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Tropical forests provide critically important ecosystem services, and they are particularly
important for their levels of biodiversity and for the carbon that they store. Yet despite global
efforts to slow or halt deforestation, natural forests in the tropics continue to be cleared,
primarily for agricultural expansion. Indonesia contains the world’s third largest humid tropical
forest area, and for much of the past several decades has experienced alarmingly high rates of
deforestation. This began to change in 2017, when deforestation rates dropped precipitously and
have since remained low. To better understand how this recent trend compares to historical
deforestation patterns, this study used a sample-based approach to estimate annual primary forest
loss in Indonesia over a 30-year period, from 1991-2020. Since 1990, Indonesia has lost 28.4
(standard error of +/-0.7) Mha of primary forest — roughly one quarter of its total primary forest
area in 1990. One fifth of this area (19.7% +/-1) was cleared during a single two-year period,
1997 and 1998, when millions of hectares of primary forest were burned during a severe El Nifio
event. I also tracked land use after forest clearing to better understand what drives deforestation

in Indonesia and found that more than half of all forests were left idle after clearing, often for



years at a time. While some of this was caused by forest fires, like those that occurred during the
1997/98 El Nifio event, the majority, 8.5 (+/-0.4) Mha, was actively cleared. Large areas of
actively and fire-cleared land remained unused at the end of the study period (4 +/-0.3 and 4.8
+/-0.3 Mha, respectively). However, by 2020, an estimated 40.7% (+/-1.7) of initially
unproductive land had also been converted to productive land uses, primarily palm oil
production, which covered 16 (+/-0.5) Mha of land in Indonesia in 2020. This included 2.5 (+/-
0.2) Mha of land used to cultivate oil palms that directly replaced primary forests and another 5.3
(+/-0.3) Mha that expanded into previously forested areas one or more years after forest
conversion. In the last few years of the study, my sample-derived estimates also confirmed a
decline in deforestation after 2016, which had previously been seen in forest loss estimates
derived from map pixel counting. From 2017-2020 Indonesia experienced the lowest rates of
primary forest clearing observed during the study period. This drop in deforestation occurred
after years of increasingly tight restrictions related to primary forest conversion, peatland use,
and palm oil expansion, and during a period of heightened public concern about deforestation
and land fires following the 2015 EI Nifio event. It also occurred during a time when palm oil
prices were relatively low, and after millions of hectares of idle land had been intentionally
created, a phenomenon that is likely closely tied to speculation and land banking. This study
provides the most detailed information currently available about historic deforestation trends and
land use trajectories after forest clearing in Indonesia, shedding new light on forest change
patterns and providing a dataset that could potentially be used in future studies, including for
econometric research to quantify the extent to which political and economic factors may have

influenced land cover change.
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Chapter 1: Introduction

1.1 Background and research importance

1.1.1. The importance of tropical forests and threats they face

Land, and arable land in particular, has been one of our most valuable natural
resources since the development of agriculture and continues to hold immense
economic importance today. It is also largely finite. Although high-cost cities such as
New York or Hong Kong may carry out land reclamation projects to increase their
footprints, agricultural expansion takes place primarily as it has for millennia — at the
expense of natural landscapes. For the past several decades, most agricultural
expansion has occurred in the tropics, where it is the dominant driver of
deforestation',

This is happening while humanity faces two critical challenges — biodiversity
loss and climate change — that are inextricably linked to tropical forests. Tropical
forests are incredibly biodiverse. They are estimated to contain at least two-thirds of
the world’s terrestrial biodiversity, making them by far the most diverse terrestrial
ecosystems on the planet’>. Many of the species found in old-growth tropical forests
cannot survive when those areas are degraded or cleared.*®. Given the density of
species and high levels of specialization and endemism, the potential for biodiversity
loss when tropical forests are cleared is huge. The loss of plant and animal species in
the tropics hurts us both culturally and scientifically. Tropical forest species include
all seven non-human great apes, our closest living animal relatives. All are listed as

either endangered or critically endangered on the International Union for
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Conservation of Nature (IUCN)’s red list due to habitat loss, and the Tapanuli
orangutan (Pongo tapanuliensis), which was first declared a unique species in 2017,
contains less than 800 individuals’. Indigenous communities and other forest
dependent peoples also rely on tropical forests as a source of food and traditional
medicine. As these habitats are destroyed, centuries of traditional knowledge about
the species within those ecosystems and their uses may also be lost. For indigenous
communities living in or near tropical forests, their own cultural practices and
religious beliefs can also be closely linked to the local environment. Many of these
groups have been sustainably managing local natural resources for generations, and
when they are given the power to control their traditional forests, indigenous
communities can be highly effective at preventing encroachment even in very
threatened areas®.

Tropical forest species also contain chemicals that can be used in the
development of new medicines, and the loss of tropical forests could prevent future
discoveries. This nearly occurred in 1987, when a team of researchers in Sarawak,
Malaysia collected samples from a variety of rainforest plants, one of which
contained a compound that showed promise as a potential HIV treatment. When
researchers returned to the site in 1991, the tree from which they had taken the sample
had been cut down, and they were not able to find another tree of the same species in
the area®!”. In this particular case, researchers were able to find a living specimen in
the Singapore Botanic Gardens, however the near miss underscores the potential risks

to science associated with primary forest conversion.



Beyond their importance for biodiversity, tropical forests also store carbon.
This carbon is released into the atmosphere when forests are degraded or cleared,
contributing to climate change. Because they contain more above-ground biomass
compared to temperate and boreal forests, clearing humid tropical forests can have a
proportionally larger impact on carbon emissions!!, just as it has a proportionally
larger impact on biodiversity loss.

Humid tropical forests are typically not fire-adapted'?, meaning fire is not a
naturally occurring phenomenon in these landscapes and forest species do not depend
on periodic fire to regenerate, as is the case in some temperate and boreal forest
landscapes. However, as tropical forests are increasingly degraded, they also become
increasingly vulnerable to fire, particularly along forest edges and in peatland areas
that have been drained'?>'*. These fires are themselves a source of carbon emissions,
and repeated burning or particularly strong fires can lead to complete or near-
complete tree mortality. The carbon released from cleared or burned forests, along
with greenhouse gases from other sources such as the burning of fossil fuels, has
already begun changing our climate. One consequence of this has been stronger and
more frequent droughts, which in turn puts forests at further risk of fires — one of
many feedback loops that could accelerate climate change. In the Amazon,
researchers predict that deforestation and climate change is rapidly pushing the
world’s most iconic tropical rainforest towards a tipping point, where rainfall patterns
will have been so disrupted that the Amazon will no longer be able to sustain itself!>.

At a local level, tropical forests provide other invaluable ecosystem services,

including as watersheds and buffers against natural disasters. Many tropical forest



countries also have relatively high levels of poverty and relatively high proportions of
their populations who rely on agriculture for their livelihoods. Access to clean water
and protection against natural disasters are important to all communities. However,
lower income communities have fewer safety nets, meaning disruptions in the
ecosystem services tropical forests provide could have even more devastating
impacts.

Given the obvious benefits associated with protecting tropical forests, there
have been increasing efforts in recent years to protect and restore these valuable
ecosystems. In some cases, these efforts have been successful. In the mid-1990s,
Costa Rica, which has been heralded as the first tropical country to reverse
deforestation'S, was able to use innovative environmental protection policies,
including a program that provided payments for environmental services, to largely
halt the rapid deforestation that took place in the 1960s and 1970s and later
experienced an increase in overall forest cover as forests regrew in abandoned
pastures!’. Brazil experienced a similarly dramatic reversal in forest loss trends in the
mid-2000s. Although Brazil did not halt or reverse deforestation, the country was able
to slow forest loss within the Brazilian Legal Amazon (BLA) in the mid- and late
2000s. From 2005-2009, deforestation inside the BLA dropped to just 36% of historic
levels, following the implementation of policies designed to protect tropical forests's.

As global awareness increases about the urgent need to control carbon
emissions in order to avoid catastrophic climate change, the importance of protecting
and rehabilitating forests has also become an international priority. At the 2021

Conference of Parties (COP), dubbed in the media as “the forest COP” or “the nature



COP,” countries around the world, including many tropical forest countries, made an
unprecedented pledge to end deforestation by 2030'°. However, despite decades of
concern over the environmental impacts of deforestation, and aggressive recent
commitments to reverse forest loss and turn forests into a global carbon sink, rather
than a source of emissions, deforestation continues, with particularly high rates of
primary forest conversion occurring in the ecosystems with that are richest both in
terms of carbon and biodiversity — the humid tropics'!?°22, The pressures on primary
forests in the tropics are so intense that even countries that have succeeded in slowing

deforestation in the past can see trends reverse as political priorities change?.

1.1.2 Importance of Indonesian primary forests

Indonesian forests are particularly valuable, and understanding the
deforestation dynamics in Indonesia particularly important, for several reasons. First,
many Indonesian forests occur in peatlands — areas that contain much higher levels of
below-ground biomass compared to forests on dry soils'2. When peatlands are drained
and degraded, fires can occur. These fires pose a serious public health risk, are a
major source of carbon emissions, and can smolder for weeks or months at a time>*
26_ As an island nation, Indonesia is also extremely vulnerable to natural disasters and
sea level rise. This makes the local ecosystem services forests provide extremely
important and also means that carbon emissions from deforestation in Indonesia will
have a direct and potentially devastating impact its citizens, many of whom live in
coastal areas.

Monitoring deforestation in Indonesia is also important from a policy

perspective. Indonesia has set aggressive targets to reduce its carbon emissions,
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including even higher targets that the country has said it can reach with foreign
assistance. In 2011, Indonesia entered into a $1 billion partnership with Norway
under the international Reducing Emissions from Deforestation and Forest
Degradation (REDD+) framework to reduce greenhouse gas emissions from forest
clearing. Indonesia has since implemented various forest protection policies,
including a moratorium on the issuing of new concessions in primary forests and
peatlands that was created as a direct result of the Norway partnership. In 2021,
however, Indonesia backed out of the agreement, claiming that Norway had failed to
deliver promised payments?’. In the context of the Norway partnership, other REDD+
initiatives, and Indonesia’s voluntary commitments to reduce greenhouse gas
emissions from land cover change, accurate estimates of current deforestation rates
and past deforestation trends are critically important to monitor progress towards
emissions reduction goals.

Indonesia is also important as a test case for recent private-sector initiatives to
end deforestation and reduce carbon emissions associated with commodity
production. Indonesia’s palm oil and pulp-and-paper industries have long been targets
by environmental groups for deforestation as well as labor and human rights
violations. Eventually, this led to reforms, including the creation of the Roundtable on
Sustainable Palm Oil (RSPO) in 2004, a membership organization that certifies
plantations meeting certain sustainability standards. Companies have also begun
adopting voluntary “zero deforestation” or “No Deforestation, No Peat, No
Exploitation” (NDPE) commitments*2. Many of these commitments were adopted

by international corporations and apply to global supply chains — not just to



plantations in Indonesia. However, Indonesia is a major player in these industries, and
in the case of palm oil, it is the world’s largest producer. Understanding deforestation
trends in Indonesia before and after these policies were adopted is critical to

evaluating their success.

1.2 Remote sensing as a forest protection tool

Satellite data is a unique and extremely valuable tool for monitoring and
protecting tropical forests. Brazil, the country with the world’s largest tropical forest
area and highest rate of deforestation, has been monitoring its forests using satellite
imagery since the 1970s**. In the early 2000s, Brazil’s National Institute for Space
Research (INPE) made the data from its Program to Calculate Deforestation in the
Amazon (PRODES) available to the public for the first time3*. Shortly after, INPE
launched its Real Time Deforestation Detection System (DETER), a product created
using data from the Moderate Resolution Imaging Spectroradiometer (MODIS)
satellite, designed to rapidly detect deforestation as it occurred.

DETER’s implementation in 2004 corresponded with a steep drop in
deforestation within the Legal Amazon that lasted until 2009'%333% While satellite
monitoring and satellite data transparency was just one of many steps the Brazilian
government took to protect the Amazon during that time period, the PRODES and
DETER data undoubtably played a critical role both in increasing public awareness
and facilitating enforcement of forest protection laws. The fact that forest clearing
patterns in Brazil changed after these programs were implemented in ways that made

it easier for deforesters to avoid detection by satellites underscores the importance of



these programs — and the importance of continued development of new satellite
monitoring tools*®-7.

Indonesia also has a long history of forest monitoring using satellite data.
However, unlike in Brazil, these products are not made freely available to the public,
although the Ministry of Environment and Forestry (KLHK) does publish annual
forest loss statistics. Instead, researchers have filled the gap with regional and
national-scale studies quantifying the area of forests and other important land covers
in Indonesia. The Hansen et al. global tree cover loss product published in 2013 and
the Margono et al. primary forest map released one year later in 2014 were some of
the earliest and most important national-scale studies made available?!*®. Much like
Brazil’s PRODES product, these studies provided annual estimates of tree cover loss
in and outside primary forests over a long time period and at a high spatial resolution
(30-meter and 60-meter resolution, respectively). Since then, a pan-tropical 30-m
resolution primary forest map and a two pan-tropical near-real-time alert systems
have been published*>**?. These products, when combined with the Hansen et al.
global tree cover loss product, enable primary forest loss in Indonesia to be quantified
on an annual basis and compared to trends observed in other tropical forest countries.
The various alert products also allow conservation practitioners to identify and
quickly respond to deforestation on the ground shortly after it occurs. Together, these
academic products can fill a similar role to that of Brazil’s PRODES and DETER
systems, with the advantage of being globally or pan-tropically consistent, which is

useful for comparing forest dynamics between countries and regions.



