, like distance to major roads, or indirect ones, like 

distance to existing plantations and concessions), and remoteness, which makes inputs 

more expensive. Cost of capital also contributes to total cost, but interest rates are not a 

factor that varies across space at a given point in time. Finally, one of the most important 

components of risk is related to governance. Factors such as corruption and 

governmental instability can either accelerate or decelerate natural resource exploitation 

during the investment and production stages of resource-development projects (Farzin, 

1984; Ferreira and Vincent, 2010). In addition to affecting expected profits directly, 

prices, costs, and risks also influence profits indirectly via yields, through their impacts 

on plantations’ use of inputs (e.g., fertilizer) and investments in land-management 

practices (e.g., terracing). 
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Given this context, we selected explanatory variables that influence yields, 

prices, costs, and risks. These variables fall into two broad categories: those describing 

biophysical suitability, and those describing proximity to infrastructure. We also 

included district-level binary variables (“dummies”) to control for fixed effects 

(unobserved sources of mean differences) between districts, which implicitly include 

governance and labor availability. The risk of overfitting from including these dummies 

is negligible because the number of dummies (51) is very small compared to the number 

of degrees of freedom in the model (more than 5,000). 

3.2.2 Model of oil palm plantation expansion 

Using new oil palm plantations from Gunarso et al. (2013) as the dependent 

variable, we estimated generalized linear models with a binomial link function using the 

GLM function in R v. 2.13.1 (R Core Team, 2012). We estimated one model for the entire 

2000–2010 period and two sub-decade models for 2000–2005 and 2005-2010. To generate 

a set of explanatory variables to fit these models, we drew a random sample of 250x250 

meter pixels across Kalimantan at elevations less than 1000 meters, above which land is 

not suitable for oil palm cultivation. Including pixels above this elevation would have 

artificially inflated the model’s fit by including areas that are far outside the suitable 

range for expansion (Mantel et al., 2007).  To minimize spatial dependence among 

observations, we required at least seven kilometers between draws, corresponding to the 

square root of the average plantation size. The resulting sample sizes were N = 5155 



 

53 

pixels for the 2000–2010 model (1022 inside plantations, 4133 outside), N = 2394 pixels 

for the 2000–2005 model (422 inside, 1972 outside), and N = 2761 pixels for the 2005–2010 

model (600 inside, 2161 outside).  Validation of the model was performed by comparing 

model predictions to 8 million pixels withheld from the 2000–2010 model (0.3 million 

inside, 7.7 million outside). 

Biophysical explanatory variables in the models include elevation and slope 

(USGS, 2004), annual precipitation, annual dry season precipitation, annual mean 

temperature (Hijmans et al., 2005), soil depth, drainage and acidity (RePPProT, 1990), 

and vegetation biomass (Saatchi et al., 2011). Infrastructure explanatory variables 

include distance to existing oil palm plantations (Gunarso et al., 2013), distance to 

existing oil palm concessions (Forestry, 2010b), and distance to ports, roads and rivers 

(Minnemeyer et al., 2009). We included only major roads, defined as roads longer than 5 

km, and the major ports of Pontianak, Sampit, Banjarmasin, Balikpapan, and Samarinda. 

Distance to minor roads and palm oil mills were omitted in order to avoid simultaneity 

bias, as roads and mills are frequently jointly determined with plantation expansion 

(Wooldridge, 2009). All variables were defined at the beginning of the time period 

analyzed (i.e., 2000 for analyses of plantation expansion during 2000–2010 and 2000–

2005). Distance to existing plantations was defined at the beginning of 2005 for analysis 

of expansion during 2005–2010.  
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To reduce the risk of omitted variables bias, in which coefficients on variables 

included in the model are biased as a result of picking up the effects of excluded 

variables (Wooldridge, 2009), we included the full set of explanatory variables in our 

preferred model, regardless of their significance levels. Omitted variables bias is a more 

serious problem in multivariate models than multicollinearity, which inflates the 

standard errors of coefficients but does not bias the coefficients themselves. In addition, 

we found that variance inflation factors were all much less than 10, a common threshold 

for detecting multicollinearity, indicating little evidence of large correlations in a 

multivariate sense (Chatterjee and Hadi, 2012).  

We used robust Huber-White standard errors clustered by district to test the 

statistical significance of these variables. Clustered robust standard errors correct for 

heteroskedasticity and spatial correlation of the error term (Huber, 1967; White, 1980). 

Failure to account for these problems can result in severely underestimated standard 

errors and exaggerated indications of statistical significance (Angrist and Pischke, 2009). 

The number of districts in the sample (N=52) was sufficiently large to satisfy the 

asymptotic requirements of the clustering adjustment (Angrist and Pischke, 2009). 

We evaluated the model using a Relative Operation Characteristics (ROC) curve 

to identify a threshold probability value that maximizes true positives while minimizing 

false positives (Sing et al., 2005). We applied the resulting threshold to create a binary 

prediction of ‘probable’ versus ‘not-probable’, which we then used to assess model 
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accuracy against observed oil palm plantations in 2010, withholding the 5155 pixels used 

to create the model (Pearce and Ferrier, 2000).  

3.2.3 Scenario development 

Gunarso et al. (2013) estimated an increase of 0.35 Mha of oil palm plantations 

between 2000–2005 and 1.80 Mha between 2006–2010, totaling 2.2 Mha for the decade. 

Due to the large difference between the expansion rates observed during the first and 

second half of the decade, we used two estimates for the magnitude of expansion. The 

first scenario is based on applying the decade total of 2.2 Mha to the 2010–2020 period. 

The second scenario is based on the assumption that the observed expansion rate of 1.8 

Mha in the second half of the past decade will continue, resulting in 3.6 Mha of 

expansion during 2010–2020. This range brackets the 2.9 Mha required to double the 

observed 2010 oil palm plantation extent.  We next developed maps representing the 

following scenarios: 

A. Business as Usual (BAU) – Excludes existing oil palm plantations, settlements, and 

areas that qualify for protection under Indonesian law (UNEP/GRID-Arendal, 2011). 

In the BAU scenario we did not constrain future expansion to permitted areas but 

found that approximately 40% of future plantation expansion occurs on land already 

licensed for oil palm, but not yet converted.  

B. Permit constrained – In addition to BAU limits, constrains expansion to areas within 

existing permits for oil palm cultivation (MoF, 2010). According to this dataset there 
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are 8.6 Mha of permits designated for oil palm expansion in Kalimantan which have 

not yet been converted to plantations.     

C. Moratorium – In addition to BAU limits, excludes areas protected from new permits 

by the moratorium (MoF, 2013).  

D. Peat and forest protection– In addition to BAU limits, excludes peat lands of any 

depth (Wetlands International, 2004), and primary and secondary forests (MoF, 

2010). This scenario most closely resembles 100% adoption of zero-deforestation 

commitments by oil palm producing companies.  

E. Moderate carbon threshold – In addition to BAU limits, excludes peat lands of any 

depth, and areas with above- and below-ground biomass carbon stock values greater 

than 120 tC ha-1. This carbon threshold differentiates intact and non-degraded forests 

in insular Asia (IPCC, 2006).  

F. Strict carbon threshold – In addition to bAU limits, excludes peat lands of any depth, 

and areas with above- and below-ground biomass carbon stock values greater than 

40 tC ha-1. This threshold reflects the time-averaged carbon stock of oil palm 

plantations and the provisional definition of high carbon stock proposed by the 

Roundtable on Sustainable Palm Oil (Dewi et al., 2009; Sukuwan, 2012). There is 

insufficient area to accommodate all of the projected expansion that have less than 40 

tC ha-1 and greater than 0.5 likelihood of expansion estimated by the regression 

model. We therefore allowed expansion in areas with up to 80 tC ha-1 to 
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accommodate 3.6 Mha expansion and up to 50 tC ha-1 to accommodate 2.2 Mha 

expansion. 

For each scenario we modeled future plantation expansion by assigning 

projected expansion (either 2.2 or 3.6 Mha) within the study area, with the probability of 

expansion at a given pixel determined by the prediction of the logistic regression model. 

We required expansion to occur in clusters averaging 49 km2, corresponding to the mean 

area of observed plantations, in order to better represent realistic expansion patterns 

across the landscape. To estimate precision of the resulting estimates, we conducted 100 

bootstrapped replicates for each expansion scenario.  

3.2.4 Impact estimation  

We estimated CO2 emissions for each scenario by summing the above- and 

below-ground biomass carbon and peat soil carbon estimates within the projected 

expansion area. We used carbon stock data and associated uncertainty estimates from 

Saatchi et al. (2011), converted C to CO2, and assumed all biomass carbon stocks are 

emitted in the year of conversion. Additionally, we used carbon stock data from Baccini 

et al. (2012) to test the sensitivity of this approach to the input carbon stock dataset.  

We estimated CO2 emissions from peat conversion using a 30-year time-averaged 

emission factor of 99 tCO2 ha-1yr-1 ± 37 tCO2 ha-1yr-1 over the projection period (Page et 

al., 2011). This emission factor takes into account emissions due to oxidative 

decomposition but not due to peat fires or due to off-site impacts of drainage (Carlson et 
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al., 2013; Schrier-Uijl et al., 2013). Nor does it include methane or nitrous oxide 

emissions, as these are relatively small and fall well within the uncertainty bounds.   

Information on the potential impacts of each scenario on industry profits can 

provide insight into the political feasibility of different policy scenarios. Scenarios that 

are equivalent in terms of the amount of plantation expansion that they allow (in our 

scenarios, either 2.2 MHa or 3.6 Mha) are not equivalent to the industry and the 

industry’s political supporters if their impacts on profits differ. We assessed the impact 

of a particular scenario on the profitability to the palm oil industry by calculating the 

difference between the mean propensity score for that scenario and the mean score for 

the corresponding BAU scenario. Pixels with identical propensity scores are ones that 

the industry views as equally profitable for plantations, based on the observed 

characteristics included in the logistic regression model. If the mean propensity score 

decreases relative to the BAU scenario, then mean oil palm profits decrease as well. 

Although mean propensity scores can be interpreted as ordinal measures of profitability, 

they are not necessarily cardinal measures. For example, a 10% reduction in mean score 

compared to the mean score for the BAU scenario implies a reduction in profit, but not 

one that necessarily equals 10%.  

Information on impacts on profits is also useful because it can be used to 

determine the cost-effectiveness of the scenarios for reducing GHG emissions, given that 

the industry’s forgone profits represent the costs of achieving the reductions. We 
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calculated a proxy for the cost-effectiveness of the emissions reductions achieved by a 

given scenario by comparing the difference in GHG emissions between that scenario and 

the BAU scenario to the corresponding difference in the mean propensity scores. 

 

3.3 Results 

3.3.1 Model of oil palm plantation expansion 

Our resulting model predicting the likelihood of oil palm plantation expansion 

(Table 2, Figure 6), demonstrates that proximity to infrastructure including existing 

concessions, existing plantations, major ports and major roads, significantly influences 

expansion patterns.  This finding supports previous work by Gaveau et al. (Gaveau et 

al., 2013), who found that oil palm concessions are commonly located in easy to access 

and non-remote areas. Key biophysical variables influencing expansion are elevation 

and soil drainage (P < 0.05), though other biophysical variables including slope and 

precipitation, were not significant in our model (P > 0.05). Limited variation across pixels 

within the same district could also be responsible for the insignificance of some of the 

biophysical variables: the inclusion of the district-level dummy variables strips out the 

between-district variation in all the explanatory variables in the model.  

Overall accuracy of the final model for 2000–2010 is 78.6%, with a false positive 

rate of 22.2% and a false negative rate of 6.1%. Importantly, false positives in this context 

correspond to areas where expansion is predicted by the model but not observed. This 
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type of misclassification is to be expected in the case where there is more land available 

for oil palm plantation development than is currently occupied by plantations.  

Table 2: Logistic regression model describing the probability of oil palm plantation 
expansion in Kalimantan, Indonesia. Reported standard errors are Huber-White robust 

estimates, clustered by district. P-values are based on a two-sided z-test of the null 
hypothesis that the parameter estimate equals zero. Asterisks indicate significance at P < 

0.05. 

  Coefficient 
Standard 
Error 

Pr(>|z|) 

Intercept -1.374 1.626 0.398 

Distance to existing oil palm concessions (km) -1.146 0.292 0.000* 

Distance to existing oil palm plantations (km) -0.391 0.090 0.000* 

Distance to major roads (km) -0.544 0.306 0.076 

Distance to rivers (km) 0.198 0.190 0.299 

Distance to major ports (km) -0.732 0.131 0.000* 

Elevation (m) -0.089 0.024 0.000* 

Slope (%) -0.005 0.020 0.807 

Annual Rainfall (10 cm) -0.008 0.017 0.620 

Rainfall in the Driest Quarter (10 cm) 0.035 0.176 0.844 

Annual Mean Temperature (°C) 0.016 0.055 0.770 

Soil Depth (cm) 0.005 0.023 0.812 

Soil Acidity (pH) -0.073 0.112 0.517 

Soil Drainage Index 0.213 0.100 0.033* 

Biomass Carbon Stocks (10 T C / ha) -0.016 0.021 0.439 

 

3.3.2 Prediction of CO2 emissions under alternative scenarios 

Under a BAU scenario, 128 ± 44 Mt CO2 yr-1 will be emitted if 2.2 Mha of oil palm 

is developed over the decade, and 211 ± 72 Mt CO2 yr-1 will be emitted if 3.6 Mha of oil 

palm is developed (Table 3). When expansion is constrained to existing permits the area 

available for expansion is just 8.3 Mha, compared to 38.4 Mha under the BAU scenario, 
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but emissions stay within ± 3 Mt CO2 yr-1 of the BAU scenario. In the permit constrained 

scenario, emissions decrease slightly relative to BAU when 2.2 Mha of oil palm is 

developed, to 125 ± 43 Mt CO2 yr-1, and increase slightly when 3.6 Mha of oil palm is 

developed, to 213 ± 72 Mt CO2 yr-1.  