Beyond forest and tree cover monitoring, major advances have also been
made in mapping deforestation drivers in Indonesia, however, some challenges still
remain. Palm oil and acacia plantations are two of the largest industrial drivers of
deforestation in Indonesia. Several methods can be used to map large-scale
plantations, which have distinct spatial patterns — specifically characteristic block
patterns (for plantations located in lowland and peatland areas) and terracing (for
plantations located in areas with steeper slopes). The type of plantation can be
determined by comparing the location to available concession maps, although this
poses some problems related to data quality, as concession maps are not made
officially available by either local or national governments on a consistent basis.
Plantation type can also be determined by the temporal clearing and regrowth patterns
(acacia) and radar backscatter signatures (oil palm).

Several regional and national-scale plantation maps are currently available*!~
49 These studies rely primarily on two different methods and data sources — either
visual interpretation by experts of plantation boundaries using multispectral data from
the NASA/USGS Landsat archive or classification of radar data from Synthetic
Aperture Radar (SAR) sensors. SAR data is useful for mapping mature oil palms, as
closed canopy plantations have a radar backscatter signature that is distinct from most
other land covers found in these areas®*2. Younger oil palms are less reliably
mapped with SAR data, however, so this method is not appropriate for detecting
plantations soon after they are established. For this, visual interpretation of Landsat
data may be more appropriate, as the plantation infrastructure — specifically roads and

canal networks — is what allows researchers to identify the class of interest, rather



than the specific spectral signature of the plants themselves. Using this method,
plantations can be identified even before oil palms have been planted. However, this
method is not appropriate for smallholder plantation mapping, as these have more
heterogenous spatial patterns that cannot be easily differentiated from other
smallholder land uses. These visually interpreted maps can also overestimate the
industrial oil palm area in cases where there is a delay between the establishment of
plantation blocks and the actual planting, or where oil palms were damaged.

Fire is another important dynamic in Indonesia. Fires both in and outside
forested areas are a source of carbon emissions and harmful air pollution. Fires within
primary forests can also cause forest degradation and in some cases can lead to forest
loss. The fire hotspot product derived from MODIS data is used both to combat fires
as they occur, identify industries or individual land managers who may be
contributing to fires, and to compare changes in fire patterns over time>-4,
Researchers also use multispectral data to map burns scars directly, allowing them to
see which landscapes are impacted by fires each year>>-°. Burn scar maps and hotspot
data can be compared to primary forest maps to see whether fires are occurring in
areas that were previously forested. Deforestation from fire can also be mapped
directly using multispectral data, and a recent study by Tyukavina et al.”’ provides

both maps and sample-based estimates of forest loss from fire globally.

1.2.1 Importance of sample-derived land area estimates
Much of the research discussed above focuses on mapping land cover or land
cover change directly. Maps created from remote sensing data are extremely valuable,

particularly in cases where it is important to know exactly where land change is
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occurring. If your research aim is to create a product that can be used by practitioners
to quickly identify deforestation as it occurs so that they can intervene on the ground,
a map is the most useful product you can create. Even a map that underestimates the
total area cleared can be useful for on-the-ground stakeholders, and in cases where
resources to protect forests are scarce may be preferable compared to an overly
sensitive product that contains a large number of commission, or false-positive,
errors. However, if your aim is to compare deforestation rates over time or to quantify
deforestation within a certain region, map errors can lead to over- or under-
estimations. All maps contain bias, so to avoid this issue and to quantify the
uncertainty of the statistics derived from your study, using a statistical sample to
estimate land areas rather than map pixel counting is considered scientific good
practice®. By using a statistical sample of the best available reference data,
researchers can avoid the bias inherent in mapping and estimate the area of both the
land cover class itself and the associated uncertainty. Some, but not all, of the studies
mentioned above report areas based on statistical samples, and over time this has
increasingly become the norm. However, since sample-derived areas are not
universally provided in land cover studies in Indonesia, gaps still exist, making it

difficult to compare the change in deforestation patterns over time.

1.3 Study goals and dissertation structure

This dissertation sets out to answer three main questions: 1) how much
primary forest has been degraded and lost in Indonesia; 2) what land uses have
replaced forest; and 3) to what extent have palm oil plantations, Indonesia’s most

significant industrial driver of deforestation, expanded in forested and non-forest
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areas. To answer these questions, I worked with my advisor and colleagues from the
GLAD group, and with coauthors from Indonesia’s National Agency for Aeronautics
and Space (LAPAN), Indonesia’s Ministry of Environment and Forestry (KLHK),
and World Resources Institute (WRI) Indonesia, to generate sample-derived annual
area estimates of forest cover, forest degradation, forest loss, and post-forest land uses
over a 30-year period, from 1991 to 2020. I also estimated the area of both intact and
degraded primary forest in 1990 and the area used for oil palm cultivation in 2020. I
provide annual sample-derived estimates over a longer time period and for more land
cover classes than existing studies, which allowed me to compare changes in
deforestation rates over time in ways not previously possible. These changes in forest
cover over time are explored in Chapter 2. In Chapter 3, I explore land uses after
deforestation and quantify post-clearing land use classes not only immediately after
forests are cleared by at various post-clearing time-steps. This detailed analysis of
how land use continues to change after forests are cleared sheds new light on what
drives forest loss in Indonesia. In Chapter 4, I provide a sample-derived estimate of
the land area used for palm oil cultivation in Indonesia in 2020 and annual sample-
derived estimates of palm oil expansion in previously forested areas over a 30-year
period. Lastly, in Chapter 5, I discuss how these findings shed light on the potential
impact of government and private-sector led forest protection policies in Indonesia
and what further research may be needed to determine the extent to which policies are

succeeding.
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Chapter 2: Indonesian forest loss trends over time

2.1 Abstract

Indonesia contains the world’s third largest area of primary tropical forest. It
has also experienced rapid deforestation in primary forest areas for much of the last
several decades, although in recent years deforestation declined dramatically. Here, I
estimate Indonesia’s primary forest area in 1990 and annual primary forest loss from
1991-2020. Indonesia lost roughly one quarter of its 1990 primary forest over a 30-
year period — a total deforested area of 28.4 (standard error of +/-0.7) million
hectares. One fifth (19.7% +/-1) of this deforestation occurred during a single two-
year period, 1997 to 1998, when a severe El Nifio event caused widespread fires
throughout the country. More recently, primary forest loss rates have declined, and
from 2017 to 2020 Indonesia experienced the lowest annual deforestation observed

over the course of the study.

2.2 Introduction

In February 2021 at the Conference of Parties (COP) 26 climate talks, countries from
around the world made an ambitious pledge to halt and reverse forest loss and land
degradation by 2030 in an effort to curb greenhouse gas emissions from land use
change. The declaration was endorsed by some of the world’s top carbon emitters,
including the United States and China, and the three countries with the largest tropical
forest areas — Brazil, the Democratic Republic of Congo, and Indonesia'®. Of these
three, Indonesia has the least remaining primary forest and, until recently, was

experiencing the highest rate of clearing proportional to its total forest area?>°. That
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changed in 2017, when the country experienced a sharp and sustained decline in
primary forest loss, in what appears to be a rare success story in tropical forest
conservation®®6!,

In the years leading up to its deforestation rate decline, Indonesia
implemented a number of forest protection policies. These include a moratorium on
new concessions inside primary forests and peatlands, which began in 2011 and was
made permanent in 20192, expanded peatland protections enacted in 2016%, and a
temporary ban on all new palm oil concessions, which was imposed in 2018 and
allowed to expire in 2021%. Indonesia’s palm oil and pulp and paper industries, the
primary industries responsible for large-scale deforestation in the country®>®¢, had
also, after years of attacks by environmental groups, adopted more forest-friendly
policies, including commitments by many of these industries’ largest actors to
eliminate deforestation from their supply chains3!-3%7

These policy changes may be responsible for Indonesia’s recent reduction in
primary forest loss. However, determining the extent to which policies contributed to
the decline is difficult, since external forces such as economic or environmental
conditions may have also played a role.

One factor that makes it difficult to determine how policies contribute to
changing deforestation rates in Indonesia is the role that fire plays in forest
conversion. Fire is both a driver of forest loss in Indonesia and a tool used to clear
debris after tree felling””%*7°. During El Nifio events or other drought periods, fires

13,71

can be particularly severe'>>"", and a strong El Nifio in 2015 corresponded to a spike

in deforestation in Indonesia. The potential impact of drought-associated fires on
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deforestation rates in Indonesia makes it difficult to untangle the relative impacts of
climate, government policies, and economic factors on deforestation trends. El Nifio

events may also become more frequent and severe with climate change’ 74,

SO
understanding how drought and drought-induced fire affect Indonesian forests can
help in designing future forest protection policies and predicting which areas are most
at risk.

Most deforestation estimates also fail to adequately capture degradation
dynamics. Degradation is itself a substantial source of carbon emissions and
biodiversity loss®’>7¢, In Indonesia, forest degradation may also predict future
deforestation, since most forests are degraded before they are cleared®. Throughout
the tropics, fragmented forests are at higher risk of conversion.”” Road construction
makes forests more accessible, which in turn increases the likelihood that they will be
deforested. Degraded forests are also more vulnerable to fire, and in areas where fires
occur frequently, repeated burning year after year may eventually lead to complete
tree mortality®-’®. In Indonesia, degradation may also provide a potential legal
pathway for forest conversion, as intact primary forest areas located within the
national forest estate are not legally eligible for rezoning for non-forest land uses such
as palm oil”.

Providing more detailed information about historic deforestation patterns in
Indonesia can shed light on how the 2017-2020 period differed from past years. Here,
I worked with coauthors to create sample-based primary forest loss estimates over a

30-year period, from 1991-2020. I also tracked degradation events within primary

forests prior to clearing, enabling a better understanding of the relationship between
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forest disturbance and conversion. Lastly, I disaggregated forest fire clearing from
other types of primary forest loss, shedding light on the impact weather patterns and

drought have on annual loss rates in Indonesia.

2.2.1 Definitions

Primary forest area in 1990 and annual primary forest loss from 1991-2020 were
quantified using a probability sample of remotely sensed reference data. This is
consistent with good practice recommendations for estimating land change areas as it
allowed me to generate uncertainties (I report uncertainty as +/-1 standard error of an
estimate) and avoids the bias inherent in area estimates derived from map pixel
counting®. I also tracked forest degradation events and classified forest clearing into
two clearing types — forest fire clearing and active human clearing.

I defined primary forest as natural, old-growth woody vegetation at least Sm
in height and with at least 30% tree cover at a 30-m spatial resolution. This included
intact primary forest, with no observable evidence of human disturbance at a 30-m
resolution or within a 120-m radius, and degraded primary forest, which shows
evidence of human disturbance but maintains at least half of its original natural
canopy. Forest degradation included any disturbance at a 30-m resolution or within a
120-m radius that resulted in less than 50% natural canopy loss. Examples of intact
and degraded primary forests are provided in Figures 2-S1, 2-S2, and 2-S3.
Degradation event examples can be seen in Figures 2-S4 and 2-SS5.

I defined deforestation as the loss of at least 50% of the natural canopy at a
30-m spatial resolution, regardless of post-clearing land use. Deforestation was

identified based on changes in the spectral signature of the sampled pixels, including
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a temporary or permanent increase in bare ground within the pixel or a persistent
change in the vegetation signature indicating a substantial canopy disturbance. Loss
events and the percent canopy loss (>=50% for deforestation, <50% for degradation)
were confirmed with very high resolution data where available.

Deforestation events were classified into two categories based on the clearing
mechanism — forest fire clearing and active clearing. Forest fire clearing was defined
as the loss of at least 50% of the natural canopy from fire in a standing forest on land
that was not planted or converted to another human land use for at least 12 months
after the clearing event. Active clearing was defined as the rapid conversion (within
12 months) of a natural forest to a human land use or the removal of at least 50% of
the natural canopy by human activity (manual, mechanical, or chemical clearing).
Forests that were actively cleared and then subsequently burned were included in the
active clearing category. A forest was classified as having been converted to a human
land use if it was planted with crops or replaced with another land cover associated
with human activity, such as built-up land, mining pits, or fish ponds. Examples of

forest fire clearing and active clearing are provided in Figures 2-S6, 2-S7, and 2-S8.

2.3 Results

From 1991-2020, Indonesia lost an estimated 28.4 (standard error of +/-0.7)
Mha of primary forest, equivalent to losing an area the size of Yellowstone National
Park each year for 30 years (Fig 2-1). This represents a loss of 24.6% (+/-0.5) of the
total primary forest area in 1990 of 115.4 (+/-0.8) Mha. An additional estimated 25.1
(+/-0.6) Mha of intact primary forest was degraded but not cleared. The majority of

deforested areas (68.2% +/-1.2) were logged or otherwise degraded at least five years
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before being cleared (or were already degraded in 1990) and 77.4% (+/-1.1) were
degraded at least one year before clearing. Degraded primary forests were also
cleared more rapidly; of the estimated 26.4 (+/-0.6) Mha of forest already degraded in
1990, 49.7% (+/-1.3) was cleared by 2020, compared to just 17.1% (+/-0.5) of forests
that were intact at the start of the study (Fig. 2-2). Forests that were still intact in 1990
but later degraded also had higher rates of forest loss. An estimated 29.4% (+/-1) of
primary forests degraded after 1990 were cleared by 2020, compared to just 9% (+/-
0.5) of intact forests that were never degraded. Within the 10.5 (+/-0.4) Mha of intact
primary forest that was degraded and cleared during the study period, the median time

between degradation and clearing was 7 years (Fig 2-S4).
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Figure 2-1: Sampled pixel locations and land cover estimates. (a) 1990 and (b) 2020 classifications with derived intact,
degraded, and cleared forest estimates. Standard errors are included in parenthesis.
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Figure 2-2: Intact and degraded forest trajectories. Estimated intact and degraded primary forest areas in 1990 and the status of those
areas in 2020. By 2020, Indonesia had lost roughly half (49.7% +/-1.3) of its primary forests that were already degraded in 1990,
compared to a loss rate of 17.1% (+/-0.5) within forests that were intact in 1990.
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2.3.1 Temporal trends

For most of the study period, annual primary forest loss ranged from roughly
600,000 to 1.2 million hectares per year, with slightly higher average loss rates
occurring in the 1990s compared to the 2000s and 2010s (Figure 2-3, Table 2-S1).

However, there are two notable exceptions to this pattern — 1997/98 and 2017-2020.

1991-2000: 13.4 (+/-0.5) Mha lost 2001-2010: 8.5 (+/-0.4) Mha lost 2011-2020: 6.4 (+/-0.3) Mha lost

Pre-clearing forest type:

3 Mha - . Degraded before 1990
Degraded after 1990
. Intact, cleared directly
2 Mha
1 Mha

T T T T T T
1995 2000 2005 2010 2015 2020

Figure 2-3: Annual primary forest loss. Bars display estimated loss disaggregated by the type of primary forest cleared; ribbon represents one
standard error above and below the annual loss estimates. Estimated annual loss areas and corresponding standard errors for each type of forest
cleared are provided in Table 2-S1.

Indonesia experienced a rapid increase in deforestation in 1997, when the

country lost an estimated 2.5 (+/-0.2) Mha, more than double the amount of forest
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loss observed in the previous year. Another 3.1 (+/-0.2) Mha was lost in 1998, the
year with the highest estimated primary forest loss of the study period, before
deforestation rates returned to more normal levels in 1999. This spike corresponded
to a particularly severe El Nifo event, which caused widespread forest and land fires
throughout the country'®. When disaggregating by clearing mechanism, I found that
forest fire clearing accounted for 64.7% (+/-4.1) and 59.5% (+/-3.8) of all primary
forest loss in 1997 and 1998, respectively — the only two years in the study when
forest fires were responsible for the majority of forest loss (Figure 2-4, Table 2-S1).
The other anomalous period was 2017-2020, when Indonesia experienced the
lowest rates of annual primary forest loss observed during the study period (Table 2-

225981 "and could indicate

S1). This confirms trends found in map-derived estimates
that forest protection policies are succeeding. Annual degradation also declined
during this period, from a nearly 20-year high observed in 2016 (Figure 2-5).

However, this drop did not represent historically low levels — degradation had also

declined throughout the 2000s, before reaching the study-period low in 2011.
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Figure 2-4: Annual (a) active clearing and (b) forest fire clearing. Indonesia experienced a sharp increase in forest
fire clearing in 1997 and 1998, during a severe El Nifio event.
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Figure 2-5. Annual degradation. Estimated annual degradation within forests that were intact in 1990. Ribbons represent one standard
error above and below the estimate.

2.3.2 Forest fires and active clearing

Forest fire clearing accounted for an estimated 25.9% (+/-1.1) of all primary
forest loss observed during the study period. Fire clearing occurred almost
exclusively during El Nifo events (Figure 2-6), and nearly half of all fire clearing
46.9% (+/-2.5) occurred during the 1997/98 El Nifio alone. During the more recent
2015/16 El Nifio, approximately half a million hectares of primary forest was cleared
by fire, accounting for an estimated 6.9% (+/-1.3) of all fire clearing and 28.4% (+/-
4.6) of all primary forest clearing over those two years. Averaged over the entire
study period, forest fires accounted for an estimated 33.9% (+/-1.4) of clearing that

occurred during El Nifio events and just 6.3% (+/-1.2) of non-El Nifio year clearing.
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Figure 2-6: Annual forest fire clearing in El Nifio and non- El Niiio years. Most forest fire clearing (93.1% +/-1.3) occurred during El
Nifio events. The two strongest El Nifio events of the study period — 1997/98 and 2015/16, accounted for an estimated 46.9% (+/-2.5) and
6.9% (+/-1.3) of forest fire clearing, respectively.

While fire clearing appears to be closely linked to El Nifio events, active
clearing demonstrated a different temporal pattern. Figures 2-4 and 2-7 show
estimated active and forest fire clearing over the course of the study period, calculated
annually (Figure 2-4) and as a three-year rolling average (Figure 2-7). Annual active
clearing increased steadily throughout the 1990s before dropping in the early 2000s.
This could be related to the political changes that were taking place around that time.
The 1990s marked the end of a 32-year dictatorship led by Suharto, Indonesia’s
second president who took power soon after the country gained independence from

the Dutch. This was also a period of rapid government-sanctioned expansion of
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Indonesia’s pulp and paper industry®>%3. Growth of Indonesia’s pulp production

capacity in the 1990s occurred much more rapidly than tree plantation development,

and the clearcutting of natural forests made up for this deficit®>.

Kalimantan Sulawesi
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Figure 2-7: Three-year rolling averages for forest fire and active clearing. Active clearing plus one standard error above and below the estimate is
presented in blue for the entire country and for the four islands with the largest primary forest areas. Forest fire three-year rolling estimates and
associated standard errors are presented in red.

The 1998 fall of the Suharto government closely followed, and was in part
triggered by, the 1997 Asian financial crisis, and the tumultuous economic and
political atmosphere may have impacted deforestation. Active forest clearing peaked
in 1998, the year Suharto resigned, remained high in 1999, then fell in 2000. In the
early 2000s, active clearing remained low compared to the highs of the late 1990s, but
began to increase in the mid-2000s until it reached another peak in 2006. This took

place during Indonesia’s democratic transition and a period of decentralization. Under
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Suharto, natural resources including forests were tightly controlled by the central
government. Much of this power was shifted to local governments during the post-
Suharto Reformasi (Reform) period*, which in turn led to a shift in the utilization,
and, in some cases, abuse, of forest resources. As forest resources were decentralized,
local government officials used concessions in forested areas to raise government
revenue. Some corrupt public officials also used concessions to reward supporters
who helped finance election campaigns and to personally enrich themselves and their
friends and families®®®. Research comparing deforestation trends with local election
schedules has found that deforestation, in particular illegal deforestation, accelerated
just ahead of regional elections, and that forest loss increased as new political districts
were created®®. During the early Reformasi era, local elections took place on a
staggered basis, as Suharto-appointed local leaders were allowed to finish their 5-year
terms. The upward trend in active forest loss from 2000 to 2006 would have
overlapped with this period.

From 2007 to 2016, annual deforestation rates varied from year to year, but
the three-year rolling averages exhibit a downward trend during this period (Figures
2-4 and 2-7). Published map- and sample-based estimates of overall primary forest
loss have shown an increase in primary deforestation in Indonesia over these
years?>3%, However, when the impact of forest fire clearing is taken into account, the
map-derived trends more closely resemble this study’s sample-based estimate®”’.
Interestingly, palm oil prices, which previous studies have found to correlate with

deforestation in Indonesia, were relatively high for much of this period, though palm
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oil prices did begin to fall around 2010%. Both active and forest fire clearing dropped

precipitously after 2016, a trend also observed in the map products referenced above.

2.3.3 Regional trends

Most deforestation occurred on the islands of Kalimantan and Sumatra, which
were responsible for an estimated 42.7% (+/-1.1) and 39.4% (+/-1.1) of total forest
loss, respectively. These regions also had the highest relative rates of deforestation
observed during the study period. By 2020, Sumatra had lost nearly half of its initial
1990 primary forest area (48.9% +/-1.4), and Kalimantan had lost roughly one-third
(32.2% +/-1). Most regions — including the four islands with the largest areas of
primary forest at the start of the study period — experienced a decline in annual active
forest clearing in the last few years of the study (Figure 2-7). This decline was most
dramatic in Sumatra, where deforestation rates have been falling since the mid-2000s.
In 2005, Sumatra lost roughly half a million hectares of primary forest (528,000 +/-
99,000), compared to just 75,000 (+/-38,000) hectares in 2020.

Deforestation in Kalimantan has also slowed since the mid-2000s, particularly
in the last few years of the study. In Papua, the island with the largest area of primary
forest remaining, deforestation peaked in 2011 when 113,000 (+/-46,000) hectares of
primary forest was cleared, and by 2020 had slowed to levels below those detectable
by this study’s methodology. The decline in deforestation in Papua is important since
the island still contains such a large area of primary forest, making the drop less
likely, compared to a region like Sumatra, to be driven by a scarcity of forested land

appropriate for conversion to palm oil or another agricultural use (Figure 2-8).
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Figure 2-8: Primary forest area over time. The intact, degraded in 1990, degraded after 1990, and cleared forest area are displayed for the entire
country as well as the islands of Sumatra, Kalimantan, Sulawesi, and Papua. Sumatra experienced the highest relative clearing observed during the
study period, losing 48.9% +/-1.4 of its 1990 primary forest by 2020.

2.3.4 Regional fire patterns and potential impact of the Mega Rice Project

Fire and active clearing patterns varied by region (Figure 2-S9). Kalimantan
experienced the highest proportion of clearing caused by forest fires, with fires
responsible for 34.7% (+/-1.9) of all deforestation on the island. Much of this fire
clearing was concentrated in Central Kalimantan province. Over half (53.4% +/-3.3)
of Kalimantan’s deforestation from fire occurred in Central Kalimantan, despite the

province containing just 31.9% (+/-1) of the island’s primary forest area in 1990.



Central Kalimantan has large areas of peat forests. These wetland ecosystems
contain huge amounts of below-ground biomass, accumulated over millennia in
saturated soils that slow the decomposition of leaf litter and other organic matter!?.
When these ecosystems are drained, that organic matter dries and can act as a tinder
box, causing smoldering fires that can be extremely difficult to extinguish and release
large amounts of carbon into the atmosphere!>!4.

Central Kalimantan is also the location of the Mega Rice Project, a massive
government project carried out at the tail end of the Suharto regime that aimed to
replace Kalimantan peatland forests with one million hectares of irrigated rice. The
project, which ran from 1996-1998, did not succeed in its vision to turn Central
Kalimantan into a rice cultivation hub. It did, however, result in the construction of
thousands of kilometers of drainage canals over several years, creating perfect
conditions for the spread of both intentional and unintentional fires during the 1997
and 1998 droughts®. In total, Indonesia lost 5.6 (+/-0.3) Mha of primary forest during
the 1997/98 El Nifio event — one fifth (19.7% +/-1) of the primary forest area lost
over the 30 years examined in this study. Of the 5.6 (+/-0.3) Mha lost in 1997 and

1998, 22% (+/-2.4) was in Central Kalimantan, a province that contained just 12 (+/-

0.4) Mha of primary forest in 1990.

2.4 Discussion

These findings provide several important pieces of information about
deforestation trends in Indonesia broadly, and about the 2017-2020 drop in
deforestation rates. First, fire is a significant driver of deforestation in Indonesia, and

a single drought event, such as the 1997/98 El Nifio, can have a huge impact on
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forests. Given that climate change may cause El Nifio events to become more
frequent and severe, this means that even under the best policy scenarios, forests will
remain somewhat at risk. However, although severe El Nifio events corresponded
with spikes in clearing by fire in multiple regions throughout the country, the impact
was not consistent across different geographies. Kalimantan experienced the highest
proportion of forest fire clearing relative to total deforestation and saw the highest
increase in clearing in 1997/98 compared to previous years. Much of Kalimantan’s
forest fire clearing was located in or near Central Kalimantan province, a region with
extensive peatlands and the location of the failed Mega Rice Project. This likely
means that poor policy decisions, specifically the draining and intentional burning of
peatlands, combined with drought conditions to create a perfect storm for the large-
scale destruction of primary forests. The Mega Rice Project has long been viewed as
a policy failure, one which continues to contribute to pollution from fires as these
areas re-burn year after year. The consequences of the Mega Rice Project have not,
however, steered Indonesia away from planning large-scale agricultural projects,
including in wetland areas®. These projects should be carefully examined, and
detailed environmental impact assessments carried out to ensure they will not leave
peatland areas vulnerable to burning.