By limiting expansion under the moratorium, the peat and forest protection 

scenario, the moderate carbon threshold, and the strict carbon threshold, the area 

available for expansion is reduced to 35.5 Mha, 18.1 Mha, 12.1 Mha, and 3.4 Mha, 

respectively, compared to 38.4 Mha under the unconstrained BAU scenario. By limiting 

new plantations under the current and proposed policy scenarios, emissions from oil 

palm expansion in Kalimantan could be reduced by between 8.9% and 59.6% relative to 

BAU (Table 3). The moratorium, which does not allow new permits in primary forests 

and peat lands, is reducing emissions from oil palm expansion by 8.9–9.7% annually 

(12–19 Mt CO2 yr-1).  By allowing expansion into areas where permits have not yet been 

granted the moratorium scenario results in lower GHG emissions than the permit 

constrained scenario, which allows expansion in existing permits only, many of which 

contain forests with relatively high carbon stocks.  Preventing expansion onto peat lands 

and into primary and secondary forests could reduce emissions by 35% (45–74 Mt CO2 

yr-1) relative to BAU. The additional emissions reduction achievable by this scenario is 

due to the protection of all peat lands and secondary forests, including those within 

existing permits, which are exempted the current moratorium. The 120 tC ha-1 threshold 
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scenario could reduce emissions by 46% (59-96 Mt CO2 yr-1) and the 40 tC ha-1 threshold 

scenario could reduce emissions by 55 – 60% (77-116 Mt CO2 yr-1) relative to BAU.  

 

 

Figure 6: Probability of oil palm plantation expansion in Kalimantan, Indonesia, 
under six alternative expansion scenarios. 
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Table 3: Estimated CO2 emissions due to oil palm plantation establishment 2010–2020. 
The ratio of change in average propensity score to emissions reductions is calculated as 

the difference between the average propensity score relative to the BAU scenario 
divided by the difference between the average CO2 emissions relative to the BAU 

scenario. * Negative value results from an estimate increase in GHG emissions in the 3.6 
Mha permit constrained scenario. 

  
Biomass CO2 
emissions 
(Mt CO2 yr-1) 

Peat CO2 
emissions 
(Mt CO2 yr-

1) 

Total CO2 
emissions 
(Mt CO2 yr-1) 

CO2 

emissions 
relative to 
BAU 

Ratio of 
propensity score 
change to 
emissions 
reduction (1000 t 
CO2 ha-1 yr-1)  

2.2 Mha Expansion  

Business as 
Usual 

87.8 40.7 128.4 ± 43.8 --  -- 

Permit 
constrained 

92.5 32.7 125.1 ± 43.4 -2.6% 36.087 

Moratorium 83.5 32.5 116.0 ± 42.5 -9.7% 11.362 

Peat and Forest 
Protection 

83.1 0 83.1± 38.1 -35.3% 1.749 

120 tC ha-1 
threshold 

69.8 0 69.8 ± 36.7 -45.6% 2.891 

40 tC ha-1 
threshold 

51.8 0 51.8 ± 33.8 -59.6% 2.844 

3.6 Mha Expansion  

Business as 
Usual 

145.0 66.4 211.4 ± 71.9 --  -- 

Permit 
constrained 

154.7 58.1 212.8 ± 72.1 0.6% -130.398 * 

Moratorium 146.0 46.6 192.6 ± 69.4 -8.9% 6.897 

Peat and Forest 
Protection 

137.1 0 137.1 ± 62.4 -35.2% 1.405 

120 tC ha-1 
threshold 

115.3 0 115.3 ± 60.1 -45.5% 2.135 

40 tC ha-1 
threshold 95.1 0 95.1 ± 57.2 -55.0% 3.312 
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3.3.3 Robustness checks 

To evaluate model robustness we compared the results based on the 2000–2010 

model with the results based on the 2005–2010 model. We found that GHG emissions 

from oil palm expansion averaged just 2% higher using the 2005–2010 model than using 

the full decade model. We also compared the GHG emissions estimates in each scenario 

using the full model parameterized with 14 explanatory variables, to the parsimonious 

model parameterized with 5 explanatory variables.  We found that GHG estimates using 

the parsimonious model averaged just 2% higher than the full model. Finally, we 

compared results using our model with Saatchi et al. (2011) biomass data and with 

Baccini et al. (2012) biomass data. We found that the resulting emissions estimates using 

the Baccini et al. data averaged 6% lower than the results using the Saatchi et al. data. 

This may be due to the difference in time between these datasets; Saatchi et al.’s map 

represents carbon stocks in the year 2000 while Baccini et al.’s map represents carbon 

stocks in 2007, during a period when significant deforestation occurred in Kalimantan 

(Margono et al., 2014). These are not large differences and the estimates fall well within 

our confidence intervals. 

3.3.4 Assessment of leakage  

We found that under the BAU scenario and the permit constrained scenario, 

between 39% and 45% of the area of projected oil palm expansion over the decade occurs 

on land that is already cultivated. The proportion of expansion on cultivated land drops 
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slightly relative to BAU under the moratorium scenario, to 39–41%. However, under the 

low-emissions expansion scenarios including peat and forest protection and moderate 

and strict carbon thresholds the proportion of expansion occurring on cultivated land 

increases to 47–54%. This indicates that under the low-emissions expansion scenarios 

there would be 0.04–0.39 Mha of additional agriculture land impacted by oil palm 

expansion that may shift elsewhere. Additional research is needed to understand the 

type of agricultural activities in these areas, the likelihood that these activities would 

shift elsewhere, whether the shift would occur within the region or beyond 

regional/national borders, and the GHG emissions impacts of this shift.  

3.3.5 Assessment of impacts on industry profitability 

We estimate that the average propensity score of pixels selected for expansion 

drops by 4–15% below BAU across the assessed scenarios. These results suggest 

relatively moderate reductions in profits, although as noted earlier the propensity scores 

capture the effects of only observed factors that affect profits and are ordinal, not 

cardinal, measures of impacts on profits. The scenario with the smallest change relative 

to BAU is the peat and forest protection scenario, in which the average propensity score 

decreases by 4% relative to BAU in both the 2.2 Mha and 3.6 Mha cases.  This suggests 

that the oil palm industry may not be substantially impacted by the widespread 

adoption of zero-deforestation supply chain commitments.  
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The ratio of propensity score loss to emissions reductions provides a proxy for 

the relative cost-effectiveness of each scenario, with lower ratios indicating lower cost 

per ton of avoided emissions (Table 3). The moratorium scenario is the least cost 

effective of the low-emissions scenarios evaluated, in part because the scenario results in 

few emissions reductions. The peat and forest protection scenario has the lowest unit-

cost emissions reductions of the scenarios evaluated. Hence, in addition to being favored 

by industry, it represents the least costly way to achieve emissions reductions.  

3.4 Discussion 

Throughout the tropics agriculture is a principal driver of deforestation (Gibbs et 

al., 2010), which contributes 7–14% of global GHG emissions (Harris et al., 2012).  As 

agricultural expansion is expected to continue through 2050, more efficient patterns of 

land use will be needed to reconcile this growth with the goals of forest protection and 

climate change mitigation. The results of this study suggest that diverting oil palm 

expansion in Kalimantan away from high carbon stock landscapes could allow the 

region both to meet oil palm area-expansion goals and avoid significant GHG emissions. 

However, we estimate that achieving the industry’s proportional contribution to the 

nation-wide GHG goal of reducing emissions by 29–41% by 2020 will require more 

stringent restrictions on expansion than have previously been put in place at the 

national level, and these restrictions will reduce industry profits, which can be expected 

to generate resistance to those restrictions.   
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3.4.1 Impact of the Moratorium 

Indonesia’s moratorium has been criticized for not protecting secondary forests 

or high carbon stock forests and peat lands within existing permits, and for leaving 

loopholes for food and energy security, all of which reduce its effectiveness of avoiding 

GHG emissions (Murdiyarso et al., 2011). Previous research has shown that only a 

quarter of the area protected by the moratorium benefits from additional legal 

protection beyond that already provided by protected area designations (Austin et al., 

2014). Additionally, Sloane et al. (Sloan et al., 2012) demonstrate that the areas protected 

by the moratorium are more remote and therefore less likely to be converted.  

We estimate that the moratorium reduces emissions from oil palm expansion by 

approximately 9% below BAU, or less than half of the emissions reductions needed for 

the palm oil industry to contribute it proportional share of the nation-wide mitigation 

goal. However, it is worth noting that the moratorium was not designed to reduce 

emissions on its own. Rather, its primary intent is to reform governance of forest 

resources and improve forest management to reduce GHG emissions in the long run 

(Murdiyarso et al., 2011). For a policy that was not designed for the express purpose of 

emissions mitigation, it does make limited progress towards this goal. The government 

has extended the original moratorium, which now applies through May of 2015 

(Government of Indonesia, 2013). Our analysis suggests that extending the moratorium 
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through 2020 is a productive mitigation strategy, but may not be as cost effective as 

other land management policies aimed at GHG mitigation in the oil palm sector.  

3.4.2 Impact of a Low-Emissions Land Use Strategy 

Diverting agricultural expansion to low carbon stock landscapes is a mitigation 

option included in Indonesia’s National REDD+ Strategy and in provincial low-

emissions development plans (DNPI and Government of Central Kalimantan, 2010; 

DNPI and Government of East Kalimantan, 2011; UKP4, 2012). However, specific 

definitions of low carbon stock have not yet been agreed upon. In this study we 

evaluated alternative formulations of a low-emissions oil palm expansion strategy in 

order compare scenarios based on their expected GHG impacts.    

We find that preventing oil palm expansion on all peat lands of any depth, 

including those within previously permitted but unconverted concessions, and all forest 

land including secondary forests, could significantly increase the GHG emissions 

reductions achievable from the moratorium, to 35% below BAU. Restricting oil palm 

expansion to areas without peat and with less than 120 tC ha-1 or 40 t C ha-1 will achieve 

reductions of 45% and 55–60% below BAU, respectively. Though significant uncertainty 

remains, these findings suggest that the land management strategies evaluated in this 

study could achieve or even exceed the palm oil industry’s proportional share of the 

national emissions reduction goal. The peat and forest protection scenario looks 

especially attractive: it has the lowest impact on industry profits, while still resulting in 
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emissions reductions of 35% below BAU, and as a result of these two effects achieves the 

most cost-effective emissions reductions. 

3.4.3 Limitations to Implementation 

While our study demonstrates that policies which constrain where oil palm 

cultivation may occur have the potential to avoid significant GHG emissions in 

Kalimantan, the question of whether these policies can be fully implemented and 

enforced remains. There are governance, institutional, and economic factors that may 

prevent land use planners and decision-makers from fully implementing more stringent 

restrictions on where oil palm cultivation may expand. Changes in the coefficients on 

the district-level dummy variables in our model between 2000–2005 and 2005–2010 

indicate that these factors are not fixed and that changes in them can have important 

impacts on plantation expansion. 

The regulatory regime responsible for managing oil palm expansion in Indonesia 

has proven ineffective at adequately implementing and enforcing pollution mitigation 

strategies in the sector in the past, indicating that the potential mitigation policies may 

be weakly applied in the future (McCarthy and Zen, 2010). While strong regulations 

may be developed at the national or provincial level, decentralized government agencies 

are responsible for ensuring compliance with these regulations at the district level. These 

agencies are often understaffed and under resourced, and thus their primary interest 

may lie in supporting development (McCarthy and Zen, 2010). Even when incentives are 
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not aligned with industry, district agencies frequently do not have access to data on 

which to assess permit applications for their potential negative environmental impacts, 

including accurate maps of the moratorium, peat land extent, and locally specific carbon 

stock data (Austin et al., 2014; Paoli et al., 2013).  

In addition, restricting oil palm expansion to low carbon stock, non-forest land 

may be conflict with prior land uses. We find that at least 40–50% of the area of 

predicted expansion occurs on lands already under some form of cultivation, indicating 

significant occupation of these areas.  Previous studies have observed conflicts between 

palm oil companies and local communities, particularly in cases where land rights are 

unclear, benefits are unevenly distributed, and in the absence of free, prior, and 

informed consent of local communities (Obidinski et al., 2012; Rist et al., 2010). 

Additional research which considers customary land tenure rights is essential to more 

accurately estimate the potential GHG emissions reductions achievable in the sector.  