Extreme drought events will likely always leave Indonesian forests at risk, and
the 2015/16 El Nifo also led to an increase in fire clearing compared to previous
years. However, it did not cause the level of devastation that the country experienced
in 1997/98. The 2015 fires also brought peatland management to the forefront of the

public’s attention, and in 2016 the Indonesian government created the Badan
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Restorasi Gambut (Peatland Restoration Agency, or BRG) and tightened restrictions
on development within peat areas beyond those already in place from the 2011
moratorium®'. Based on historic trends, policies to protect and restore peatlands could
have a particularly significant impact on future deforestation linked to drought.

I also found that both clearing from fires and active forest clearing dropped
after 2016. The pattern of slowing deforestation was repeated on islands with both
high and low levels of remaining primary forest, although Kalimantan did experience
a small uptick in deforestation in 2020 compared to 2019. Annual forest degradation
also dropped during this period. These declines began several years after Indonesia
adopted its 2011 forest moratorium as part of a US$1 billion partnership with Norway
to reduce carbon emissions from forest loss and degradation. While this is not the
only policy that may have impacted forest loss rates in the last few years of the study,
it is arguably the most wide-reaching. Under the moratorium, which was initially
designed to last three years, but was eventually made permanent, no new concessions
could be issued inside areas classified as either intact primary forest or peatlands.
Existing concessions, including those that contained peatlands or intact forests, could
continue to operate as usual, and new concession could be issued in old-growth
forests that had already been degraded’>*. These loopholes were criticized by some
environmental activists, and there was no immediate drop in primary forest loss after
the policy was implemented. However, the moratorium may have contributed to the
sharp declines observed after 2016, and the exemptions for existing concessions and
degraded primary forests may have made a lagged impact more likely. Several other

important policies were also adopted that coincided more closely with the decline in
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forest loss, including expanded peatland protections implemented in late 2016 and a
temporary moratorium on new palm oil concessions from 2018-2021°4%,

This study’s findings alone do not prove that forest protection policies are
working; there may still be other external factors, such as global palm oil prices,
influencing deforestation rates in Indonesia. However, the drop in active clearing is a

hopeful sign for the future of Indonesian forests.

2.5 Methods

A probability sample of remotely sensed reference data was used to estimate the area
of primary intact and primary degraded forest in 1990 and the annual rates of intact
forest degradation and primary forest loss. This method is consistent with good
practice recommendations for estimating land cover areas,®® and a similar method has
been employed in prior studies quantifying forest loss and attributing forest
disturbance drivers in the Brazilian Amazon and Congo Basin®>’. For this study, a
simple random sample was selected from each of seven regional strata — Sumatra,
Kalimantan, Java, Sulawesi, Nusa Tenggara, Maluku, and Papua. A total of 10,000
sample units, roughly 30x30 meters in size and corresponding to Landsat pixels, were
selected, with the sample size per region proportional to the region’s area. Strata were
defined by region, rather than using wall-to-wall forest change products, because, at
the time the study was designed, no maps of annual forest disturbance had been
published covering the full spatial and temporal scope of the study (nation-wide,
1990-2016 period, with data later added to include 2017-2020, 30m resolution). The

sampled pixel locations for each stratum are provided in Figure. 2-S10.
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I interpreted satellite-derived reference data for each sampled pixel, together
with analysts from Indonesia’s Ministry of Environment and Forestry (KLHK),
Indonesia’s National Institute of Aeronautics and Space (LAPAN), and World
Resources Institute (WRI) Indonesia. We recorded the 1990 land cover class (intact
primary forest, degraded primary forest, or non-forest) and any subsequent forest
degradation events. For sampled pixels that experienced forest loss during the study
period, the year and type of forest conversion was also recorded. Sampled pixels were
initially interpreted for the 1990-2016 period at a workshop in 2017 by participants
from KLHK, LAPAN, and BGR, together with non-governmental researchers from
WRI Indonesia and the Bogor Agricultural University (IPB). I joined these
workshops as a facilitator and trainer on behalf of the University of Maryland’s
Global Land Analysis and Discovery (GLAD) group. These interpretations were later
reviewed by a smaller quality control team that included two interpreters each from
LAPAN (Inggit Sari and Tatik Kartika), KLHK (Anna Tosiani and Muhammad
Yazid), and WRI-Indonesia (Rizky Firmansyah and Zuraidah Said), and myself. This
second review was conducted in order to ensure that land cover definitions were used
consistently. The interpreters from this smaller team are coauthors on this study, as
well as the studies discussed in Chapters 3 and 4. Each member of the small
interpretation team had participated in the original workshop either as an interpreter
or, in my case, as a trainer/facilitator. The review by the quality control team took
place during a second series of workshops, with all team members working in a room
together so that difficult-to-interpret samples could be discussed. During this review,

quality control team analysts reviewed each sampled pixel’s original interpretation,
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comparing the results to the satellite-derived reference data and editing any aspects
they found to be inconsistent with the reference data or the land cover definitions
used in this study. Sampled pixels were assigned so that each interpreter reviewed a
different subset of pixels than they saw in the original workshop, meaning each pixel
was reviewed by two interpreters.

Following this update, I compared the interpretation results of all pixels to
existing wall-to-wall map products: a forest/non-forest 1990 land cover map produced
by KLHK and the Turubanova et al. 2001 primary forest map'. For pixels whose
1990 or 2001 land cover classes were inconsistent with classifications in the
corresponding year’s map product, the quality control team conducted an additional
review. During this screening, quality control team analysts reviewed interpretation
results, reference data, and the 1990 and 2001 map classifications, revising
interpretations as needed. The resulting dataset was again compared to existing map
products, including KLHK forest/non-forest maps (1990, 2000, 2012); Margono et al.
and Turubanova et al. primary forest maps (2000 and 2012)**%; tree cover maps
created by LAPAN as part of the INCAS project (2000 and 2012)°°; and Hansen et al.
percent tree canopy cover (2000) and tree cover loss (2001-2016) products®'. 1
conducted a third review of all pixels whose interpretations were inconsistent with the
above map products, pixels marked as low confidence in one or more confidence
categories, and all pixels experiencing primary forest clearing during the study
period.

I defined map product inconsistencies as follows:
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Pixels classified as forest (an aggregation of the hutan primer and hutan
sekunder land cover classes) in one or more KLLHK product, but classified as
non-primary forest in this study in the corresponding year; or pixels classified

as non-forest by KLHK but classified as primary forest in this study;

146, in 2000 or Turubanova

Pixels classified as primary forest by Margono et a
etal'. in 2001, but classified as non-forest in the corresponding year in this

study; or pixels classified as non-primary forest in the above-mentioned

products but classified as primary forest in this study;

Pixels classified as non-forest in the INCAS*’ 2000 or 2012 products, but
classified as primary forest in the corresponding year in this study (the INCAS
forest definition included non-primary forest tree-covered landscapes, so
pixels classified as forest by INCAS but non-primary forest in this study were

not deemed inconsistent);

Pixels identified as having <80% tree canopy cover in the Hansen et al*®,
global tree canopy cover product (2000), but classified as primary forest in

this study in that year;

Pixels for which the year of first clearing in this study occurred after 2000, if
the year of clearing was more than three years before or after tree cover loss
was identified in the Hansen et al*3. tree cover loss product or if no loss event

was identified in the Hansen et al. product;

Primary forest pixels for which no loss events were identified in this study,

but which were identified as loss in the UMD global tree cover loss product.
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During this third review, I did not revise existing interpretations, but assigned
pixels to one of three categories: agree with all aspects of the interpretation, unsure
about one or more aspect of the interpretation, or recommend the interpretation be
changed. Groups of two or more quality control team analysts (excluding myself)
then reviewed all pixels assigned to the “unsure” or “recommend change” categories.
Revisions were made based on the consensus reached by these analysts; groups were
not required to revise pixels assigned to either “unsure” or “recommend change”
categories.

The reference data used for this first series of interpretations included annual
cloud-free Landsat composites from 1985-2016, high resolution SPOT 6/7
composites, and very high resolution Google Earth imagery where available. The
University of Maryland Global Land Analysis and Discovery (GLAD) group
provided Landsat composites for the years 1985-2014, created using the processing

methods described in Potapov et al'®

. Each composite covered a 41x41-pixel area
with the sampled pixel in the center. Indonesia’s National Institute of Aeronautics and
Space (LAPAN) provided Landsat composites for the years 2015-2016, as well as a
high-resolution true color composite for each pixel and the surrounding area using
SPOT 6/7 data collected between 2013 and 2016. Additional reference data included
graphs of minimum and maximum NDVI values based on cloud-screened Landsat
observations and links to open KML files of the footprint of each sampled pixel in
Google Earth. Links to Indonesia’s Ministry of Environment and Forestry (KLHK)

land cover classification codes for each pixel in their 1990, 1996, 2000, 2003, 2006,

2009, and 2011-2014 land cover map products were also provided.
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After analyzing these initial results, I found that a large area of primary forest
in Indonesia was not replaced with an observable land use after clearing. In these
cases, interpreters had instead noted the clearing mechanism — either clearing by
forest fire, or actively cleared land not replaced with an observable land use.
However, this proved challenging with the initial reference data, particularly in the
1990s, a period for which there is less available Landsat data. Data gaps in the annual
cloud-free composites meant that for some study years, there was no composite
image. Forest fire clearing was identified in part based on the presence or absence of
an ash signature following clearing. When forest clearing occurred during data gap
years, this signature would not be visible. Additionally, since fire is often used to
clear debris after tree felling, the presence or absence of an ash signature in an annual
composite was not always sufficient to determine whether forest fire was the driver.

To address this issue, I updated the reference data to include annual composite
images from 2017-2020, as well as bimonthly and 16-day Landsat composites and a
16-day graph of NDVI, SWIR-1, and SWIR-2 band values for each sampled pixel for
the years 1989-2020, derived from the Potapov et al.’s Analysis Ready Data'?".
Annual, bimonthly, and 16-day composites were created using the red, NIR, and
SWIR-1 bands. To improve my ability to detect fires and burn scars specifically, I
also created NIR-SWIR-1-SWIR-2 bimonthly composites for each pixel and added a
graph showing the dates and confidence levels of MODIS hotspots detected within a
0.5-km and 2.5-km radius around the pixel, for the years for which MODIS hotspot
data was available. Lastly, I added an annual composite created using the minimum

normalized burn ratio (NBR — an index similar to NDVI but calculated using the NIR
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and SWIR) value, which covered a Skm by Skm area, allowing us to identify the
shape of clearings larger than the 41x41 pixel annual composites. Clearing shape is
useful for fire detection, and burn scars were often larger than the areas displayed in
the annual composites. SPOT 6/7 composites for the years 2017, 2018, 2019, and
2020 were also provided by LAPAN.

I conducted a final review of all 10,000 sampled pixels to confirm the 1990
land cover, and, for all pixels that were primary forest in 1990, reviewed the
bimonthly composite data for each year of the study (6 images per year from 1989-
2020 for each of the two bimonthly composite types). I updated the interpretation
results to include every degradation and land cover change event visible in the
bimonthly composites, and recorded either the post-clearing land use or, in cases
where no land use could be detected, the clearing mechanism, for each land cover
change event. If the clearing mechanism was not clear from the bimonthly images
alone, I referred to the 16-day composites.

Examples of the reference data and the land cover classes I used in this study

are provided in Figures 2-S1 to 2-S8.

2.6 Definitions and interpretation methods for land cover and change event types

2.6.1 Primary forest

Definition: Natural, old-growth woody vegetation at least Sm in height and with at
least 30% tree canopy cover at a 30-m resolution, including both intact and degraded

forest types.

39



Identification methods: Spectral signatures indicating woody vegetation meeting the
above height and canopy cover thresholds and consistent with natural (not cultivated)
tree species; the absence of landscape cues indicating cultivated forests (such as the
block patterns common to large-scale oil palm plantations) or forest regrowth (such as
forest patches of varying canopy heights, indicating rotational agricultural systems).
Limitations: Monoculture rubber plantations can typically be identified in Landsat
imagery by their spectral signature, however, some rubber plantations in Indonesia
date back to the Dutch colonial period and have since been abandoned. Compared to
well-maintained plantations, these older rubber groves have spectral signatures and
canopy textures that more closely resemble natural forests and could therefore be
mistaken for primary forest. Likewise, while older fallows within shifting cultivation
areas can typically be distinguished from primary forests based on landscape-scale
patterns of regrowth, larger areas of historical clearing that have been allowed to
regrow for several decades could be indistinguishable in Landsat imagery from old-
growth forests and could be mistakenly included in the primary forest category. In
areas with lower canopy densities, such as seasonal dry forests, seasonal wetlands, or
high elevation forests, it can be difficult to determine whether landscapes meet

canopy cover or vegetation height thresholds.