Due to inadequate enforcement or incentive mechanisms to ensure compliance 

with regulations, industry buy-in is essential to the success of any long-term mitigation 

strategy in the sector (Lee et al., 2013). The new wave of corporate commitments to 

eliminate deforestation and peat land conversion from the palm oil supply chain 

indicates that industry commitment to sustainable palm oil production is growing. The 

present analysis further suggests that this strategy may not have large impacts on 

profits, and is the most cost-effective of proposed or enacted policy interventions.   
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4. A Review of Land-based Greenhouse Gas Flux 
Estimates in Indonesia 

4.1 Introduction 

At the Paris Conference of Parties to the United Nations Framework Convention 

on Climate Change (UNFCCC) in 2015, 195 countries committed to reduce 

anthropogenic greenhouse gas (GHG) emissions (UNFCCC, 2016). Land use, land use 

change, and forestry (LULUCF) features prominently in the Paris Agreement, with 83% 

of countries including mitigation actions in this sector in their Nationally Determined 

Contributions (NDCs) (FAO, 2016). Collectively, these activities are expected to 

contribute up to one-quarter of all pledged emissions reductions (Forsell et al., 2016; 

Grassi et al., 2017). Despite their importance, LULUCF emissions and removals remain 

the most uncertain component of the carbon budget (Houghton et al., 2012). The range 

of published estimates of global LULUCF fluxes differ by up to a factor of two (Pongratz 

et al., 2014), and these discrepancies can be even larger at the scale of individual 

countries (Roman-Cuesta et al., 2016).  

Underpinning the success of mitigation actions such as those outlined in the 

NDCs are reliable national GHG inventories. The Intergovernmental Panel on Climate 

Change (IPCC) provides guidance for producing unbiased GHG inventories that are 

reported in a transparent way, and are complete, comparable, consistent over time, and 

accurate (collectively, these are referred to as the TCCCA principles) (IPCC, 2003, 2006a, 

2013). There has been growing focus on improving the accuracy of LULUCF GHG 
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inventories by investing in data collection, including mapping land cover and land 

conversion, and measuring corresponding GHG fluxes (Baker et al., 2010; GOFC-GOLD, 

2016). However, the underlying reasons for differences among GHG flux estimates go 

beyond documented challenges with respect to input data measurement and accuracy 

(Pongratz et al., 2014). In calculating LULUCF GHG fluxes, there are many acceptable 

methodological alternatives which may be motivated by various policy questions, and 

which produce different results. Recent studies suggest that the magnitude of 

disagreement in inventory GHG flux estimates introduced by these alternative 

assumptions, definitions, and degrees of inventory completeness, rivals the scale of 

uncertainty associated with input data (Federici et al., 2017; Houghton et al., 2012; Milne 

and Grubnic, 2011; Pelletier et al., 2013).   

For example, Pongratz et al. reported that the two-fold difference in published 

estimates of global LULUCF fluxes is largely the result of variable treatment of land use 

feedbacks, carbon sinks, and legacy carbon fluxes (Pongratz et al., 2014). Another study 

determined that the discrepancy between Harris et al.’s estimate of 3.0 Gt CO2 yr-1 due to 

pan-tropical deforestation (Harris et al., 2012b), and Baccini et al.’s estimate of 8.1 Gt CO2 

yr-1 (Baccini et al., 2012), is due to differences in the scope of activities and carbon pools 

included, the spatial scale of analysis, and whether emissions were modeled over time or 

assumed to occur instantaneously (Harris et al., 2012a). Similarly, Calle et al. found that 

the differences between published estimates of GHG flux across Asia, which range from 
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a net sink of -0.6 Gt CO2e yr-1 to net source of 1.5 Gt CO2e yr-1 for the 2000s, can be 

attributed to different decisions about if and how to incorporate various flux 

components (Calle et al., 2016).   

Despite the impact of alternative methods, assumptions, and definitions on the 

wide range in reported global and regional GHG fluxes, there have been few studies of 

their impacts on national GHG inventory estimates. The present study examines the 

underlying reasons for differences among LULUCF GHG inventories, using Indonesia 

as a case study. Indonesia ranks among the top ten GHG emitters in the world (CAIT, 

2014), and at least 40% of national emissions derive from LULUCF activities (Republic of 

Indonesia, 2016). However, there are six recent government-led GHG inventories that 

have reported average annual emissions from LULUCF of between 0.4–1.1 Gt CO2e yr-1 

over the 2000–2012 period (Figure 7). The discrepancy between the lowest and highest 

reported estimate is 0.7 Gt CO2e, a difference only somewhat less than the country’s 

NDC commitment to unconditionally reduce GHG emissions by 29%, or 0.8 Gt CO2e, 

below a projected baseline by 2030 (Republic of Indonesia, 2016).   
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Figure 7: Reported estimates of land-based GHG emissions in Indonesia from six 
national inventories. 

 

We assess the extent to which the observed differences among inventory GHG 

flux estimates are due to variations in input data, inventory completeness, and other 

methods, assumptions, and definitions. To do this, we systematically reviewed the 

construction of six publicly available estimates of historical LULUCF GHG emissions 

inventories in Indonesia. We next repeated the national GHG inventory using a common 

reference approach, and iteratively modified individual assumptions and definitions, to 

test the sensitivity of the overall flux estimate to these changes. This sensitivity 

assessment does not take the place of a formal inventory uncertainty assessment, which 

propagates uncertainties associated with emissions factors and activity data through an 

inventory to estimate the overall distribution of uncertainty (e.g. via Monte Carlo 
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analysis). Instead, it allows us to isolate the uncertainties associated with input data 

from differences in inventory estimates which are artifacts of alternative methods, 

assumptions, and definitions.   

In the absence of clearly reported and disaggregated GHG flux estimates, there is 

a risk that various inventories, designed for different purposes and using different 

methods, will be directly compared. This could lead to biased conclusions concerning, 

for example, the magnitude of GHG emissions reductions, or emissions trends over 

time. This study improves our understanding of the way that LULUCF GHG fluxes are 

calculated in practice, and how variations influence the magnitude of flux estimates, in 

Indonesia. This is an important first step towards ensuring that inventories are 

compared in appropriate ways, tracking emissions using a consistent time series, and 

reliably determining whether abatement actions are achieving their intended impacts.   

4.2 Methods 

4.2.1 Review of GHG inventories in Indonesia  

We reviewed six recent government-led inventories that estimated and reported 

historical GHG emissions and removals from LULUCF, including peat drainage and 

peat fires, between 2000–2012 (Table 4).  Different government agencies developed these 

estimates, often in collaboration with non-governmental research organizations, 

academic researchers and civil society experts. The inventories fulfilled a range of both 

domestic policy requirements and international reporting obligations, including the 
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National Action Plan to Reduce GHG Emissions (RAN-GRK), biennial update reporting 

to the UNFCCC (UNFCCC, 2012), and forest reference emission level (FRELs) 

development developed for the Reducing Emissions from Deforestation and Forest 

Degradation (REDD+) program (UNFCCC, 2014).  

We systematically examined the input data and methods, assumptions, and 

definitions, used to construct each GHG inventory. This included assessing their 

approaches to: 1) delineating the geographic extent within which GHG fluxes are 

estimates; 2) selecting which GHG emitting or removing activities are included; 3) 

estimating fluxes from above- and below-ground biomass (AGB and BGB), necromass in 

litter and debris, and/or soil organic matter; 4) including greenhouse gases including 

carbon dioxide, methane, and/or nitrous oxide; 5) incorporating legacy fluxes, or GHG 

fluxes due to historical land cover change activities that occurred prior to the base year 

but continue during the inventory timeframe (Ramankutty et al., 2007); and 6) 

accounting for carbon sequestration in land cover following a deforestation event.   

4.2.2 Sensitivity assessment  

We conducted a sensitivity assessment to determine the impact of observed 

methodological differences on emissions estimates. To do this, we developed a simple 

reference GHG flux estimate for deforestation, peat drainage, and peat fire activities 

using average activity data over the 2000–2012 period. This reference case is not a 

refinement of previous GHG estimates, but rather a neutral inventory which we used as 
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a tool for comparing alternative methods.  Because we controlled the input data and 

underlying methods generating the GHG estimate, we could introduce individual 

changes while holding all other factors constant.   

Table 4: List of National GHG inventories from Indonesia.   

Inventory 
Name 

Purpose 
Funding 
source 

Reference 

FREL 
2014 

Establishment of a national forest 
reference emissions level (FREL), per 
Minister of Forestry Decree 633/2014. 

NORAD 

Sugardiman et al. (2014) Setting forest 
reference emissions level for Indonesia. 
Directorate General of Forestry 
Planning, Ministry of Forestry 
Indonesia, Jakarta, Indonesia. Center 
for International Forestry Research, 
Bogor, Indonesia.   

BP 
REDD+ 
2015 

Development of national forest reference 
emission level (FREL) for deforestation 
and forest degradation in the context of 
results-based payments for REDD+, 
according to UNFCCC decision 12/CP.17.  

Norwegian 
Government 
funding through 
the UNDP 

BP REDD+ (2015) National Forest 
Reference Emission Level for 
Deforestation and Forest Degradation 
in the Context of the Activities Referred 
to in Decision 1/CP.16, Paragraph 70 
(Under the UNFCCC: A Reference for 
Decision Makers. BP-REDD+, Jakarta, 
Indonesia 

INCAS 
2015 

Development of national platform for 
greenhouse gas accounting to meet 
measurement, reporting and verification 
(MRV) requirements in the land based 
sectors.  

Australian 
Government 

Krisnawati et al. (2015) National 
Inventory of Greenhouse Gas 
Emissions and Removals on 
Indonesia’s Forests and Peatlands. 
Research, Development and Innovation 
Agency of the Ministry of Environment 
and Forestry. Bogor, Indonesia. 

NDC 
2015 

Provide information on the development of 
the baseline underlying Indonesia’s 
National Action Plan to reduce GHG 
emissions (RAN-GRK) and the country’s 
Nationally Determined Contribution (NDC) 
submission to the UNFCCC. 

State Budget 
BAPPENAS (2015) Dokumen 
Pendukung Penyusuan INDC 
Indonesia (Draft 11.08.15). 

BUR 
2015 

Biennial Update Report (BUR) and third 
national communication to the UNFCCC.  

State Budget, 
Global 
Environment 
Facility (GEF), 
and UNDP 

Republic of Indonesia (2015) First 
Biennial Update Report (BUR) Under 
the United Nations Framework 
Convention on Climate Change 
(UNFCCC).  Directorate General of 
Climate Change, The Ministry of 
Environment and Forestry, Jakarta, 
Indonesia.   

FREL 
2016 

Development of FREL in the context 
REDD+. The MoEF formally submitted the 
FREL to the UNFCCC in January 2016. 
Based on a technical assessment by the 
UNFCCC, MoEF submitted a modified 
version of the FREL in May 2016, which 
improved clarity and transparency but did 
not alter the originally constructed FREL.   

State Budget, 
Norwegian 
Government 

Republic of Indonesia (2016) National 
Forest Reference Emissions Level for 
Deforestation and Forest Degradation 
in the Context of Decision 1/CP.16 para 
70 UNFCCC. Directorate General of 
Climate Change, The Ministry of 
Environment and Forestry, Jakarta, 
Indonesia.   
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To estimate deforestation emissions we quantified the area of conversion among 

six forest classes, two plantation classes, and two non-forest classes from 2000–2003, 

2003–2006, 2006–2009, and 2009–2012, using data from the Ministry of Environment and 

Forestry (MoEF, 2015b). We used nationally specific carbon stock values to estimate 

GHG fluxes due to each type of land cover conversion (Krisnawati et al., 2015).  To 

estimate GHG fluxes due to peat drainage, we assumed deforestation on peat lands is a 

proxy for peat drainage, and used default emissions factors (IPCC, 2013).  To estimate 

GHG emissions from peat fires, we used MODIS active fire data to estimate the area of 

peat soils impacted by fire (MCD14ML), nationally specific estimates of the mass of fuel 

burnt (Krisnawati et al., 2015), and default emissions factors (IPCC, 2013).  We also 

estimated emissions from forest degradation and removals from forest restoration, but 

did not test the impacts of modifications to the estimation methods for these activities.   

We compared our reference GHG flux estimate to the results based on observed 

differences in input data and estimation methods, summarized in Table 5. We did not 

test the impact of all possible theoretical modifications to the reference estimate, but 

rather focused on the approaches that existing Indonesian inventories put in practice, to 

identify the causes of discrepancies among actual inventory estimates. For example, 

none of the inventories accounted for carbon transfers to harvested wood products, or 

differentiated natural from anthropogenic disturbances using a managed land proxy, 

and we therefore excluded these from our assessment of alternative methods.  In 
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addition, we did not test the impact of incorporating alternative datasets outside the 

scope of what previous inventories have already used.  For example, we did not test the 

impact of using burned area data, rather than active fire data, although the recent release 

of Collection 6 MODIS burned area product could improve estimates of the extent of 

peat lands impacted by fire (Giglio et al., 2016).   

Table 5: Modifications to the reference GHG emissions estimation method 
used by GHG emissions inventories from Indonesia.  If the inventory is not listed in 
the final column, it matches the reference. However, omissions of the NDC 2015 and 
BUR 2015o from the final column is due to lack of data rather than a correspondence 

with the reference inventory.      

Activity 
Modification to the 
reference case 

Description 
Inventories 
including this 
modification 

Deforestation 

Include plantation forest 
loss 

Include tree plantations in the definition of 
forest, and resulting GHG fluxes due to tree 
cover loss in these landscapes. 

INCAS 2015 

Include belowground 
biomass (BGB) and 
necromass 

Include default estimates of GHG fluxes from 
the oxidation of carbon stocks in BGB and 
necromass/ litter pools 

FREL 2014 (BGB 
only) 
INCAS 2015 

Use alternative emissions 
factors 

Use alternative deforestation emissions factors FREL 2014 

Account for net emissions 
Account for carbon sequestration in regrowing 
vegetation after a deforestation event  

FREL 2014 
INCAS 2015 

Peat 
Drainage 

Use peat forest 
degradation as a proxy for 
drainage 

Assume that forest degradation on peat lands 
resulted in peat drainage and associated 
emissions 

INCAS 2015 
BPREDD+ 2015 
FREL 2016 

Account for Non-CO2 
fluxes  

Include default estimates of GHG fluxes from 
methane and nitrous oxide 

INCAS 2015 

Incorporate legacy 
emissions 

Assume that emissions continue on peat lands 
which were deforested prior to the accounting 
period 

FREL 2014 
INCAS 2015 
FREL 2016 

Use alternative emissions 
factors 

Use alternative peat drainage emissions factors FREL 2014 

Peat Fires 

Exclude persistent forest 
Assume that fires occurring on land that 
maintained forest during 2000–2012 did not 
ignite peat soils  

INCAS 2015 

Use alternative estimates 
of fuel mass 

Increase estimate of peat burn depths and bulk 
density  

FREL 2014 
BP REDD+ 2015 

Include methane emissions Include default estimates of methane emissions INCAS 2015 
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4.3 Results 

4.3.1 Review of GHG inventory data and methods 

We observe several key similarities among Indonesia’s LULUCF GHG 

inventories, and highlight the overall correspondence among the inventories’ input 

activity data. All of the inventories use the same definition of forest based on canopy 

cover > 30% (MoF, 2004), and estimate land cover change using maps derived from the 

interpretation of satellite imagery (MoEF, 2015b). In addition, all of the inventories use a 

map of peat land extent from the Ministry of Agriculture (MoA, 2011), and assume that 

land cover change provides a reliable proxy for peat drainage. Of the inventories which 

report emissions from peat fire, all base their estimates of the area of peat lands burnt on 

MODIS active fire data. Estimates of the area of each activity are therefore similar except 

for the INCAS 2015 estimate, which is instead based on land cover change data derived 

from the interpretation of satellite imagery by the National Institute of Aeronautics and 

Space (LAPAN, 2015) (Figure 8A). The INCAS 2015 inventory also defines forest 

degradation as any deforestation event followed by forest gain or as timber harvesting 

in areas without canopy cover disturbance, resulting in a substantially higher estimate of 

forest degradation than other inventories.  

Additionally, the inventories largely base their calculations of GHG fluxes on the 

same carbon stock estimates from the National Forest Inventory (MoEF, 2015a). They 

also use the same Tier 1 estimates of emissions from peat drainage and peat fire (IPCC, 
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2013). The inventories that estimate emissions from below-ground biomass, necromass, 

and non-CO2 gases use Tier 1 estimate (IPCC, 2006b, 2013). The exception is FREL 2014, 

which uses carbon stock data and peat emissions factor data based on the average of 

several national studies. All the inventories assume that emissions from forest change 

and peat fires occur in the year of conversion (committed emissions), but assume that 

emissions from peat drainage occur in equal increments annually. The exception is 

INCAS 2015, which models GHG fluxes due to forest change over time.     

4.3.2 Sensitivity assessment 

Based on the reference approach, we estimated average annual GHG emissions 

of 0.47 Gt CO2e yr-1 over the 2000–2012 period, including 0.23 Gt CO2e yr-1 due to 

deforestation, 0.07 Gt CO2e yr-1 due to peat drainage, and 0.16 Gt CO2e yr-1 due to peat 

fires (Figure 8B). Our reference emissions estimates fall within the range of the 

government-led inventories, except for our peat drainage estimate, which is lower.  This 

may be because all reported peat drainage emissions estimates include at least one of the 

modifications which increases the estimate, such as the inclusion of methane emissions 

or legacy fluxes.   
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Figure 8: Reported estimates of the area impacted by each GHG 
emitting activity (A), and the emissions due to each activity (B) from 
each national GHG inventory, in Indonesia. Inventories that do not 
report area impacted or resulting estimate emissions are left blank. 
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The largest changes to the reference deforestation GHG flux estimate occurred 

when we included emissions from the oxidation of carbon stocks in belowground 

biomass and necromass pools (producing a 61% increase relative to reference), used 

alternative emissions factors (43% increase), and accounted for carbon sequestration due 

to forest regrowth after a deforestation event (31% decrease) (Figure 9A). Including 

emissions due to plantation forest loss, which impacted an average of 62 kha yr-1, 

resulted in an increase of 7% relative to the reference.   

Our reference peat drainage GHG flux estimate increased substantially when we 

included legacy emissions due to deforestation that occurred prior to the year 2000 

(Figure 9B).  There are two ways that the inventories in this assessment account for 

legacy emissions: (1) all 5.8 Mha of non-forest peat lands in the year 2000 continue to 

emit GHGs due to a prior deforestation event, producing an estimate 151% higher than 

the reference, and (2) only the 2.6 Mha of peat lands that were deforested and drained 

over the period 1990–2000 continue to emit GHGs, producing an estimate 94% higher 

relative to the reference. Including non-CO2 emissions due to peat drainage, and using 

forest degradation as a proxy for peat drainage, increased emissions by just 4% each. 

When we used alternative emissions factors from the FREL 2014, our estimate of peat 

drainage emissions was 23% lower than the reference.   

The largest changes to the reference peat fire GHG flux estimate resulted from 

modifying the assumptions of the mass of fuel burnt in a peat fire event (Figure 9C). 
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Increasing our estimate of the depth to which peat soils are burnt, and increasing the 

estimate of the bulk density of peat soils, resulted in emissions estimates which were 

88% and 27% larger, respectively. When we accounted for methane emissions, our 

estimate of peat fire GHG emissions increased by 35% relative to the reference case. On 

the other hand, an average of just 19 kha of peat fires occurred in persistent forest lands 

each year, and therefore assuming these fires did not ignite peat soils reduced emissions 

by just 3% compared to the reference.   

Our reference estimate of LULUCF emissions, of 0.47 Gt CO2e yr-1, almost 

doubled when we included all the modifications identified in our assessment, to 0.95 Gt 

CO2e yr-1. This difference is more than half of the observed 0.7 Gt CO2e yr-1 range 

between the lowest and highest inventory emissions estimates. The remaining 

disagreement can be explained in part by differences in input data, and resulting 

differences in estimates of the area impacted by each activity and emissions associated 

with each activity, and potentially by methodological differences that we were unable to 

identify in our review.   

4.3.3 Synthesis 

Differences in reported GHG fluxes over the study period are largely driven by 

varying degrees of inventory completeness, in terms of the scope of activities 

considered, the approach to define each activity, and the comprehensiveness of the GHG 

fluxes accounted for.  The INCAS 2015 inventory is the most complete, because it 
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Figure 9: Average Indonesian GHG emissions 
from deforestation, peat drainage, and peat fires, 

according to our reference approach. Change 
relative to the reference method is indicated by the 

grey portion of the bar. 
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incorporates fluxes from all activities, uses the broadest definition of each activity (e.g., 

includes peat fires even in persistent forests), and is the most comprehensive in 

accounting for component GHG fluxes. As a result, it reports the highest estimate of 

average GHG fluxes over the study period, of 1.1 Gt CO2e yr-1.  The FREL 2014 inventory 

is intermediate in terms of completeness, as it excludes forest degradation and forest 

restoration activities, but accounts for fluxes from BGB and legacy emissions, resulting 

in an estimate of average GHG fluxes of 0.7 Gt CO2e yr-1.  The FREL 2016 and BPREDD+ 

2015 are the most conservative of the assessed inventories. The former does not consider 

peat fire activity, or non-CO2 gases and non-AGB pools, although it does account for 

legacy emissions from peat degradation, resulting in an estimate of average GHG fluxes 

of 0.5 Gt CO2e yr-1.  On the other hand, BP REDD+ includes peat fire emissions and forest 

degradation emissions, but omits all other modifications described in Table 5, resulting 

in the lowest average estimate of 0.4 Gt CO2e yr-1.   

Unfortunately, the NDC 2015 submission and the recent biennial update report 

(BUR 2015) provide limited information on input data and methods. These inventories 

estimate GHG fluxes across all sectors of the economy, and do not therefore elaborate 

the LULUCF portion of the inventory to the same degree as the other inventories which 

focus specifically on LULUCF fluxes. The NDC 2015 inventory excludes forest 

degradation and forest restoration activities, but reports the highest emissions from 

deforestation and peat fires, possibly because of a relatively comprehensive treatment of 
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all component GHG fluxes.  On the other hand, BP REDD+ 2015 includes all five 

activities, but reports the lowest estimates of emissions from deforestation and forest 

degradation, possibly due to the omission of key GHG fluxes.  As a result, the NDC 2015 

inventory reports average GHG fluxes over the study period of 0.9 Gt CO2e yr-1, while 

the BPREDD+ 2015 inventory reports 0.6 Gt CO2e yr-1.   

Although we focus on underlying reasons for differences in average reported 

emissions over the 2000–2012 period, there are also clear differences in inter-annual 

variability reported by the studies, driven by the inclusion of peat fire emissions. Peat 

fires correspond closely to variability in precipitation (Field et al., 2009), and are 

therefore the most variable source of GHG emissions over time.  The BUR 2015, INCAS 

2015, and NCD 2015 report similar temporal trends in emissions because they each 

estimate and report emissions from peat fires on an annual basis.  This differs from 

FREL 2016, which does not include peat fires at all, and BP REDD+ 2015, which reports 

very small emissions from peat fires, therefore report relatively stable emissions over the 

study period.  The FREL 2014 reports peat fire emissions averaged over each three year 

period 2000–2012 and therefore reports a moderately variable trend over time.   

4.4 Discussion  

The challenges to constructing harmonized GHG inventories that we observe in 

Indonesia are likely to be faced by countries around the world, as they contend with the 

complexities of LULUCF GHG flux estimation across a range of purposes. Non-annex 1 
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countries recently committed to more regular GHG inventory reporting (UNFCCC, 

2012), have recently submitted NDCs, and may have submitted FRELs as the foundation 

for REDD+ performance tracking (UNFCCC, 2014).  Each policy purpose promotes a 

somewhat distinct approach to emissions estimation. For example, the REDD+ program 

encourages countries to submit conservative FRELs in order to avoid over crediting, 

which often results in the omission of fluxes which are not significant, have high 

uncertainty or have limited data availability (Grassi et al., 2008). On the other hand, 

countries are encouraged to present complete GHG flux estimates in their biennial 

update reports. Although the UNFCCC Warsaw Framework for REDD+ instructs 

countries to maintain comparability among their FRELs and national GHG inventories 

(UNFCCC, 2013), the Indonesia case demonstrates that there are several influential 

differences across these inventory types.   

It is expected that variations in LULUCF GHG inventory methods, assumptions, 

and definitions, driven by these diverse policy motivations, will result in different 

estimates of total GHG fluxes. In theory this may not be inherently problematic, as there 

are many acceptable methodological alternatives which necessarily produce different 

results. However, methodological inconsistencies are problematic when direct 

comparisons among various inventories, or between national inventories and other 

emissions estimates, are needed. Typical comparisons include, for example, tracking 

emissions trends over time, or determining the contribution of a mitigation action to a 
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national mitigation goal (Pelletier et al., 2013).  In addition, comparison between national 

and sub-national inventories can be expected in the case of Indonesia, where 34 

provincial governments are tasked with GHG flux accounting to support the 

development of local action plans reduce GHG emissions (Government of Indonesia, 

2011). Currently, comparability between national and subnational inventories is limited 

by similar issues identified in this assessment, including data discrepancies, variations in 

underlying methods, and lack of reporting transparency (Ge et al., 2016).  

We emphasize the following best practices to ensure that inventories can be 

appropriately compared, and make progress towards the IPCC principles of 

transparency, consistency, comparability, completeness, and accuracy (TCCCA): 

4.4.1 Reporting framework detail 

We observe that Indonesia’s national LULUCF GHG flux inventory reports 

frequently omit key methodological details, and fail to disaggregate reported GHG 

fluxes by activity, land cover type, carbon pool, greenhouse gas, or legacy source.  

Providing separate estimates of component GHG fluxes will allow direct apples-to-

apples comparison between inventories.  For example, comparability would be 

substantially improved if all inventories separately reported estimates of gross CO2 

emissions from AGB pools in the event of natural tree cover loss.  Inventories which 

include additional fluxes, for example from BGB pools, methane fluxes, or legacy fluxes, 

should also report these separately. This type of disaggregated reporting would also 
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support the differentiation of disagreement produced by variations in estimation 

methods, from differences attributable to data uncertainties.   