2.6.2 Intact primary forest
Definition: Primary forests never disturbed by human activity or disturbed in the past
but indistinguishable in the earliest available Landsat composite from undisturbed
forest. Includes all samples meeting the primary forest definition and with no

observable evidence of human disturbance inside the pixel or within a 120-m radius.
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Identification methods: Spectral signatures consistent with this study’s primary
forest definition; landscape-specific cues indicating that the pixel had not been
disturbed by human activity, for instance very dense (>90%) canopy cover in humid
tropical forest areas, and no visible evidence of roads, drainage canals, or other forest
clearing within the 120-m buffer; forests with less dense canopies, but otherwise
appearing to be part of an intact landscape, such as seasonal dry forests, seasonal
wetlands, and high-elevation forests, would be included in this category as long as
vegetation within the pixel met Sm vegetation height and 30% canopy cover
thresholds.

Limitations: Due to the relatively rapid vegetation regrowth found in humid tropical
forest areas, the intact forest category could include areas that had experienced
selective logging in the 1960’s or 1970’s, but which had been allowed to regrow to
the point that evidence of logging was no longer visible in Landsat imagery at the
start of the study. Certain types of low-density agro-forestry could also potentially be
included in this category, such as areas where cultivated durian or rubber trees had
been planted amongst natural vegetation before the start of the study period and
located more than 120m away from roads, settlements, or other evidence of human
activity. Degradation occurring below the canopy would also not be visible in

Landsat reference data and would therefore not be captured in this study.

2.6.3 Degraded primary forest
Definition: Primary forests with tree canopies composed of at least 50% natural old-
growth woody vegetation, but with evidence of human activity either inside the pixel

or within a 120m buffer. This includes forests that had been selectively logged,
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natural forests located near shifting cultivation areas, human settlements, or mining
activities, and agroforestry areas containing at least 50% natural canopy cover.
Identification methods: Spectral signatures consistent with the primary forest
criteria together with evidence of human disturbance, for instance the presence of
clearing or forest regrowth within a 120-m radius around the pixel such as logging
roads, human settlements, or agricultural clearings; pixels with spectral signatures
that differed from nearby undisturbed forests, for instance due to fire disturbance or
hydrological changes from peatland draining, were also included in this category.
Limitations: Forests in Indonesia are often subject to multiple degradation events, for
example repeated logging or repeated degradation by fire. In these cases, determining
when the forest lost more than 50% of its natural canopy could be difficult for
analysts. Mixed agroforestry areas containing greater than 50% cultivated tree species
could also have been included in this category, if cultivated trees were mature and not

spectrally distinct from natural vegetation.

2.6.4 Non primary forest
Definition: Pixels containing less than 30% natural tree canopy cover, defined as
woody vegetation meeting a Sm threshold, or pixels for which greater than 50% of
the natural vegetation showed evidence of having been cleared in recent history. This
includes monoculture rubber, oil palm, or timber plantations planted before 1990, as
well as older shifting cultivation fallows that had reached heights of greater than 5m.
Mixed agroforestry areas containing greater than 50% cultivated tree species were
also included in this category, to the extent that cultivated species could be

distinguished from natural forest. Secondary forests, such as mangrove forests
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replanted after clearing for fishponds or fire-affected areas that had been allowed to
regrow or were otherwise rehabilitated were also included in the non-primary forest
category.

Identification methods: Spectral signatures consistent with bare ground, seasonal
crops, grasslands, shrubs, or other vegetation not meeting canopy cover and height
thresholds; spectral signatures consistent with monoculture tree crops; landscape
patterns consistent with monoculture tree crops or intensive (greater than 50%
cultivated species) agroforestry; landscape patterns and spectral signatures indicating
forest regrowth; clearing events evident in pre-1990 reference imagery (1985-1989).
Limitations: Certain types of forest regrowth, for instance mangrove forest regrowth
or regrowth in humid tropical forest areas, can be indistinguishable from old-growth
forest after a relatively short time period. Pixels located in these areas may have been
classified as primary forests if clearing events are not visible in historical imagery
(for instance if clearing took place before 1985) and regrowth patterns did not
indicate rotational agriculture. Cultivated tree species were also sometimes difficult to
distinguish from natural forests, particularly in agroforestry areas or in older rubber

plantations.

2.6.5 Forest degradation
Definition and identification methods: Canopy disturbances at a 30-m resolution or
within a 120-m radius, but resulting in less than 50% natural canopy loss within the
pixel of interest. Includes degradation due to logging, nearby clearing, or other human
activities, or from forest fires. Identified based on spectral signatures indicating

canopy removal within a 120-m radius (for example, bare ground signatures
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associated with logging roads), or changes in the spectral signatures of the sampled

pixel itself indicating damage to the canopy or selective tree removal.

2.6.6 Forest fire clearing
Definition and identification methods: Fire event resulting in > 50% canopy
removal, identified by a spectral signature consistent with burning or ash and/or a
clearing pattern consistent with fire (for instance clearing without sharp geometric
boundaries), and no immediate conversion to a productive land use. Land burned after
being manually cleared (slashed and burned) was not classified as fire clearing; these
areas could typically be distinguished from fire clearing by the clearing and regrowth
patterns and were less likely to have spectral signatures consistent with ash in annual
composites. A bare ground signature followed by an ash signature would often be
visible in these cases in the bimonthly or 16-day composites, depending on the data
availability at the time of clearing and the amount of time debris was left to dry.
These cleared-then-burned areas were classified based on the post-clearing land use,

or, if no land use was evident, as actively cleared unplanted land.

2.6.7 Active clearing
Definition and identification methods: Forests that were cleared and replaced by an
observable land use within 12 months of clearing, regardless of clearing mechanism,
or land left unplanted for one or more years following deforestation using manual,
mechanical, or chemical methods; identified by a spectral signature consistent with

vegetation removal and not indicating fire clearing (e.g. no ash signature or a delayed

44



ash signature, a sharp boundary between the cleared area and remaining forest, and

the absence of remnant trees).

2.6 Supplementary materials

2.6.1 Supplementary figures

Sampled pixel 8469: annual composites page

Annual Landsat-derived
NDVI min and max values

L e o e e 0 Do ok e

o N < 16-day Landsat-derived NDVI,

T R T T _ SWIR-1 and SWIR-2 band
values

. . . . Annual cloud-

screened

Landsat

composites,

created using

mean values

from the red,

NIR, and

SWIR-1

bands

Figure 2-S1: Annual composites and other reference data for an intact primary forest pixel. This sampled pixel located
in Sumatra did not experience any degradation or clearing events during the study period.
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Sampled pixel 8469: bimonthly composites (1989-1991)
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Figure 2-S2: Bimonthly composite reference data for an intact primary forest pixel. Bimonthly composites for
each year from 1989 to 2020 were reviewed for all sampled pixels classified as primary forest in 1990. For this
pixel, poor data quality in 1990 meant that in the annual cloud-screened composites, no image was available for
that year (Figure 2-S1), so bimonthly images were used to confirm the land cover in 1990.
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Sampled pixel 8705: Annual composites
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Figure 2-S3: Reference data for a sampled pixel classified as degraded primary forest in 1990. Forest has been
cleared within a 120-m radius around the pixel (indicated by the white circle), but the pixel itself retains at least
50% of its natural canopy.
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Sampled pixel 2976: Annual composites
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Figure 2-S4: Annual composite reference data for an intact primary forest pixel that was degraded in 2017. The
selective logging event can be seen in the 2017 annual composite and the 16-day NDVI, SWIRI, and SWIR2 plot.

48



Sampled pixel 2976: Bimonthly (2017) and SPOT (2013/16-2020) composites
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Figure 2-S5: Bimonthly and SPOT reference data for an intact primary forest sampled pixel degraded in 2017.
The degradation event was first visible in the Sept/Oct bimonthly image. Logging roads can be seen in the SPOT
composite.
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Sampled pixel 4377: annual composite
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Figure 2-S6: Reference data for a primary forest pixel experiencing a forest fire clearing event. The clearing event is
visible in both the 1998 annual composite and the 16-day NDVI, SWIR-1 and SWIR-2 plots. Using the bimonthly
composites, the clearing date can be more precisely identified - between Jul/Aug and Nov/Dec, 1997.
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Figure 2-S7: 16-day composites for a fire cleared pixel. In these 16-day composites from May-December, 1997,
for sampled pixel 4377, a nearby cleared area is visible. This intentionally cleared area was burned after it was
cleared, and the active fire is visible in the August 29" image. The fire later escapes and burns a larger area,
deforesting the pixel. This pixel is located in Central Kalimantan, near the capital city of Palangkaraya and two
Mega Rice project blocks.



Sampled pixel 8684: annual composite
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Figure 2-§8: Annual composite reference data for an actively cleared sampled pixel. This pixel was actively
cleared and converted to a tree plantation in 2004. The clearing is geometric, there is no evidence of an ash
signature, and the regrowth pattern, visible in both the annual composites and NDVI-SWIR1-SWIR?2 plot, is

consistent with fast-growing acacia.
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Figure 2-89: Annual active and forest fire clearing, disaggregated by island. Kalimantan experienced a higher
proportion of forest fire clearing compared to other regions.
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Figure 2-S10: Sampled pixel locations by strata. Sampled pixels were selected from seven regional strata.
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2.6.2 Supplementary tables

Table 2-S1: Annual primary forest loss

Year

Total loss

Fire clearing

Non-fire clearing

1991

0.57 (+/-0.1) Mha

0.21 (+/-0.06) Mha

0.36 (+/-0.08) Mha

1992

1.13 (+/-0.15) Mha

0.43 (+/-0.09) Mha

0.7 (+/-0.11) Mha

1993

0.87 (+/-0.13) Mha

0.17 (+/-0.06) Mha

0.7 (+/-0.11) Mha

1994

1.25 (+/-0.15) Mha

0.47 (+/-0.09) Mha

0.77 (+/-0.12) Mha

1995

1.17 (+/-0.15) Mha

0.3 (+/-0.08) Mha

0.87 (+/-0.13) Mha

1996

1.08 (+/-0.14) Mha

0.04 (+/-0.03) Mha

1.04 (+/-0.14) Mha

1997

2.51 (+/-0.22) Mha

1.62 (+/-0.17) Mha

0.89 (+/-0.13) Mha

1998

3.08 (+/-0.24) Mha

1.83 (+/-0.18) Mha

1.25 (+/-0.15) Mha

1999

1.15 (+/-0.15) Mha

0.11 (+/-0.05) Mha

1.04 (+/-0.14) Mha

2000

0.62 (+/-0.11) Mha

0.04 (+/-0.03) Mha

0.59 (+/-0.1) Mha

1991-2000

13.42 (+/-0.48) Mha

5.23 (+/-0.31) Mha

8.19 (+/-0.38) Mha

2001

0.68 (+/-0.11) Mha

0.06 (+/-0.03) Mha

0.62 (+/-0.11) Mha

2002

1 (+/-0.14) Mha

0.34 (+/-0.08) Mha

0.66 (+/-0.11) Mha

2003

0.64 (+/-0.11) Mha

0.17 (+/-0.06) Mha

0.47 (+/-0.09) Mha

2004

0.91 (+/-0.13) Mha

0.15 (+/-0.05) Mha

0.75 (+/-0.12) Mha

2005

0.96 (+/-0.13) Mha

0.08 (+/-0.04) Mha

0.89 (+/-0.13) Mha

2006

1.17 (+/-0.15) Mha

0.23 (+/-0.07) Mha

0.94 (+/-0.13) Mha

2007

0.79 (+/-0.12) Mha

0.06 (+/-0.03) Mha

0.74 (+/-0.12) Mha

2008

0.81 (+/-0.12) Mha

0.02 (+/-0.02) Mha

0.79 (+/-0.12) Mha

2009

1 (+/-0.14) Mha

0.19 (+/-0.06) Mha

0.81 (+/-0.12) Mha

2010

0.57 (+/-0.1) Mha

0.04 (+/-0.03) Mha

0.53 (+/-0.1) Mha

2001-2010

8.53 (+/-0.39) Mha

1.32 (+/-0.16) Mha

7.21 (+/-0.36) Mha

2011

0.81 (+/-0.12) Mha

0.81 (+/-0.12) Mha

2012

0.83 (+/-0.12) Mha

0.83 (+/-0.12) Mha

2013

0.59 (+/-0.1) Mha

0.06 (+/-0.03) Mha

0.53 (+/-0.1) Mha

2014

0.94 (+/-0.13) Mha

0.15 (+/-0.05) Mha

0.79 (+/-0.12) Mha

2015

1.04 (+/-0.14) Mha

0.43 (+/-0.09) Mha

0.6 (+/-0.11) Mha

2016

0.76 (+/-0.12) Mha

0.08 (+/-0.04) Mha

0.68 (+/-0.11) Mha

2017

0.4 (+/-0.09) Mha

0.4 (+/-0.09) Mha

2018

0.32 (+/-0.08) Mha

0.32 (+/-0.08) Mha

2019

0.42 (+/-0.09) Mha

0.08 (+/-0.04) Mha

0.34 (+/-0.08) Mha

2020

0.32 (+/-0.08) Mha

0.02 (+/-0.02) Mha

0.3 (+/-0.08) Mha

2011-2020

6.42 (+/-0.34) Mha

0.81 (+/-0.12) Mha

5.61 (+/-0.32) Mha

1991-2020

28.4 (+/-0.7) Mha

7.36 (+/-0.36) Mha

21.01 (+/-0.58) Mha
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Chapter 3: Land in Limbo

3.1 Abstract

Indonesia has experienced rapid primary forest loss in recent decades, although over
the last several years deforestation has slowed. I examined the fates of deforested
areas, immediately after clearing and over time, to quantify deforestation drivers in
Indonesia. Using time-series satellite data, I tracked degradation and clearing events
in intact and degraded natural forests from 1991-2020, as well as land use trajectories
after forest loss. While an estimated 7.8 Mha (SE=0.4) of forest cleared during this
period was planted with oil palms by 2020, an even larger area remained unused,
including 4.8 (+/-0.3) Mha of land cleared by forest fires and another 4 (+/-0.3) Mha
of land that was actively cleared but left idle for at least one year after forest clearing.
Of the 28.4 Mha (SE=0.7) deforested, half was initially left idle and over half of these
idle areas were cleared deliberately (not by escaped fires), indicating that speculation
and land banking substantially contribute to forest loss. Some idle lands, particularly
in areas that were cleared actively, were eventually utilized, typically for palm oil

production.

3.2 Introduction

Understanding what drives deforestation can make it easier to prevent. The strategies
for preventing accidental deforestation, for example from escaped or accidentally set
fires, differ from the strategies needed to address deforestation carried out

intentionally to convert land for agriculture or extract timber resources. Improving the
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capacity of law enforcement agencies or adopting stricter legal penalties for illegal
forest clearing may help prevent illegal deforestation, but would not impact
deforestation that was legally sanctioned. Slowing legal forest conversion, such as
deforestation within government issued concessions, might require advocacy
campaigns by civil society groups or pressure from foreign governments, directed
either at the government issuing the concessions or the companies that produce or use
deforestation-linked products. Economic development programs that provide
alternative incomes through tourism or non-timber forest products may be effective at
curbing deforestation being carried out by local communities to meet basic economic
needs, but may not be effective at preventing deforestation carried out by non-local
actors. At the international scale, initiatives such as the United Nation’s Reducing
Emissions from Deforestation and Forest Degradation (REDD+) program, which
aims to provide payments to developing countries for reducing carbon emissions due
to land use change!??, have the potential to help offset some of the economic
incentives to convert forests. However, if the land uses driving forest loss provide
more significant economic benefits compared to the payments being offered, these
types of programs are less likely to succeed.

As we improve our understanding of these dynamics, both at the local,
national, and international scale, those aiming to prevent the carbon emissions,
biodiversity loss, and loss of ecosystem services associated with deforestation can
develop and implement policies that target the unique circumstances of a particular

area and are therefore more likely to succeed. However, given the complexities of the
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global economy, it is often difficult to pin down the true drivers of forest loss, which
in turn makes it difficult to design and enforce effective policies to protect forests.
Within the academic literature, deforestation drivers have been classified into
two primary categories: proximate drivers, or the local human activities that are
directly responsible for forest clearing, such as agricultural expansion or timber
extraction, and underlying causes, such as population growth or increasing demand
for commodities'*. Satellite data can provide important insights into both the
proximate and underlying causes of forest loss. To characterize the proximate causes,
researchers have mapped land use after forest conversion or used statistical samples
of satellite reference data to estimate land use in previously forested area®>>7-1%4,
Using satellite data to characterize the spatial and temporal patterns of deforestation
itself can also provide insight into the underlying causes of forest conversion. In the
Democratic Republic of Congo, where forests are often replaced with shifting
cultivation agricultural plots and where little food is imported, deforestation over time
has been closely correlated with population growth®’. In Indonesia, corruption has
been identified as one of the underlying causes of deforestation, with bribes serving
as incentives for politicians to issue concessions or to ignore illegal forest
conversion.®* Studies comparing satellite-derived annual deforestation estimates to
local election cycles have found that deforestation — particularly illegal deforestation
in areas that have not been zoned for forest clearing — increases in the run-up to local
elections. Researchers believe this is linked to election financing, with local
politicians turning a blind eye to illegal activities in exchange for financial support

during their campaigns®*%3. In areas zoned for legal forest conversion, deforestation
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increased immediately following elections, which could be the result of politicians
rewarding those who provided financial support during the election with legal
concessions®,

In the tropics, agricultural expansion has been identified as the primary
proximate driver of deforestation->!1%%1%  The types of agricultural land expanding in
primary forest areas include small-scale subsistence farming, large-scale production
of export crops such as soy or palm oil, and pasture, with the specific agricultural
drivers varying across regions®>!%. In Indonesia, environmental advocacy groups have
identified the palm oil industry as a primary driver of forest conversion, and
researchers have found that palm oil plantations have expanded in areas previously

41-43,45,46,49,.65.107-109 'However, estimates over the extent to

covered by natural forests
which oil palm plantations caused deforestation vary between studies. This is caused,
in part, by the transitional nature of land use change in Indonesia. Palm oil plantations
are often developed in areas that had previously held natural forests, and some
plantations are established soon after forest clearing*>!'%’. However, not all plantations
are established immediately after land is deforested. In cases where plantations are
established after a delay, is palm oil the deforestation driver, or are plantations simply
making use of underutilized non-forested land? Studies characterizing palm oil
conversion within previously forested areas often provide a simple threshold for
“rapid” conversion, though these thresholds are typically chosen somewhat arbitrarily
without any robust scientific justification for the decision*>6>1911% Private sector

sustainability initiatives, such as corporate No Deforestation, No Peat, No

Exploitation (NPDE) commitments or Roundtable on Sustainable Palm Oil (RSPO)
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certification requirements often select a cut-off year — plantations can be established
on land deforested before a certain date, but not after. In the case of the RSPO,
plantations established on primary forest land cleared after 2005 are not eligible for
certification. Individual NPDE’s vary, but many contain commitments to eliminate
deforestation from their supply chains by no later than 2020%”. The European Union
(EU) applied an even more conservation approach when it adopted a policy stating
that by 2030, palm-oil based biofuels would no longer be subsidized as a renewable
fuel due to deforestation concerns, whether or not the palm oil used to create those
fuels came from supply chains claiming to be deforestation free!!'!. Officials from
Indonesia and Malaysia, the world’s two largest palm oil producers, have criticized
the policy, claiming it amounts to discrimination against developing economies, and
both countries have since challenged the EU’s policy with the World Trade
Organization (WTO)!!2113,

Indonesia contains extensive non-forest areas that have not been planted with
commodity crops, sometimes referred to as degraded lands*>-6>19%%:114 * Academic
researchers and environmental advocates have suggested that palm oil expansion in
these degraded landscapes, rather than in primary forests, could help improve
sustainability in the industry**4>108114-116 'Some critics of the EU palm oil ban argue
that by calling all palm-oil biofuels unsustainable, the policy unfairly penalizes
plantations that were established in these low-carbon, degraded areas.

Many currently degraded areas were previously forested, however research
investigating the origins of this land cover class has been limited. As discussed in

Chapter 2, large areas of Indonesian primary forest have been cleared by forest fires,
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including 3.5 (+/-0.3) Mha cleared during the 1997/98 El Nifio event alone.
Researchers have suggested that forest fires associated with El Nifio events are
primarily responsible for deforestation resulting in unused grassland landscapes®>1%.
This assumption, however, is typically based on the lack of a land use after clearing,
rather than by identifying the initial clearing mechanism directly.

In this study, I examined the fates of deforested areas, immediately after
clearing and over time, to quantify deforestation drivers over a 30-year period (1991-
2020). To determine the extent to which various drivers contributed to forest
conversion, I tracked the expansion of economically productive land covers, such as
oil palms or tree plantations, in previously forested areas. I also estimated the area of
forest cleared without any visible land use, often referred to as “degraded land''*.”
Within these seemingly unused areas, I classified deforested land based on the
method of clearing: clearing of standing forests by fire and active clearing. This
approach allowed me to quantify the extent to which unproductive areas were created
by fire—consistent with the dominant narrative surrounding degraded land in

65.106__and the extent to which these areas were purposefully cleared by

Indonesia
human actors. I also tracked degradation events prior to forest clearing, providing a

comprehensive picture of forest change trajectories in Indonesia.

3.2.1 Definitions

To quantify the fate of deforested land, I used a probability sample of
remotely sensed reference data to estimate primary forest area in 1990, annual
primary forest loss from 1991-2020, and annual post-clearing land cover change. This

is consistent with good practice recommendations for estimating land areas and
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allowed me to calculate the uncertainty of the area estimates (I report uncertainty as
+/-1 standard error of an estimate) . I defined primary forest as I did in Chapter 2:
natural, old-growth woody vegetation at least Sm in height and with at least 30% tree
cover at a 30-m spatial resolution; including intact primary forest, with no evidence of
human disturbance at a 30-m resolution or within a 120-m radius, and degraded
primary forest, which shows evidence of disturbance within a 120-m radius, but
maintains at least half of its original natural canopy at the 30-m resolution.

This study builds upon the results of Chapter 2 by tracking land use
trajectories after forest clearing. Using the same probability sample, I tracked all land
cover and land use change events from 1991-2020 in areas that contained primary
forest in 1990. Using a probability sample avoids the bias associated with map-
derived area estimates®”. It also allowed me to capture a wide range of land uses,
some of which would have been difficult to map.

For the purpose of this study, I defined the deforestation driver by the land use
following forest clearing. In the absence of a post-clearing land use, I classified
deforestation based on the clearing mechanism — forest fire clearing or active
conversion of forests for unplanted land. To capture the transitional nature of land use
in Indonesia, I evaluated drivers at three different post-clearing time steps —
immediately after clearing (within 12 months), five years after clearing, and at the
end of the study period. The land cover/land use categories included large and small-
scale palm oil plantations, smallholder agriculture (including both shifting cultivation
and permanent agriculture, and excluding small-scale palm oil plantations), tree

plantations, other land uses—an aggregated category including fishponds, mining,
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and rubber—and built-up land. Areas not planted or built up within 12 months of
clearing were classified based on the initial forest clearing mechanism, either forest
fires or active clearing.

Forest fires lead to varying degrees of tree cover loss in Indonesia, from mild
degradation to near complete tree mortality®®®. I defined clearing by fire as I did in
Chapter 2 — as the loss of at least 50% of the natural canopy from accidental or
intentional fire in a standing forest. Fire is also widely used in Indonesia to remove
felled trees and other debris after clearing and to prevent forest regrowth. Both fires
in standing forests and land maintenance fires can cause burn scars that are visible in
the satellite imagery. I differentiated fire clearing from actively cleared unplanted
land based on the clearing pattern (active clearing is more likely to have a geometric
clearing pattern, often with sharp boundaries between burned and untouched areas)
and spectral characteristics (either no burn scar or a lag between the initial bare
ground signature and the ash signature).

Fire can also be used to clear debris after tree felling in shifting cultivation
agricultural landscapes. This type of clearing has a distinct spatial and temporal
pattern and was assigned to the small-scale agriculture land cover class. Examples of
active clearing with debris burning, fire clearing, and small-scale agricultural clearing
are provided in Figures 3-S1 to 3-S5. Complete land cover definitions and a
description of the methods used to distinguish between change types are provided in

the methods.
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3.3 Results

I found that more than half of all deforestation in Indonesia — 56% (+/-1.3) —
was not immediately replaced with an observable land use after clearing. Of this area,
an estimated 8.5 (+/-0.4) Mha was actively cleared using either manual, mechanical,
or chemical (herbicide) clearing techniques, then left unplanted for at least 12 months.
Another 7.4 (+/-0.4) Mha of land was cleared due to fires in standing forests. For the
purposes of this study, I will refer to these areas as “unproductive,” since they were
not planted with crops or replaced with any other land covers associated with human
land use. I recognize that although these areas were not replaced with a visible land
use, they may be used in more abstract ways, such as contributing to a company’s
land bank or as a source of income through land sales. For this study, the term
“unproductive” is meant to distinguish these idle areas from land that has been
converted to visibly productive land uses, such as large- or small-scale agriculture.

Fires in standing forests were responsible for an estimated 25.9% (+/-1.1) of
all primary forest loss observed during the study period, and just under half (46.3%
+/-1.7) of all unproductive clearing. These could have been unintentional fires, such
as fires that escaped areas where debris was being burned, or fires set intentionally in
forests where trees were left standing prior to burning. In these cases, forests may
have been prepared to make them more susceptible to burning, such as by building
drainage canals in peat forests. For the purposes of this study, I did not differentiate
between intentionally and unintentionally set fires. Areas where trees were actively

cut down, the debris left to dry, then burned as part of the debris clearing process,
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were not classified as forest fire clearing. An example of this debris-clearing burning
is provided in Figure 3-S1 and 3-S2.

As discussed in Chapter 2, forest fire clearing occurred almost exclusively
during El Nifio events, with an estimated 3.5 (+/-0.3) Mha of primary forest cleared
by fire during the 1997/98 El Nifio alone. Fire-cleared areas were often left idle for
long periods of time. An estimated 92.1% (+/-1.4) of all forests cleared by fire had
not been converted to a productive use five years after the initial clearing event, and
4.8 (+/-0.3) Mha of idle, fire-cleared land existed in Indonesia in 2022.