The IPCC guidance for national GHG inventories affords countries substantial 

methodological flexibility to account for a broad range of unique country circumstances.  

A clear requirement to ensure comparability is therefore a standardized reporting 

framework that facilitates clear articulation of underlying methods and assumptions, 

and separate reporting of partial fluxes (e.g., by activity, land cover type, carbon pool, 

greenhouse gas, or legacy source). The ongoing refinement of the 2006 IPCC guidelines 

for national GHG inventories is one opportunity to encourage enhanced reporting 

transparency, and specify appropriate levels of data disaggregation (IPCC, 2016).  

Another opportunity to encourage inventory harmonization and reporting detail is via 

the UNFCCC technical assessment process for FRELS, in which evaluators review and 

provide detailed feedback on submitted FRELs (UNFCCC, 2014). This technical 

assessment process could further include recommendations for countries with 

concurrent inventory efforts to take steps towards identifying underlying reasons for 

any observed differences. 

4.4.2 Institutional coordination  

In Indonesia, the merging of the Ministry of Environment with the Ministry of 

Forestry in 2015 consolidated jurisdiction over GHG inventory reporting and land cover 

monitoring and management (Muridyarso, 2014). However, this consolidation did not 
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immediately clarify roles and responsibilities for LULUCF GHG inventory tasks: since 

2014 at least four agencies and directorates reported different LULUCF GHG flux 

estimates at the national level (Table 4). This shifting authority resulted in divergent 

methodologies and inefficiencies, as data collection, management, and reporting systems 

were repeatedly rebuilt. A priority for harmonizing LULUCF GHG inventories is 

therefore a dedicated and permanent institution mandated with data collection, 

synthesis and reporting. Such an institution could also set nationally appropriate 

methodological standards for sub national GHG inventories, calculation of mitigation 

impacts, and recalculation of GHG flux estimates using newly available data, that ensure 

comparability and time series consistency. 

4.4.3 Input data improvement 

A recent global assessment of national GHG inventories found that the omission 

of uncertain GHG fluxes, including from forest degradation and forest regrowth, from 

belowground and necromass pools, and of non-CO2 gases, is commonplace (Federici et 

al., 2017). Indeed, several of the inventories assessed in this study, particularly those 

designed for FREL development, mention data uncertainty as the reason for excluding a 

flux component (although none specify the magnitude of uncertainty of these fluxes). 

Specifically, the FREL 2014 and the FREL 2016 omit GHG fluxes from an entire class of 

activity (forest degradation and peat fires, respectively) and non-CO2 greenhouse gases, 

and BP REDD+ 2015 and FREL 2016 omit all carbon pools except for AGB. In the near 
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term, completeness can be improved by including default (Tier 1) emissions factors until 

more detailed country-specific (Tier 2) estimates, or locally parameterized emissions 

models (Tier 3), are available (IPCC, 2006a). In principle, GHG flux estimates should be 

consistent regardless of the data tier, but with larger uncertainty bounds for Tier 1 data 

than for Tier 3 data.  

Over a longer time frame, an important strategy for encouraging inventory 

completeness is to increase confidence in estimates of GHG fluxes from key sources, by 

expanding the scope of data collection efforts. Others have noted the importance of 

improving the accuracy of estimates of LULUCF activity and emissions factor data 

across the tropics, and of peat land extent and peat carbon content specifically in 

Indonesia (e.g., Warren et al. 2017).  There is substantial ongoing research focused on 

estimating key GHG fluxes in Indonesia, including projects aimed at improving the 

accuracy of peat land extent and depth measurements (WRI, 2018).  This study 

highlights several additional research priorities, including estimation of GHG fluxes 

from belowground biomass and necromass pools, long term emissions due to peat 

drainage, the extent of peat drainage and peat fires, and the mass of fuel burnt in a peat 

fire event.   

4.4.4 Comprehensive uncertainty assessment 

Only two of the six inventories report uncertainty; INCAS 2015 estimates 

uncertainty of deforestation emissions, but does not report a resulting confidence 
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interval, while FREL 2016 estimates average uncertainty of ± 16.1% from all activities.  A 

priority for future inventories in Indonesia will be more systematic and comprehensive 

estimation of uncertainty, by propagating the uncertainty distributions for all input 

parameters through the inventory model (Griscom et al., 2016). In addition to providing 

a gauge of the reliability of GHG inventories in general, clearly articulated uncertainty 

estimates are pre-requisite for identifying inventory components which should be 

priority targets for future scientific inquiry, underpinning confidence intervals for future 

emissions projections, determining conservative estimates of the success of mitigation 

actions (Grassi et al., 2008), and potentially informing approaches for adjusting results-

based payments for emissions reductions (Pelletier et al., 2015).   

This study highlights that a critical step for GHG inventory uncertainty 

assessments will be to isolate uncertainties associated with input data from differences 

due to alternative inventory model specifications, definitions, and assumptions.  Using 

Panama as a case study, Pelletier et al. 2013 demonstrated a method for doing this, by 

incorporating alternative inventory model assumptions into a Monte Carlo uncertainty 

assessment via binary inclusion/exclusion (Pelletier et al., 2013). Given the magnitude of 

disagreement produced by alternative approaches observed in the present study, a 

similar approach to uncertainty quantification that enables comparison of uncertainty 

driven by input data versus model specification may be valuable in the context of 

Indonesia.  



 

94 

4.5 Conclusion 

The Indonesian government’s success in achieving its climate change mitigation 

goal will depend on its ability to measure progress and evaluate the effectiveness of 

abatement actions, for which reliable GHG inventories are an essential foundation.  

There is currently a large range in LULUCF GHG flux estimates among inventories, on 

par with the magnitude of Indonesia’s GHG emissions mitigation target. We observe 

that these differences are driven by variations in input data, methods, assumptions, and 

definitions, that collectively contribute more than half of observed discrepancies among 

inventory estimates.  Direct comparison among GHG flux estimates constructed using 

difference approaches is inappropriate, as it could potentially lead to biased conclusions 

concerning, for example, the magnitude of GHG emissions reductions, or emissions 

trends over time. In addition to ongoing efforts to reduce input data uncertainties, a 

priority for future GHG inventories will therefore be more transparent and detailed 

reporting.  This recommendation is also relevant in other country contexts, as nations 

face the challenge of harmonizing LULUCF GHG flux estimates to support a range of 

policy instruments including NDCs and REDD+.   
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5. An Assessment of High Carbon Stock and High 
Conservation Value Approaches to Sustainable Oil Palm 
Cultivation in Gabon 

5.1 Introduction  

Global agricultural production will need to increase by an estimated 60–110% by 

2050, to meet growing demand for food, fiber and fuel (Alexandratos and Bruinsma, 

2012; Tilman et al., 2011).  Achieving this target without widespread deforestation, 

biodiversity loss, and greenhouse gas emissions will require a range of innovative 

strategies including increasing productivity, reducing waste, changing diets, and 

optimizing land use (Foley et al., 2011; Godfray et al., 2010). Palm oil, the world’s most 

commonly used and highest yielding vegetable oil, epitomizes this global challenge 

(Sayer et al., 2012; USDA, 2016).   

In Southeast Asia, where the majority of palm oil is currently produced, 

industrial-scale plantations have driven the conversion of millions of hectares of forest 

(Koh et al., 2011). In Indonesia alone, more than half of oil palm plantations were 

established on biodiversity- and carbon-rich forests and peat lands since the year 2000 

(Carlson et al., 2013; Ramdani and Hino, 2013). Industrial-scale oil palm cultivation is 

expanding in West and Central Africa to promote economic growth, job creation, and 

rural development. However, in the absence of appropriate safeguards, these benefits 

could be offset by negative consequences for the environment and local communities 

(Linder, 2013; Wich et al., 2014).   
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In this study, we estimate the extent and location of suitable land for oil palm 

cultivation in Gabon, Central Africa, based on an analysis of recent trends in plantation 

permitting. We use this map to evaluate two proposed approaches to sustainability: A 

High Conservation Value (HCV) approach and a High Carbon Stock (HCS) approach. 

The HCV approach is based on identifying, mapping, and safeguarding priority 

environmental and social features in a landscape (Brown et al., 2013). It is widely used in 

certification schemes in forestry and agriculture, including the Roundtable on 

Sustainable Palm Oil (RSPO); however it has also been criticized for failing to protect 

forest areas in non-HCV landscapes (Edwards et al., 2011). This shortcoming has led to 

the emergence of new standards for sustainability, beginning with a series of ‘zero-

deforestation’ and ‘deforestation-free’ pledges made by multi-national retailers, 

consumer goods companies, manufacturers, and producers of palm oil (United Nations, 

2014).  More than 96% of internationally traded palm oil is controlled by companies with 

a commitment to zero-deforestation oil palm (Butler, 2015). To bring clarity and 

transparency to these commitments, private sector and civil society stakeholders have 

proposed an HCS approach to selecting land cover categories or areas of low carbon 

stock, on which oil palm cultivation is considered deforestation-free.   

This study focuses on Gabon, where forests cover 88% of the country’s land area 

(Sannier et al., 2014). In 2012, the government announced plans to become a leading 

producer of palm oil in Africa (République Gabonaise, 2012). At the same time, the 
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country’s national land use plan aims to limit degradation of intact forests, high 

conservation value areas, and carbon-rich forests (République Gabonaise, 2015). This 

study compares the opportunities and challenges posed by the HCS and HCV criteria, 

and determines the degree to which these conservation approaches are compatible with 

the government’s production targets. In addition, our analysis improves understanding 

of the distribution of suitable land for palm oil production, and provides a template for 

developing sustainable oil palm expansion strategies in the region.   

5.2 Methods 

Three maps provided the foundation for our analysis: relative suitability for oil 

palm cultivation (section 5.2.1), high carbon stock (HCS) forests (section 5.2.2), and high 

conservation value (HCV) areas (section 5.2.3). We overlaid these maps to identify 

suitable areas for production that are neither HCS nor HCV, at a scale of 1 km2 

resolution nation-wide.   

5.2.1 Predicting Productive Land for Oil Palm Plantations 

We predicted the relative suitability of land for commercial oil palm plantations 

using a correlative modelling approach, based on the apparent environmental 

preferences exhibited by industry and government leasing agencies for land that 

supports profitable palm oil production. We create our model using maps of existing 

plantation permits in the region as the response variable, along with a set of candidate 

environmental predictor variables, to understand the environmental preferences 
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exhibited by industry and government decision-makers.  Our result is a map of relative 

suitability for oil palm plantations, rather than probabilities of plantation expansion 

(Guillera-Arroita et al., 2015).    

Permits for oil palm plantations are allocated on the basis of expected profits, 

which are determined by productivity, costs, prices and risks (Austin et al., 2015).  In 

this study we consider productivity and costs of palm production.  Productivity is 

determined by climate and soil properties, and costs are determined by the local labor 

market, distance to infrastructure, and biophysical features of a landscape which 

determine the need for inputs such as terracing, irrigation, or fertilizer.  While risk 

influences plantation locations, as political instability and transaction costs can 

accelerate or decelerate natural resource exploitation (Ferreira and Vincent, 2010), we do 

not include proxies for risk as these data are not widely available.  We further assume 

that the price paid for palm oil is the same across the country, or if prices do vary that 

the difference is exactly offset by the difference in costs (e.g., where prices offered at the 

mill are less than prices at export port, equal to the cost of transportation between the 

mill and the port).   

Previous research indicates that productivity is determined by elevation, 

temperature, slope, rainfall, and soil characteristics (Mantel et al., 2007).  These are 

proxies for environmental characteristics to which the oil palm plant is physiologically 

adapted, including, for example, soil moisture availability and solar radiation, for which 
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available data is limited at the scale of our analysis. By including climate and soil data, 

which determine the need for some inputs, we additionally take into account proxies for 

some of the determinants of costs.  We additionally included distance to major 

highways, export ports, and cities, and population density as explanatory variables to 

account for costs of production and export.   

By taking a correlative approach to modelling relative suitability for oil palm 

cultivation we are able to represent non-linear relationships between predictor variables 

and suitability, and the complex and potentially compensatory interactions among 

variables.  In addition, this approach allows us to determine the relative influence of 

predictor variables in determining suitability.  These benefits improve on previous 

efforts to map suitability, which assume linear relationships, lack the ability to represent 

interactions, and often assign equal importance to each input variable.   

5.2.1.1 Response and Environmental Variables 

We used existing permits in Cameroon and Republic of Congo (Global Forest 

Watch, 2015), and Gabon (MEFEPA, 2015) as the response variable (Figure 10).   There 

are approximately 450, 400 and 130 thousand hectares of permits in these countries, 

respectively, occurring in twelve provinces.  Due to the limited extent of permits in 

Gabon, our target study country, we expanded our analysis to the three country region 

to capture a more inclusive range of environmental preferences exhibited by industry 

and government leasing agencies operating in the region.  In the case of one large (> 
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400,000 ha) permit in Republic of Congo, we manually modified the permit boundaries 

to reflect the extent of planned conversion reported by the operating company Atama 

Plantations SARL (The Rainforest Foundation UK, 2013). 

 

 

 

 

 

Figure 10: Permits for oil palm plantations in Gabon, Republic of 
Congo, and Cameroon. 
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We initially included a set of candidate explanatory variables describing 

temperature, precipitation and their extremes, elevation, topography (Hijmans et al., 

2005), soil properties (ISRIC, 2013), distance to infrastructure (Open Street Map, 2015), 

and population (CIESIN et al., 2005).   We screened the explanatory variables for 

pairwise correlations and significance, excluding variables with high multicollinearity (> 

0.7 correlation with another explanatory variable) and non-significance (p> 0.1) 

according to a generalized linear model using a binomial distribution with a logistic 

link, resulting in 13 explanatory variables (Table 6).   

 

Table 6: Explanatory variables used to construct model of relative suitability 
for oil palm plantation expansion in Gabon 

Explanatory Variable  Unit Data Source 

 Max Temperature of Warmest Month Degree C * 10 Hijmans et al. 2005 

 Min Temperature of Coldest Month Degree C * 10 Hijmans et al. 2005 
 Precipitation of Wettest Month mm Hijmans et al. 2005 

 Precipitation of Driest Month mm Hijmans et al. 2005 
 Precipitation of Warmest Quarter mm Hijmans et al. 2005 
 Precipitation of Coldest Quarter mm Hijmans et al. 2005 
 Elevation m Hijmans et al. 2005 
 Topographic Roughness Index index Author Calculations 
 Soil Bulk Density ton / m^3 ISRIC 2013 
 Soil Clay content % ISRIC 2013 
 Soil Organic Carbon g / kg ISRIC 2013 
 Soil pH pH ISRIC 2013 
 Soil Silt content % ISRIC 2013 
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Preliminary results showed that distance to major roads is a highly significant 

determinant of plantation presence, with more than 90% of plantations located within 25 

km of a major road.  However, including major roads in the model results in predictions 

of all areas around major roads as suitable for agriculture, and all areas far from roads as 

unsuitable.  We are interested in identifying determinants of oil palm suitability 

irrespective of future road infrastructure, and therefore we omitted roads from the initial 

model development.  Introducing a buffer around major roads as a binary determinant 

of current suitability, would maintain the ability to identify areas which are 

biophysically suitable but which will require new road infrastructure to be attractive to 

investors.  The flexibility to modify the suitability map presented in this analysis using 

updated maps of road access as they become available, will be an essential next step 

given the rapid development of infrastructure in the region (Laurance et al., 2015).         

5.2.1.2 Pseudo-Absence Selection 

To generate observations to fit the models, we drew a random sample of 1 km2 

pixels from the twelve provinces across the three country-region where oil palm 

plantations are currently observed (Figure 10).  Selecting pseudo-absences (PAs) from 

districts that have opted out of, or not yet pursued, oil palm development could result in 

the inclusion of PAs that are highly suitable for oil palm from an environmental 

perspective, but have not been developed for political reasons.  We additionally 

excluded areas above 1000 m in elevation and in the Sahel region of Cameroon. 
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Including pixels in these locations would have artificially inflated the models’ fit by 

including areas that are far outside the suitable range for expansion (Chefoui and Lobo, 

2008).  

Barbet-Massin et al. (2012) showed that the performance of generalized linear, 

generalized additive, random forest, and generalized boosted regression trees increased 

with the number of PAs until reaching an asymptote at approximately 20% of the study 

area (Barbet-Massin et al., 2012). We chose the number of samples for all models based 

on these findings. Phillips and Dudik (2008) also recommend that at least 10,000 

background PAs be used for MaxEnt models (Phillips and Dudik, 2008).  The resulting 

sample size was 41,917 pixels (2,000 inside plantations, 39,917 outside) for all models.   

We used a multivariate environmental similarity surface (MESS) map to identify 

areas where the models were uninformed due to the PA selection strategy.  MESS maps 

provide a measure of the environmental similarity of each pixel in the model frame to 

the data used to train the models (Elith et al., 2001).  Our MESS maps identified one 

novel environment; the high altitude Western High Plateau around Mt. Oku in 

Cameroon.  As our model predicts very low suitability in these high elevation areas, 

extrapolation in these region will not alter our reported results.   

5.2.1.3 Model Specification  

We built five models: a generalized linear model (GLM), a generalized additive 

model (GAM), a random forest model (RF), a generalized boosted model (GBM) and a 
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maximum entropy model (MaxEnt).  We chose these models because they span a range 

of model complexity, from fitting relatively simple linear relationships, to more complex 

relationships that incorporate non-linearities and compensatory interactions among 

variables (Merow et al., 2014). This allowed us to build an ensemble projection spanning 

a range of fitted complexity, thereby taking advantage of the independent information 

contained in each model, and present final suitability estimates with lower mean error 

than the constituent single predictions (Marmion et al., 2009). All models except MaxEnt 

were run in R version 3.1.2 (R Core Team, 2014) using 10-fold cross validation, 

withholding 30% of the data for testing.  For each model we chose settings described 

below that reduced locally complex fits so that the resulting models represent the 

strongest trends in the data without including superfluous detail (Elith et al., 2010):   

1) GLM: We ran the model using a binomial distribution with a logistic link 

(Guisan et al., 2002).  We down-weighted PAs so that their weighted sum equals 

the sum of presence records.  

2) GAM: We ran the model with the ‘mgcv’ package using a binomial 

distribution with a logistic link (Wood, 2011).   We defined spline-based smooth 

terms within the model by setting k to 3 for all variables, which penalizes 

complexity of the model by setting an upper bound on the degrees of freedom 

associated with each variable (Wood, 2006).  We down-weighted PAs so that 

their weighted sum equals the sum of presence records. 
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3) RF: As a preliminary step, we ran several basic classification trees using the 

rpart package to determine that a model with 8 nodes is optimal, after which the 

misclassification rate determined via cross validation only marginally decreased 

(Therneau et al., 2014).  We ran the RF model using the randomForest package 

specifying a maximum of 8 nodes for each tree and a minimum node size of 5 

observations, averaged over 500 trees (Liaw and Wiener, 2002).  

4) GBM: We used the caret package to identify optimal parameters (Kuhn et al., 

2015).  Based on the results we ran the final model using the gbm package and a 

learning rate of 0.001, an interaction depth of 3, 1000 trees, and a minimum node 

size of 50 (Ridgeway, 2015).   

5) Maxent: We ran the MaxEnt model using version 3.3.3 (Phillips et al., 2006).   

We tested the omission of product and hinge features, but found that this did not 

significantly change the shape of the resulting response curves.  We additionally 

tested the impact of using regularization multipliers of 3 and 5, which penalize 

model complexity resulting in smoother response curves.  We used a multiplier 

of 5 for the final model in order to avoid overfitting.   

5.2.1.4 Model Evaluation 

We evaluated each model using sensitivity at the threshold which maximizes the 

sum of sensitivity and specificity, and two threshold-independent measures of accuracy: 

the AUC and the Boyce Index.  The AUC is the area under the receiver operating 
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characteristic (ROC) curve, which plots false positives versus true positives along every 

possible threshold value.  In the case where presences are compared to background data, 

rather than to known absences, the AUC represents the probability that the model 

predicts a higher value for a random presence observation than a random background 

site (Franklin and Miller, 2010).  The MaxEnt program estimates an alternative to the 

ROC curve and calculates the area under this approximation (Elith et al., 2001).   

The Boyce Index is the ratio of prediction frequency in each suitability class bin 

to expected frequency in each bin, providing a quantitative estimate of how far model 

predictions differ from random expectation (Hirzel et al., 2006).  Lower suitability class 

bins should contain fewer presences than expected by chance, and conversely higher 

suitability class bins should contain more presences than expected by chance.  We 

calculated the Boyce index using the ecospat package and report the Spearman Rank 

Correlation Coefficient between the mean suitability of each bin and the 

predicted/expected ratio, with values closer to 1 indicating a good model (Broennimann 

et al., 2015).   

5.2.1.5 Selecting Thresholds and Creating a Model Ensemble 

We selected thresholds to categorize each continuous prediction into four 

suitability classes using the Boyce Index as a guide (Hirzel et al., 2006).  Boyce Index 

values less than 1 indicate that fewer presences are predicted than expected by chance, 

while indices around 1 indicate equivalency between predicted and expected presences, 
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and indices greater than 1 indicate more predicted presences than expected by chance.  

We selected thresholds to categorize each prediction into not suitable (Boyce Index < 

0.5), marginal (Boyce Index 0.5–1.5), moderate (Boyce Index 1.5–2.5) and suitable (Boyce 

Index > 2.5).  Finally, we created an ensemble model by averaging the resulting 

suitability classifications (Figure 11).   

 

 

 

 

5.2.2 Mapping High Carbon Stock (HCS) Forests 

Our assessment of HCS forests in Gabon is informed by two recent efforts to 

define ‘high carbon stock’. The ‘High Carbon Stock Approach’ distinguishes forests from 

shrub and open land on former forests, and recommends that zero-deforestation 

Figure 11: Predictions of relatively suitability for oil palm plantation 
expansion in Gabon, according to five models, categorized into four 

suitability classes, and averaged 
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cultivation be restricted to shrub and open lands (HCS Approach, 2015). The ‘High 

Carbon Stock+ Study’ recommends an above-ground carbon stock threshold of 75 tC ha-

1, above which oil palm developments are not permitted (High Carbon Stock Science 

Study, 2015). We mapped HCS using a national biomass map from Gabon’s National 

Resource Inventory (Burton et al., 2017). We report the area lower than carbon stock 

thresholds of 75 tC ha-1, recommended by the HCS+ Study, and 118 tC ha-1, the average 

carbon stock in secondary forests and similar to the recommendation of the HCS 

Approach (Burton et al., 2017). RSPO Next also provides a definition of HCS areas as 

those with carbon stocks less than or equal to the carbon stock gains within the 

development area, including vegetation in undeveloped set-asides (RSPO, 2015). As this 

definition provides for offsetting forest losses, without specifying a maximum carbon 

stock threshold, we do not consider it in the present analysis.   

5.2.3 Mapping High Conservation Value (HCV) Areas 

To identify and map HCV areas, we used generic guidance from the HCV 

Resource Network, guidance tailored for West and Central Africa (ZSL, 2011), and 

Gabon’s Draft National Interpretation of HCV (Stewart and Rayden, 2008). We focused 

on criteria 1-3, whose concepts and definitions have been better developed in practice in 

Gabon than criteria 4-6.  

HCV 1: Biological diversity – We used four indicators to delineate HCV 1 areas 

in Gabon:  
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a. Protected areas: This includes all national parks, presidential reserves, hunting 

domains, and faunal reserves (ANPN, 2015).   

b. Threatened or endangered species: Previous research mapped suitable habitat 

for 28 reptiles, birds and mammals that are considered globally threatened or 

endangered, or likely to be nationally threatened in Gabon (IUCN, 2001; Lee, 

2014). We classify an area as HCV 1.b if it supports suitable habitat for one of 

these species.  

c. Rare or restricted range species: Using maps of suitable habitat for rare or 

restricted-range reptiles, birds or mammals from Lee (2014), we classify an area 

as HCV 1.c if it supports suitable habitat for species present in less than 5% of the 

country. 

d. Habitat for endemic species: In Gabon, endemic species are frequently 

associated with high altitude forests (Stewart and Rayden, 2008); we therefore 

classify forests above 700 m as HCV (Jarvis et al., 2008).   

HCV 2 Landscape-level ecosystems –  Using a map of Intact Forest Landscapes 

from 2013, we defined HCV 2 as forests at least 1 km from human-dominated areas (e.g., 

settlements, infrastructure, agriculture, mining), with an area of at least 50,000 hectares 

and a minimum width of 10 km (Intact Forest Landscapes Mapping Team, 2013; 

Potapov et al., 2008). These areas represent the largest and least disturbed forest 

expanses in the country, able to sustain natural ecosystem processes and functions, 
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including viable populations of plant and animal species (Ferraz et al., 2003). A large 

portion of these intact forest landscapes have been or are currently licensed for logging 

(MEFEPA, 2015). However, as logging intensity in Gabon is low and selectively logged 

forests retain high carbon stocks (Medjibe et al., 2011), we did not exclude areas from 

HCV 2 on the basis of logging.   

HCV 3 Rare ecosystems –  We use a map that delineates 30 land types in Gabon 

on the basis of geology, topography, rainfall regime, surface water, and land cover (Lee, 

2014). We defined rare ecosystems as those occurring in <1% of Gabon, which includes 

hyper-humid flooded forest, hyper-humid rugged forest, mangrove forests, flat well-

drained grasslands of the central coastal plateau, well-drained grasslands of the coastal 

basin, and humid calcareous grasslands.  

5.3 Results  

5.3.1 Model Performance and Variable Importance 

Our predictive models of relative plantation suitability performed well, with 

AUCs between 0.74 and 0.89, sensitivity between 0.78 and 0.86, and Boyce Indices 

between 0.97 and 0.99 (Table 7).  The GLM performed poorest across all metrics, but no 

model outperformed the others across all metrics. Based on cross validation, the models 

are largely robust to alternative presence and PA records used to build each model.   
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Table 7: Performance metrics for five models predicting relative suitability for 
oil palm plantation expansion in Gabon. 