While forest fires did create a large area of degraded, deforested land, fire was
not the primary mechanism by which unproductive lands were created. I estimate that
over half of all unproductive deforested land (53.7% +/-1.7) was actively cleared.
Compared to unproductive lands cleared by fire, these actively cleared unplanted
lands were more rapidly converted to other land uses, although a large area of
actively cleared unplanted land remained at the end of the study. Five years after
clearing (or, for areas cleared after 2015, by the end of the study period), 25.7% (+/-
2.1) of actively cleared unplanted land had been converted to a productive land use.
Actively cleared areas that were eventually converted to a productive use experienced
a median idle period of 6 years, compared to 12 years in productive areas initially
cleared by fire.

These findings contradict the common assumption that most unused shrub and
grassland landscapes were created by fire®. Fire did play an important role, but only
accounted for about half of all degraded landscapes; the remainder were created

deliberately. Additionally, the different trajectories in the years immediately
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following forest conversion indicate that plantation companies and others expanding
into so-called degraded areas are not primarily utilizing landscapes cleared
accidentally. Instead, the more rapid conversion of actively cleared unplanted land to
productive uses compared to fire cleared areas suggests that this idle period may
simply be part of the forest conversion process.

Of the drivers associated with economically productive clearing, smallholder
land use and forest conversion for palm oil were the two largest contributors,
accounting for an estimated 5.2 (+/-0.3) Mha and 2.6 (+/-0.2) Mha, respectively.
While palm oil covered only half the area used by smallholders immediately after
clearing, by the end of the study period, a much larger area of previously forested
land was used for oil palm cultivation. In 2020, an estimated 7.8 (+/-0.4) Mha of
primary forests had been replaced with palm oil plantations, compared to 5.1 (+/-0.3)
Mha used for smallholder agriculture. These trajectories are visualized in Figure 3-1.
Immediately after clearing, both unplanted actively cleared and fire cleared land
replaced a larger area of primary forest than any other productive driver. Smallholder
land use also took up a relatively large area, while palm oil, tree plantations, built-up
land, and other clearing types all took up much smaller footprints. For an estimated
0.3 (+/-0.1) Mha area, the clearing driver could not be distinguished. In these cases,
no high-resolution imagery was available to confirm whether crops had been planted

and the use could not be determined by the spatial or temporal clearing patterns alone.
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a. Land use immediately after clearing b. Land use five years after clearing c. Land use in 2020
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Figure 3-1: Land use after forest clearing. The land use immediately after forest clearing (a.), five years after forest clearing (b.), and in 2020 (c.),
including both unproductive (active cleared unplanted land and fire clearing) and productive classes.

Five years after clearing, the areas converted for most of the productive
classes (smallholder, tree plantations, other clearing types, and built-up land) had
increased or decreased slightly, but had not changed dramatically. The area for which
the land use could not be distinguished had increased to 0.43 (+/-0.09) Mha. These
newly indistinguishable areas would have experienced at least one additional land
cover change during the 5-year period, after which the land use could not be
determined from either high resolution imagery or clearing patterns. The most
dramatic changes five years after clearing occurred in the area used for palm oil

plantations — which increased by roughly 2 Mha — and the actively cleared unplanted

67



area, which decreased from 8.5 (+/-0.4) Mha immediately after forest loss to 6.3 (+/-
0.3) Mha after five years. By the end of the study period, only 4 (+/-0.3) Mha of
unplanted land remained. The area cleared by fire had also decreased, to 4.8 (+/-0.3)
Mha, while palm oil now covered 7.8 (+/-0.4) Mha, more than one quarter of the total

primary forest area cleared during the 30-year study.

3.3.1 Temporal patterns

While fire clearing occurred primarily during El Nifio events, active clearing
of forests for unplanted land occurred more consistently over the study period, though
unplanted land production began to slow after 2012. Figure 3-2 shows the annual
increases (positive y-axis) and decreases (negative y-axis) of both the fire clearing
and unplanted land classes. Colors for bars on the positive y-axis indicate the land
cover type before the area was burned or unplanted land was created. Along the
negative y-axis, the colors represent the productive land cover type the area was
converted to. Most idle land was created by the direct conversion of forests, although
during the 2015 EI Nifio event some productively-used land was burned.

Palm oil was the primary productive land use to replace unproductive idle
areas, particularly areas that were actively cleared. Palm oil also expanded into fire
cleared areas, although fire clearings were replaced with a higher proportion of tree
plantations compared to unplanted land. In unplanted land, the area converted
annually to palm oil peaked in 2013, then began to decrease slightly, with a
substantial drop-off occurring in 2019 and 2020. In those years, a relatively large area

of unplanted land was cleared and the use could not be distinguished. Those areas
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may have remained unplanted after clearing, or could have been converted for palm

oil or another productive land use.

Forest fire clearing Unplanted land
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Figure 3-2: Annual loss and gain of unplanted land areas. The gain of fire (a.) cleared land and actively cleared unplanted (b.) land are displayed
on the positive y-axis, with bar chart colors representing the land cover classes these areas were converted from. The negative y-axis show the
areas and land cover classes fire and unplanted land was converted to each year.

Figure 3-4 shows the annual increases and decreases of both unplanted and
fire-cleared land, as well as three productive classes — palm oil, smallholder land use,
and tree plantations, for the last two decades of the study. Smallholder land use
expansion typically occurred inside degraded forests, while tree plantations were
developed in both degraded and intact forest areas as well as in fire cleared areas and,

to a lesser extent, unplanted land.
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Figure 3-3: Annual loss and gain of unproductive and productive land uses. Positive y-axes show the areas converted to each
class each year, and negative y-axes show the annual areas converted from each class into other land cover categories.
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Palm oil expansion in previously forested areas occurred most rapidly from
2006 to 2014. After 2014, annual palm oil expansion began to steadily decline.
During this period, palm oil replaced both intact and degraded primary forests, and
expanded in both actively cleared unplanted land and fire-cleared areas, though the
proportion being developed in fire-cleared areas began to decrease in the early 2010s.
After 2015, palm oil expanded primarily into unplanted areas, and by 2017 the palm
oil area directly replacing primary forests was too small to be detected by this study’s
methodology. Tree plantation expansion also declined and the direct conversion of
tree plantations inside primary forest areas became increasingly rare in the last five
years of the study. In 2020, a large area of existing tree plantations were converted to
indistinguishable land. These areas were likely cleared as part of the regular
harvesting and replanting cycle; however, this could not be confirmed using the

available reference data.

3.3.2 Limitations based on data availability

For many of the productive land use classes, high resolution data was needed
to confirm the land cover. This was particularly important in differentiating between
unplanted land and young palm oil plantations. Much of the actively cleared
unplanted land occurred in palm oil landscapes, including in areas where large
plantation blocks characteristic of palm oil development were created, but then left
idle. The spectral signatures and regrowth patterns of young oil palms can be similar
to that of natural vegetation regrowth, meaning Landsat imagery alone is typically not

sufficient to determine whether oil palms have been planted.
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This limitation was particularly relevant in the last two years of the study, as

Figure 3-4 shows. The area of indistinguishable land increased dramatically in 2019

and 2020, when less high-resolution data was available. In cases where land had been

previously used for productive purposes, these clearing events may have been part of

replanting cycles, meaning these areas will continue to be used for their original

purpose. This is especially likely for areas that were originally used for palm oil or

tree plantations, as those land uses are rarely converted to other productive classes

(Figure 3-3). However, the same assumptions cannot be made for indistinguishable

land clearing in unproductive or forested areas.
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Figure 3-4: Annual gain of indistinguishable land. Limited availability of high resolution data to
confirm the land cover after a change event meant that the land use could not be identified for a
substantial area (1.8 +/-0.2 Mha of previously forested land in 2020).
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3.4 Discussion

The extent to which primary forest in Indonesia is being actively cleared then
left idle has not been well documented at a national scale. This study shows that many
“degraded” lands (economically unproductive non-forest areas) created after 1990
were not caused by escaped fires but were the result of deliberate clearing.
Furthermore, even as previously unproductive areas were converted to palm oil and
other productive uses, new unplanted land clearings were continuously created
(Figure 3-2).

This pattern of continuous expansion of unplanted land into primary forest
areas, followed by the later conversion of unplanted areas to productive uses, suggests
a transitional frontier dynamic similar to that seen in the Brazilian Amazon, where
forest clearing for pasture is often followed by conversion of pasture to soy!**!!”.
Qualitative research exploring land change dynamics in Indonesia further supports
this comparison. Land banking and land speculation are common in Indonesia''®!18,
Palm oil plantation companies hold extensive land banks in the form of unutilized
areas within their concessions set aside for future development, and palm oil license
holders have been observed clearing primary forests then leaving the land idle for
years'!, In some of these cases, the extraction and sale of timber may have been the
primary motivation for clearing, particularly in the 1990s, when demand for lower-
grade timber for pulp and paper production outstripped tree plantation

t82

establishment®”. Concession trading is also common in the palm oil industry, with

concessions frequently issued to companies lacking the capacity or intention to
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develop a plantation. Instead, these companies profit by selling the licenses to other
parties®®!1%,

Land trading and speculation also occur at smaller scales. In Kalimantan,
forest land cleared by local community members was commonly sold to non-local
buyers, particularly land along roadsides, near urban areas, and in areas likely to be
targeted for future palm oil development''®. The buyers in these cases do not intend to
develop the land, but instead plan to resell as land prices rise. In Sumatra, ready-to-
plant land that had been slashed and burned was purchased at a higher price from
buyers looking to establish palm oil plantations compared to the price of uncleared
land or land that had been cleared but not fertilized through burning!!*!?°, In regions
where government-issued tenure certificates are rare and difficult to obtain, clearing
land is also a method to assert informal ownership, allowing local community
members to benefit from land sales to license holders should a concession be issued
in the area'?!

This study confirms that palm oil expansion was a major contributor to forest
loss in Indonesia from 1990-2020. Moreover, the real extent to which palm oil drives
deforestation is likely much greater than the area directly converted, as the majority
of unproductively cleared land that was eventually converted to a productive use was
used for palm oil. More research is needed to understand why such extensive areas of
forest are being cleared and left unplanted, including the extent to which unplanted
land expansion is driven by planned future palm oil development. However, it is clear
that efforts to protect primary forests in Indonesia should include measures designed

to address speculation and land banking. Legal frameworks for prohibiting such
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speculation exist, including regulations requiring permits be developed within three
years and preventing land sales to absentee owners'!>!!®_ If enforced, these offer a
potential remedy for reducing primary forest loss in Indonesia.

The fact that both palm oil and unplanted land expansion declined in the latter
years of the study also offers hope that existing forest protection policies are working.
This corresponded in part to a period of declining palm oil prices, which could have
impacted conversion rates for both classes. However, it also corresponded with a
period of reform in the palm oil industry, when more and more companies began
adopting NDPE commitments. These declines also began after Indonesia adopted its
2011 moratorium on new concessions inside primary forest areas, and the lowest
deforestation years observed in the study overlapped with a temporary ban on all new
palm oil licenses that was adopted in 2018 and then allowed to expire in 202122123,
These correlations alone cannot prove causality or explain the relative extents to
which economic or policy factors may have influenced deforestation rates. However,
it does provide more detail about how land use in cleared forest areas has changed as
overall deforestation rates in Indonesia declined. The annual forest loss and post-
clearing forest trajectory estimates reported here could be the basis for future studies

that investigate questions of causality more directly.

3.5 Methods

As with Chapter 2, this research was conducted as part of a collaboration with
the Global Land Analysis and Discovery (GLAD) group at the University of
Maryland and Indonesia’s National Institute of Aeronautics and Space (LAPAN),

Ministry of Environment and Forestry (KLHK), and the World Resources Institute
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(WRI) in Indonesia. We used the same iterative sample interpretation process
outlined in Chapter 2. An initial interpretation was conducted by myself along with
coauthors from the organizations above for the 1990-2016 period, with that
interpretation going through several iterations before being finalized. Following this, I
updated the reference data in order to better differentiate between actively cleared
unplanted and fire-cleared land, and to extended the study period through 2020.
Definitions of the productive and unproductive land cover classes used in this study

are included below in Section 3.6.

3.6 Definitions and interpretation methods for land cover and change event types

3.6.1 Forest clearing/land cover change

Definition: The removal of at least 50% of natural tree canopy cover (forest clearing)

or other vegetation (post-clearing land cover change) at a 30-m resolution.

3.6.2 Economically unproductive clearing
Definition and identification methods: Forest clearing or land cover change in
which land is not used for any observable economic purpose after the change event,
and, for pixels eventually converted to a productive use, the land is re-cleared before

the productive conversion.

3.6.3 Actively cleared unplanted land
Definition and identification methods: Land left unplanted for one or more years
following mechanized, manual, or chemical (herbicide) vegetation removal; identified

by a spectral signature consistent with vegetation removal and not indicating fire
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clearing (e.g. no ash signature or a delayed ash signature, a sharp boundary between
the cleared area and remaining forest, and the absence of remnant trees), followed by
regrowth signatures consistent with grass or shrubs; for pixels left unplanted at the
close of the study period, the absence of productive crops was confirmed using SPOT
and/or Google Earth imagery. Clearing patch size and landscape patterns were also
used to distinguish unplanted land from rotational agriculture, which has a similar

spectral profile but can be identified by distinct landscape-scale clearing patterns.