AUC Sensitivity Boyce Index 
 Average St Dev Average St Dev Average St Dev 

GLM  0.741 0.011 0.795 0.067 0.967 0.018 
GAM 0.779 0.014 0.856 0.017 0.985 0.012 
RF 0.866 0.005 0.788 0.036 0.989 0.007 
GBM 0.858 0.003 0.784 0.043 0.986 0.006 
MaxEnt 0.886 0.011 0.808 0.044 0.999 0.001 

 

There is broad agreement among the five models in the study with respect to 

variable importance.  Our results demonstrate consensus that relative suitability is 

influenced more by climate, elevation and topography than by soil characteristics; 

elevation and precipitation in the driest quarter, wettest month, and driest month 

contribute the most to model performance.  The models broadly agree that suitability 

decreases at high elevations and in steeply sloped areas, and increases with higher 

temperatures and more precipitation.  Soil pH and temperature extremes are moderately 

important according to the models, while other soil characteristics do not appear to be 

important determinants of suitability at the scale of our analysis. 

We estimate that there are 7.8 Mha of suitable land, 7.2 Mha of moderately 

suitable land, 6.4 Mha of marginally suitable land, and 4.7 Mha of unsuitable land for 

industrial oil palm plantations in Gabon (Figure 12A). In total, 58% of Gabon’s land area 

is suitable or moderately suitable for oil palm production at an industrial scale, 
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concentrated in the northeastern region of Gabon, the southeast including the Batéké 

plateau, the corridor between Libreville and Ndendé, and along the coast.   

 

 

 

 

 

 

Figure 12: Suitability for industrial-scale oil palm plantations in Gabon based 
on (A) the average of five models without environmental constraints, and (B) 

the same model predictions, limited by HCV and HCS considerations. 



 

113 

5.3.2 Synthesis of Suitable, HCS and HCV areas 

Only 13% percent of Gabon’s land area, or 3.3 Mha, contains less than 75 tC ha-1 

in above ground biomass, and only 20% of the country, or 5.2 Mha, contains less than 

118 tC ha-1 in above ground biomass (Figure 13). Consequently, 80–87% of Gabon’s land 

is considered HCS at these thresholds. Protecting areas with more than 75–118 tC ha-1 

would result in the protection of 93–99% of the country’s forest carbon stocks.  

 

  

 

Figure 13: Forest carbon stock in Gabon 
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Just over one-quarter of Gabon’s land, or 6.9 Mha, lies outside HCV areas 

according to the criteria used in this study (Figure 3, Table 8). Conversely, 73% of the 

country, or 19.2 Mha, would be protected by the HCV approach. Habitats for threatened 

or endangered species, HCV criterion 1.b, protect the largest area, while rare species 

distributions, HCV criterion 1.c, protect the smallest area (Table 8). Overlap of areas 

meeting each HCV criterion is large, with 48% of all HCV areas containing multiple 

HCV criteria. Together, the HCV criteria included in this assessment protect 76% of 

Gabon’s forest carbon stocks.   

 

 

 

 

Figure 14: Maps of HCV criteria 1-3 in Gabon 
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Table 8: Proportion of Gabon’s national land area and national forest carbon stocks 
overlapping with HCV criteria 1–3. 

 Area (Mha) Land area 
overlapping HCV 

criterion 

Forest carbon 
stock overlapping 

HCV criterion 
HCV 1.a Protected 
Areas 

3.85 15% 15% 

HCV 1.b Threatened 
Species 

15.41 59% 64% 

HCV 1.c Rare Species  1.00 4% 1% 

HCV 1.d Endemic 
Species  

0.84 3% 4% 

HCV 2 Intact Forests 10.85 41% 47% 

HCV 3 Rare Ecosystems 1.15 4% 2% 

 All HCV Criteria 19.20 73% 76% 

 

Overlap between HCV and HCS areas ranges between 76–84%, depending on the 

HCV criterion considered (Figure 15). Between 78–99% of protected areas (criterion 1.a), 

threatened or endangered species distributions (criterion 1.b), high elevation forests 

(criterion 1.d), and intact forest (criterion 2), are also considered HCS areas. Yet only 23–

34% of rare species distributions (criterion 1.c) and 34–43% of rare habitats (criterion 3), 

are also considered HCS areas. In a highly forested country like Gabon, rare species live 

outside forests and rare habitats are largely non-forested, and thus these two HCV 

criteria would be afforded limited protection by an HCS approach.    
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Approximately 2.7–3.9 Mha of suitable and moderately suitable land also avoid 

HCS areas, 4.4 Mha also avoid HCV areas, and 1.2–1.7 Mha would be possible to 

develop without compromising either HCS or HCV standards (Figure 12B). Increasing 

the carbon threshold beyond 118 tC ha-1 would result in more area eligible for zero-

deforestation production. This increase plateaus at approximately 170 tC ha-1, above 

which the large majority of land is either already HCV or not estimated to be suitable for 

oil palm (Figure 16).   

 

Figure 15: Proportion of HCV criteria 1-3 overlapping with HCS forests in 
Gabon, at a carbon thresholds of 75 tC ha-1 (grey) and 118 tC ha-1  (black). 
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5.4 Discussion 

5.4.1 Model Limitations 

We acknowledge several limitations to the model of relative suitability of land 

for commercial oil palm plantations. First, the model was constructed using climate data 

from the WorldClim database (Hijmans et al., 2005).  These climate data are the most 

important explanatory factors describing suitability in our models, however they are 

interpolated from widely-spaced weather collection stations and may poorly represent 

locally significant climate features.  In addition, we assume that suitability for oil palm is 

Figure 16: Land area meeting HCV and HCS criteria across a range of 
carbon stock thresholds, by suitability class, in Gabon. 
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a static characteristic. In practice, suitability can be altered via better seed varieties, 

improved input management, or other adaptations.  It is likely that well capitalized 

growers will make management changes to expand the suitability envelope for the crop, 

and this may occur over short time scales.  Next, we based our analysis on the 

assumption that the current portfolio of permits for industrial-scale oil palm cultivation 

provide an unbiased reflection of the environmental preferences of the industry. This 

assumption may be limiting if we included many permits that turn out to be 

unprofitable, or if investments in improvements such as regionally adapted seed 

varieties and input management substantially expand the suitability envelope for the 

crop. Finally, we acknowledge that permits for oil palm plantations are selected on the 

basis of expected profits, which are determined by two factors we consider - 

productivity and costs - but also two factors we do not - prices and risks.  Additional 

research is necessary to determine whether these factors play a significant role in 

plantation location decisions in the region.   

5.4.2 Production and conservation tradeoffs 

In Gabon’s 2011 national strategic development plan the government included a 

target of producing 280,000 tons of CPO per year (République Gabonaise, 2012). More 

recently, the Investment Agency of Gabon has also announced a more ambitious goal of 

1 million tons produced per year (APIEX, 2014). At the same time, the government 

intends to protect HCV and HCS areas, thus conceding a large area for oil palm 
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expansion. Nonetheless, we estimate that 1.2–1.7 Mha of suitable and moderately 

suitable land for oil palm avoids both HCV and HCS areas, and could be sufficient to 

support the government’s stated production goals, assuming plantations in Gabon 

achieve yields on par with those reported in Cameroon of 1-2 tons CPO per hectare 

(Konsager and Reenberg, 2012; Nkongho et al., 2014). This additionally assumes that 

suitable non-HCV areas according to the criteria and national-scale data used in this 

study are not subsequently determined to be unsuitable or HCV by comprehensive 

local-scale evaluations.    

The government of Gabon has additionally pledged to increase production of 

several other agricultural commodities including rice, corn, soy, plantain, coffee, cocoa, 

and rubber (République Gabonaise, 2012). In addition, there may be increasing 

competition for land among the agriculture, mining, oil and gas, and timber industries 

in the country. Subsequent research is needed to take into account production of these 

other commodities, which may reduce the availability of non-HCV and non-HCS land 

for sustainable oil palm.   

5.4.3 Overlap between HCV and HCS 

Although HCV and HCS approaches largely overlap, we find that less than half 

of rare species distributions and rare habitats (HCV criteria 1.c and 3) overlap with HCS 

at the carbon thresholds evaluated (Figure 4). This demonstrates the potential 

shortcomings of an oil palm expansion strategy that focuses only on preventing 
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deforestation. Prioritizing forest conservation may put rare and ecologically important 

grassland, savannah, or wetland species and landscapes at risk, if additional safeguards 

for their protection are not put in place (Bond, 2015).   

There is the potential that HCS and HCV approaches will not always be applied 

together. Companies controlling more than 90% of palm oil have committed to 

eliminating deforestation from their supply chains within the next five years, and are 

likely to apply some form of HCS to delineate areas meeting this commitment (United 

Nations, 2014). On the other hand, only 20% of palm oil is currently certified by the 

RSPO, indicating that, among other requirements, it meets HCV criteria (RSPO, 2016). 

Although the share of RSPO certified palm oil will also increase in the near future, it is 

not clear whether this will keep pace with the implementation of zero-deforestation 

pledges. Integrating HCS with HCV safeguards, as has been proposed by the HCS 

Approach, the HCS+ study, and RSPO Next, ensures that important non-forest habitats 

and ecosystems are protected.   

5.4.4 Implementation Challenges 

Due to the relative novelty of zero-deforestation commitments and 

accompanying HCS guidance, there are still several outstanding questions regarding 

implementation that could have a significant impact on the extent and location of forest 

protection. For example, zero-deforestation commitments vary in terms of whether they 

refer to gross zero-deforestation, which prevents clearing of any forests meeting the HCS 
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definition, or net zero-deforestation, which allows some clearing of forests as long as this 

loss is offset by equivalent gains in another area (Brown and Zarin, 2013). The HCS+ 

study and RSPO Next guidance allow companies to offset greenhouse emissions from 

deforestation by protecting ‘set-asides’ within their concession boundaries where forests 

are protected and greenhouse gas emissions are sequestered. A potential risk of allowing 

net accounting is that artificially large permits will be granted, inflating the area of set-

asides providing offsets and enabling a larger area of forest clearing while still meeting a 

net zero-deforestation target. In order to receive credit for carbon sequestration within a 

set aside, it is crucial that it would have been degraded in the absence of additional 

protection, and that its protection does not result in leakage of forest-degrading 

activities outside the accounting boundary. Ultimately HCS accounting rules should be 

strict enough to prevent unnecessary deforestation, while encouraging companies to set 

aside and protect areas within their permits on the basis of HCS or HCV. 

In addition, many palm oil companies in the region have pledged to support 

smallholder enterprises by providing technical training in agriculture and material 

support, such as seedlings. Yet it is not clear whether smallholders will be held to the 

same social and environmental standards as large companies. A crucial next step for 

researchers and policy makers is to consider the roles and responsibilities of 

smallholders and identify appropriate environmental guidelines for small-scale farmers 

in addition to industrial-scale enterprises.    
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5.4.5 Next Steps for Plantation Management  

This study illustrates an approach to national land use planning that considers 

HCS and HCV conservation approaches, using the most up-to-date and available data. 

We recommend further steps to refine this analysis to ensure that appropriate 

management decisions are carefully applied. For example, the National Parks Agency of 

Gabon (ANPN) is developing guidance which outlines the requirements for site 

selection, environmental and social impact assessments (ESIA), and monitoring and 

adaptive management for oil palm plantations within Peripheral Zones, which are large 

buffer areas around National Parks that are under the jurisdiction of ANPN. This 

guidance will refine the national-scale maps included in this study by incorporating 

field information, in addition to outlining steps for conducting scale-appropriate ESIAs, 

identifying locally important ecological, social, and cultural features for site-level 

planning, conducting participatory mapping to incorporate the values of local 

communities (Zoological Society of London, 2013), and mitigating off-site impacts of 

plantation operation. In this context, our study provides a first-cut at determining how 

HCS and HCV strategies align with national targets for oil palm production and forest 

protection, which can be used as a guide to inform priority areas for more intensive data 

collection and analysis. Detailed field analyses will be essential for reducing uncertainty 

and improving the basis for land use planning at the scale of implementation. 
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5.5 Conclusion 

Global palm oil production has doubled every decade since 1970 (FAOSTAT, 

2015), and will likely increase at this rate in the near future (Corley, 2009). Cultivation is 

currently expanding in Gabon, a country with a large area of suitable or moderately-

suitable land for industrial-scale oil palm plantations, and home to one of the highest 

proportions of forest cover in the world. Without appropriate safeguards, oil palm 

expansion threatens these forests, and the biodiversity resources and carbon stocks that 

they support. Our analysis demonstrates that Gabon’s current oil palm production 

target of 280,000 to 1 million tons CPO per year can likely be met on suitable or 

moderately-suitable land without compromising HCS and HCV areas. It additionally 

suggests that compliance with industry zero-deforestation commitments is possible even 

in highly forested countries like Gabon, if appropriate rules and standards are put in 

place. However, we emphasize the importance of including HCV criteria to ensure that 

ecologically rare ecosystems and species in low carbon stock areas are protected. Our 

analysis illustrates an approach to national land use planning that combines spatial 

analysis of potential suitable land with environmental conservation criteria. This general 

approach can be applied to other crops in Gabon or in other countries facing similar 

challenges of reconciling agricultural growth with environmental conservation. 
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6. Conclusions and Future Research Directions 

Global assessments of land management strategies highlight, among other 

things, the large potential of interventions aimed at avoiding deforestation, forest 

degradation, and peat land degradation for achieving forest conservation and climate 

change mitigation goals (Griscom et al., 2017; Roe et al., 2017). Further refinement of this 

research at national and subnational scales is necessary to quantify the impacts of 

specific policies, and to determine the mix of programs and incentives that maximize 

benefits and balance tradeoffs among the environment and human population resource 

needs (Turner, 2018). This dissertation contributes to this emerging area of research, by 

assessing the potential impacts of regulatory measures and corporate sustainability 

efforts in the context of planned expansion of oil palm in Indonesia and Gabon.   

6.1 Conclusions 

The following key findings contribute to the ongoing discussion around design, 

implementation, and monitoring of interventions aimed at mitigating forest and peat 

land loss and GHG emissions due to oil palm agriculture:  

1) Implications of historic trends in oil palm driven deforestation in 

Indonesia on the potential impact of zero-deforestation commitments: I estimated the 

area and proportion of oil palm plantations replacing forests across Indonesia, by 

creating new maps of oil palm plantations for the years 1995, 2000, 2005, 2010 and 2015, 

and tracking the impact of expansion using national land cover data.  Plantations 
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expanded by 450,000 ha yr-1 on average, and caused an average of 117,000 ha yr-1 of 

deforestation, over the study period.  However, the dynamics of oil palm driven 

deforestation were not static over time or space over the 1995–2015 period. Nationwide, 

the proportion of plantations replacing forests decreased from 54% during 1995–2000, to 

18% during 2010–2015. The proportion of oil palm expansion directly driving 

deforestation decreased markedly in Sumatra (from 55% to 9%), declined somewhat in 

Kalimantan (from 49% to 21%), and increased in Papua (from 52% to 66%), suggesting a 

shift of the oil palm–forest frontier eastward across the archipelago. If these trends 

continue, future oil palm expansion in Sumatra, and to a lesser extent in Kalimantan, 

will continue predominantly in non-forest areas even in the absence of policy 

interventions. Industry commitments to eliminate deforestation from oil palm supply 

chains were therefore announced at a time when deforestation due to expansion of new 

plantations already appears to be diminishing in these regions. On the other hand, the 

potential impact of zero-deforestation commitments is much larger in new frontiers of 

expansion with high remaining forest cover, including the region of Papua in Indonesia, 

and in other frontiers of expansion in West and Central Africa.  

2) GHG reductions from improved planning for oil palm expansion in 

Indonesian Borneo:  In 2011, the government of Indonesia made a commitment to 

unconditionally reduce GHG emissions by 29%, and by 41% subject to international 

assistance, against a projected baseline.  To evaluate the potential role of alternative 
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formulations of Indonesia’s forest moratorium and industry zero-deforestation pledges 

on mitigating CO2 emissions due to oil palm expansion on the Indonesian island of 

Kalimantan, I predicted areas of likely plantation expansion and estimated CO2 

emissions under this business-as-usual scenario.  I then created maps of areas which 

would be protected by a series of conservation regulations and industry voluntary 

sustainability commitments, and predicted plantation expansion and resulting CO2 

emissions under each alternative.  I estimated that continuing the forest moratorium 

would reduce emissions by 9% below business-as-usual by 2020, and full execution of 

zero-deforestation commitments (including peat land protection) would reduce 

emissions by 35%.  Notably, these commitments will not reduce emissions by 100%, 

because much of the predicted future expansion would have occurred on land classified 

as non-forest, but containing substantial carbon stocks. This suggests that the oil palm 

industry in this region has the potential to contribute significantly to the nation’s 

unconditional mitigation goal of 29% by encouraging the implementation of zero-

deforestation commitments.  However, achieving the conditional mitigation goal of 41% 

will require the industry to adopt more ambitious mitigation actions than under current 

government or industry proposals, such as banning the expansion of oil palm 

plantations in lands with high carbon stocks.   

3) Contribution of individual GHG emissions mitigation actions to national 

NDC goals in Indonesia:  Between 2014–2016, various ministries in Indonesia 
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independently published six different national GHG inventory estimates reporting 

average emissions from land use and land cover change (LULCC) ranging from 400 to 

1100 Mt CO2e yr-1 over the 2000–2012 period. This large range inhibits reliable estimation 

of the potential contribution of sector-specific mitigation actions to the national goal of 

reducing emissions by ~800 Mt CO2e yr-1 by 2030.  For example, emissions from oil palm 

driven deforestation and peat land conversion in Kalimantan can be reduced by as much 

as 130 Mt CO2 yr-1, corresponding to either 32% or 12% of total LULCC emissions, given 

the lowest and highest reported estimate of national emissions, respectively.  Similarly, a 

plan announced in 2017 to reduce peat and forest fires by half in just two years could 

reduce national emissions by 10–130 Mt CO2e yr-1, depending on the inventory used for 

comparison. To determine the reasons for the large discrepancies in national greenhouse 

gas inventory estimates, I compared input data and estimation methods of each national 

inventory, and tested the sensitivity of each observed methodological difference.  I 

found that the largest changes stem from the inclusion of legacy GHG emissions due to 

peat drainage (which increased emissions by at least +94% compared to the reference), 

methane emissions due to peat fires (+35%), and GHG emissions from belowground 

biomass and necromass carbon pools (+61%), modifications to assumptions of the mass 

of fuel burnt in peat fire events (+88%), and accounting for regrowth following a 

deforestation event (-31%). These differences cumulatively explain more than half of the 

observed difference among inventory estimates.  This study improves our 
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understanding of the way that LULUCF GHG fluxes are calculated in practice, and how 

variations influence the magnitude of flux estimates, in Indonesia. This is an important 

first step towards comparing inventories in appropriate ways and tracking emissions 

using a consistent time series.  The Indonesian government’s success in achieving its 

mitigation goal will depend on its ability to measure progress and evaluate the 

effectiveness of abatement actions, for which reliable harmonized greenhouse gas 

inventories are an essential foundation. 

4) Reconciliation of oil palm plantation expansion, forest protection, and 

biodiversity conservation in Gabon:  In 2012, Gabon announced plans to become a 

leading producer of palm oil in Africa, while simultaneously limiting degradation of 

intact and carbon-rich forests, and areas with important biodiversity resources.  Given 

stated production goals of up to 1 million tons of CPO per year, and estimated yields of 

1-2 tons of CPO per hectare, the land requirement to meet this goal is 0.5–1 Mha.  To 

determine whether the country could meet this goal without negatively impacting 

biodiversity- and carbon-rich forests, I mapped suitable land for oil palm cultivation, 

areas of high conservation value (HCV), and areas with high carbon stocks (HCS), 

nationwide. I mapped 2.7–3.9 Mha of suitable land for oil palm cultivation that avoid 

high carbon stock forests in the country, 4.4 Mha that avoid highly biodiverse 

ecosystems, and 1.2–1.7 Mha that avoid both. Notably, I found that, although HCV and 

HCS areas largely overlap, there is a risk that conservation strategies focused exclusively 
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on carbon may put rare and ecologically important, but low carbon stock, grassland, 

savannah, or wetland species and habitats at risk.  Overall my findings suggest that 

Gabon’s oil palm production target could likely be met without compromising 

important ecosystem services, if appropriate safeguards are put in place. This analysis 

improves understanding of suitability for oil palm outside of traditional hotspots of 

palm oil production, and further sheds light on the challenges and opportunities for 

aligning sustainability strategies with national targets for oil palm production in 

countries with substantial remaining forest cover 

6.2 Future Research Directions 

The research contributions of this dissertation can be refined and expanded upon 

in several ways.  I discuss below two priority areas of further research that build on the 

current state of knowledge regarding the impact of a range of policy interventions aimed 

at reconciling oil palm agriculture expansion, forest conservation and climate change 

mitigation. Beyond the scope of this dissertation, there are several additional priority 

research needs to inform effective oil palm sustainability policies, including assessment 

of intervention cost-effectiveness (Busch and Engelmann, 2017), co-benefits such as 

biodiversity conservation, and negative side effects including land conflicts.  Such 

comprehensive assessments provide an evidence base for designing and implementing 

policies which maximize benefits and balance tradeoffs among a wider range of 

economic, political, social, cultural, and environmental factors (Turner, 2018).  
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6.2.1 Oil palm as an indirect driver of deforestation 

One priority area for future research is an assessment of indirect land use change 

driven by the oil palm industry. This would provide a more comprehensive 

understanding of the role of the oil palm industry in driving deforestation. I estimated 

that oil palm expansion caused approximately 14% of national deforestation in 

Indonesia from 2010–2015. However, expansion onto non-forest land could have 

resulted in the displacement of less profitable agricultural activities to the forest frontier, 

indirectly driving additional deforestation (Gatto et al., 2015). This leakage could reduce 

or neutralize the future impact of zero-deforestation commitments. 

Leakage of deforestation due to voluntary sustainability commitments made by 

commodity producers has been documented in other contexts. After the implementation 

of the soy moratorium in the Brazilian Amazon, soy increasingly expanded onto existing 

agricultural and pasture lands, resulting in a substantial decrease in direct deforestation 

(Macedo et al., 2012). However, soy expansion onto pasture lands indirectly drove 

deforestation elsewhere, limiting the effectiveness of the anti-deforestation strategy 

(Arima et al., 2011). 

Most companies with a commitment to zero-deforestation palm oil supply chains 

have pledged to eliminate deforestation by the year 2020. As a result, the impact of these 

commitments on oil palm driven deforestation and associated indirect land use change 

may not yet be evident. However, it is possible to investigate the specific land uses 
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which were replaced by oil palm plantations in the past, and the extent to which the use 

of non-forest land for oil palm expansion resulted in indirect land use change using 

statistical analyses, e.g. via economic simulation models (Meyfroidt et al., 2013).  This 

information would allow us to estimate a priori the potential for leakage to reduce the 

overall impact of zero-deforestation commitments on rates of forest loss and GHG 

emissions. 

6.2.2 Obstacles to deforestation–free oil palm 

Another priority area for future research is understanding the obstacles to zero-

deforestation oil palm expansion, including economic, political, and social constraints, 

that have not previously been considered in global and national analyses. Several recent 

studies have identified low impact areas for global oil palm plantation expansion, by 

mapping biophysically suitable land that also meet broad social and environmental 

sustainability criteria.  Pirker et al. estimate that there are 1.4 billion hectares of suitable 

lands for oil palm cultivation based on climate, soil and topographic factors, but that less 

than 20% of this area is not already protected, used for other forms of agriculture, or 

considered of high value for conserving biodiversity and carbon-rich ecosystems (Pirker 

et al., 2016).  Dinerstein et al. estimate a similar area of low-carbon and low-biodiversity 

area across the tropics, 125 million hectares, and further estimate that roughly half of 

this area is aggregated in contiguous patches of at least 5000 hectares, a minimum 

threshold to support industrial-scale oil palm cultivation (Dinerstein et al., 2014).  These 
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studies illustrate an approach to land use planning using the most up-to-date and 

available data at a global scale.  However, they should be considered a first-cut at 

identifying likely regions for sustainable oil palm production, which can be used to 

inform priority areas for more intensive data collection and analysis. 

More detailed studies of potential oil palm cultivation at local district scales in 

Indonesia have shown that there are several underlying factors limiting cultivation in 

areas identified as having high potential using global or national scale data.  These 

reasons include the availability of labor, accessibility and transportation costs, and 

fragmentation (e.g., contiguous areas meeting a minimum size threshold) (Goh, in 

review).  Further investigation of the scale and extent of these limitations is essential to 

understanding where sustainable oil palm can expand, and what interventions are 

needed to address constraints on sustainable oil palm expansion. This will require 

refinement of coarse resolution analysis using locally available data, collecting new 

information on locally important ecological, social, and cultural features, conducting 

participatory mapping to incorporate the values of local communities and customary 

tenure (Zoological Society of London, 2013).  

In addition, while there is vociferous demand from environmental organizations 

for eliminating deforestation from oil palm supply chains, consumer demand for 

certified sustainable palm oil is lagging (Pirker et al., 2016). The economic signals 

incentivizing zero-deforestation production may not yet change the behavior of oil palm 
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producing companies (Carlson and Garrett, 2018).  A useful area of further research will 

therefore be to estimate the costs of eliminating deforestation from supply chains, to 

determine the necessary scale of incentives to encourage this change in behavior.   

Finally, the absence of a supportive legal and regulatory framework for zero-

deforestation commitments may hinder their implementation and ultimately their 

effectiveness (Streck and Lee, 2016).  For example, under current Indonesian law, within 

six years of acquiring a permit for oil palm cultivation, companies must plant 100% of 

their allotted area (Daemeter Consulting, 2015).  Failing to plant within this time frame 

can result in relinquishment of the permit.  As a result, companies are disincentivized 

from setting biodiversity- and carbon-rich forests aside for protection, as this may result 

in the transfer of the permit to another company without a similar sustainability 

commitment.  For industry zero-deforestation commitments to be effective, the process 

of granting and reviewing permits by government agencies will need to adequately 

reflect the private sector sustainability agenda.  Further research is needed to assess 

policy coherence and identify promising regulatory and enforcement mechanisms to 

support industry voluntary commitments.   
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