3.6.4 Forest fire clearing
Definition and identification methods: Fire event resulting in > 50% canopy
removal, identified by a spectral signature consistent with burning or ash and/or a
clearing pattern consistent with fire (for instance clearing without sharp geometric
boundaries), and no immediate conversion to a productive land use. Land burned after
being manually cleared (slashed and burned) was not classified as fire clearing; these
areas were less likely to have spectral signatures consistent with ash in annual
composites and in bimonthly or 16-day composites often showed a bare ground
signature followed after several weeks or months by an ash signature. These debris
burning areas were assigned either to an economically productive class or classified

as unplanted land.

3.6.5 Economically productive clearing

Definition and identification methods: Forest clearing or land cover change in
which land was converted to an identifiable productive use within one year of

clearing, or, in the case of slow-growing crops such as oil palm, in which spectral
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signatures following clearing are consistent with gradual vegetation regrowth and no
subsequent clearing events occur before the presence of the crop can be identified.
Productive use types can be identified by spectral & temporal regrowth patterns (such
as for tree plantations) and/or by landscape-scale clearing patterns (such as for

smallholder land use).

3.6.6 Palm oil
Definition and identification methods: Forest clearing or land cover change
followed by planting of oil palms within the pixel of interest and not mixed with other
crops; indicated by spectral changes consistent with vegetation removal (bare ground
or young vegetation signatures), after which oil palm growth can be observed; no
distinction was made between large- and small-scale oil palm development, though
oil palms mixed with other crops were assigned to the “smallholder land use” or
“other land use” category, depending on the scale; to distinguish this class from
abandoned land or other classes with similar spectral signatures, the presence of oil

palms was confirmed in SPOT and/or Google Earth imagery.

3.6.7 Smallholder land use
Definition and identification methods: Forest clearing or land cover change
occurring in patterns consistent with smallholder land use; includes small-scale
rotational agriculture, indicated by the clearing of small, roughly circular patches that
are then left dormant while other nearby patches are cleared, as well as small-scale

permanent agriculture, where patches are consistently replanted (for seasonal crops)
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or planted with permanent tree crops, excluding monoculture oil palm and

monoculture rubber.

3.6.8 Tree plantations
Definition and identification methods: Forest clearing or land cover change
followed by the planting of trees for timber or wood pulp; identified by spectral
changes consistent with vegetation removal followed by the planting of monoculture,
typically fast-growing tree species; often followed by another clearing event and

replanted after trees reached maturity.

3.6.9 Other clearing types
Definition and identification methods: All land uses not falling into one of the
above categories, including clearing for monoculture rubber plantations, fish ponds,
mining, large-scale agriculture of crops not listed above, such as coconuts or cloves,
or large-scale mixed agriculture. Canopy removal by natural disasters, river
meandering, or the erosion of coastlines also falls into this category. Identified by
spectral signatures following clearing, vegetation regrowth patterns, clearing patterns,

and landscape cues.

3.6.10 Built up land
Definition and identification methods: Forest clearing or land cover change
occurring along a straight or curved line and resulting in more than 50% vegetation
removal within the pixel; the pixel would continue to have a bare-ground spectral
signature in subsequent images in the case of permanent roads, or vegetation

regrowth in the case of temporary logging-roads. This category also includes forest

79



clearing for settlements, typically characterized by a bare ground signature visible in

subsequent images and with patterns consistent with human settlements.

7.6 Supplementary materials

Sampled pixel 8100: bimonthly composites and MODIS hotspot data (2004)
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Sep/Oct Nov/Dec

Jan/Feb May/Jun Jul/Aud Sep/Oct Nov/Dec

MODIS
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B ]
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Figure 3-S1: Active clearing followed by debris burning. A geometric cleared area without an ash signature can be seen in
the Mar/Apr composite. An ash signature (dark purple in the red-NIR-SWIRI composites, and dark blue in the NIR-SWIR-
SWIR composites), is later visible starting in the Jul/Aug composite. MODIS hotspot data show two clusters of high
confidence fire events located 1km (displayed in red) or Skm (displayed in gray) from the sampled pixel from May-August,
several months after the pixel was initially cleared and corresponding to timing of the ash signature.
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Figure 3-S2: Active clearing followed by debris burning. 16-day composites are displayed here for sampled pixel 8100. The
pixel was burned between June 10" and June 26", several months after the initial clearing event.
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Sampled pixel 3798: Annual composites (2003-
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Figure 3-S3: Forest fire clearing. An ash signature is visible immediately after clearing in the Nov/Dec. image. The clearing date also
corresponds with a cluster of high-confidence MODIS hotspots detected in the vicinity of the pixel.
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Sampled pixel 3798:16-day composites (2006)
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Figure 3-S4: Forest fire clearing. In the 16-day composites for this image, active fires can be seen near the pixel in the Sept. 30"
image and an ash signature is visible in the first clear image after the pixel was cleared. The date of clearing also corresponds to the
dates of MODIS hotspots from Figure 3-S3.
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Sampled pixel 8369: Annual composites
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.,

Figure 3-S5: Smallholder clearing. Smallholder land use is associated with distinct spatial and temporal patterns, in this case, a patchwork of
small fields that periodically display bare-ground signatures when they are planted or harvested.
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Chapter 4: Palm oil extent in 2020

4,1 Abstract

Palm oil is the world’s most productive oil crop, and it is used around the world as a
cooking oil, an additive to processed foods and cosmetics, and as a biofuel. Palm oil
is particularly important for Indonesia, the world’s largest producer, both as an export
commodity and a staple food domestically. Palm oil grows best in the humid tropics,
and the palm oil industry has been linked to tropical deforestation, resulting in a
decision by the European Union to exclude palm oil-based biofuels as a sustainable
energy source. In this study, I estimated the land area in Indonesia used for oil palm
cultivation in 2020, and found that, of the 16 (+/-0.5) Mha of land planted with oil
palms, roughly half had replaced primary forests, including 2.6 (+/-0.2) Mha
developed immediately after forest conversion. I also found that palm oil expansion
in areas that previously contained forests has slowed, a trend that corresponds with a

period of low palm oil prices and an overall drop in deforestation rates in Indonesia.

4.1 Introduction

The African Oil Palm (Elaeis guineensis) is one of the world’s most important
and most productive oil producing crops, producing more oil per hectare than any of
the other major cultivated oil-producing species'?*. Palm oil and palm kernel oil,
produced from the fruits and seeds of the oil palm plant, are used in products ranging
from cooking oil to cosmetics to biodiesel. Over the long term, global demand for
vegetable oils will likely increase, driven by population growth, improvements in

livelihoods, and by extension diets, in many parts of the world, and demand for
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biofuel as a renewable fuel source'?®. Palm oil’s small land footprint compared to the
amount of oil that can be produced makes it extremely valuable in this context.
However, palm oil grows best in relatively wet areas near the equator — the same
areas where the world’s remaining humid tropical forests are located'?*!?°. Because
of this, palm oil expansion has often occurred at the expense of tropical

41:42,65.107-109 "wwhich has in turn prompted advocacy campaigns by

forests
environmental groups targeting the palm oil industry.

Concerns over palm oil’s links to deforestation have led to laws mandating
labels on palm-oil containing products and, in 2018, led the European Union to vote
to end the use of palm oil as a sustainable energy source!!!!13:126127 ‘While this move
was often referred to a as “ban” in the media, it did not mean palm oil or palm oil
biofuels could not be imported or used in the EU. Instead, the policy would mean that
biofuels derived from palm oil or crops with high deforestation risks would not count
towards emissions reductions targets or be eligible for associated subsidies''.
Indonesia and Malaysia, the world’s two largest producers of palm oil, responded to
the policy by filing challenges with the World Trade Organization (WTO), claiming
the move was protectionist and violates international trade agreements!'!!~113,

While some stakeholders within the palm oil industry have denied any links to
deforestation (claims that are not backed up by the scientific literature), criticism of
the industry has also led to reforms. The Roundtable on Sustainable Palm Oil (RSPO)
was established in 2004 as a membership organization that certified plantations

meeting certain sustainability requirements. Individual companies later began

adopting even stricter “zero deforestation” or “No Deforestation, No Peat, No
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Exploitation” (NDPE) commitments, in part in response to criticisms that the RSPO’s
policies initially allowed plantations to be developed in some high carbon areas, such
as degraded primary forests, and that RSPO guidelines were not always strictly
enforced. As more industry actors began adopting NDPE policies, the RSPO also
tightened its certification requirements. Currently, most large-scale actors in
Indonesia’s palm oil industry have made commitments to eliminate deforestation
from their supply chain, including many palm oil processors, traders, and buyers,
meaning smallholders selling to these actors are also by extension governed by these
policies®’.

Given the high economic stakes, research showing where palm oil plantations
are located and the deforestation histories of those areas is of great importance.
Studies mapping palm oil areas have typically used one of two methods. Mature,
closed canopy plantations produce a distinct radar backscatter signature, enabling
researchers to create maps of mature plantations using Daichi-Advanced Land
Observing Satellite (ALOS) Phased Array type L-band Synthetic Aperture Radar
(PALSAR) or Sentinel-1 data*!*>#7. These maps are valuable because they can detect
plantations regardless of size or shape, provided that oil palms are sufficiently mature
and well managed to result in a closed canopy. This means that radar-based maps can
capture both large- and small-scale plantations. However they are less useful for
detecting recently planted areas, and gaps in the historical radar record can make it
difficult to determine the year plantations were established*!.

Another method is to create visually interpreted maps using multispectral

(typically Landsat) data, based on landscape patterns***¥. Large-scale palm oil
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plantations share characteristic block patterns when developed on peatlands or in low-
slope dryland areas, while plantations in steeper areas share distinct terrace patterns.
These studies are not mapping planted oil palm trees directly, but instead rely on
roads, canals, and the shape of clearings to map the plantations themselves. This
method can capture plantations early in their development, when trees are too young
to be identifiable with radar data. It can also capture plantations that have not yet been
planted or where trees have been damaged. However, since smallholder plantations
have more varied landscape patterns, these areas are missed.

Other studies have relied on high-resolution imagery, either though sampling
or visual interpretation and delineation of plantation boundaries from high resolution
data®>12%, This allows even young oil palms to be identified directly, however data
availability and cost pose additional challenges. Some published studies have used a
combination of these approaches, minimizing the weaknesses of some of the
individual methods**!%.

In this study, I estimated the area under oil palm cultivation in Indonesia in
2020 using a sample-based approach. I also estimated the year of deforestation and
year of oil palm conversion from 1991-2020 in areas that were covered by primary
forest in 1990. I used high-resolution imagery from Google Earth and SPOT 6/7 to
detect the presence or absence of oil palm in 2020 and 16-day analysis ready Landsat
data to determine the dates of forest clearing and oil palm planting'®!. I also estimated
the area for which the presence or absence of oil palm could not be determined, an
important measure of uncertainty for this study and others that rely on similar high-

resolution data sources.
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4.3 Results

In 2020, Indonesia contained an estimated 16 (+/-0.5) Mha of land planted
with oil palms. Roughly half of this area (49.1% +/-1.7) expanded in land that had
contained primary forest in 1990, including 4.5 (+/-0.3) Mha that had been intact
primary forest in 1990, and 3.3 (+/-0.2) Mha of forest that was degraded at the start of
the study period. The status of another 4.1 Mha (+/-0.3) of land was unclear, meaning

reference data was not sufficient to confirm the presence or absence of oil palms.
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Figure 4-1: Palm oil area in 2020 and sampled pixel classifications. Estimated areas of oil palm that replaced primary forests and in non-forested areas,
and the location of sampled pixels and their classifications. The locations of pixels for which the presence or absence of oil palms could not be determined
are also presented, along with corresponding area estimate.

Approximately one third (32.5% +/-2.3) of the palm oil area that replaced
primary forests was rapidly converted (within 12 months) after primary forest

clearing (Figure 4-1). Another 43.6% (+/-2.4) was planted in areas that were actively
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cleared but left idle for one or more years after clearing, and 19.5% (+/-1.9) was
planted in areas initially cleared by forest fire. The lag time between forest clearing
and oil palm planting was typically shorter in areas that were actively cleared
compared to areas cleared by fire. In cases of delayed palm conversion, actively
cleared areas had a median gap between forest clearing and planting of 5 years,

compared to 11 years in areas cleared by forest fire.

4.3.1 Regional patterns and temporal patterns

Most oil palms are located on the islands of Sumatra (59.1% +/-1.6) and
Kalimantan (35% +/-1.5) (Figure 4-1). Of these two regions, Kalimantan had the
highest proportion of oil palms that replaced forests. An estimated 61.1% (+/-2.8) of
the Kalimantan’s 5.6 (+/-0.3) Mha under oil palm cultivation in 2020 had been
established in areas that had been primary forest in 1990. Sumatra had a larger oil
palm area in 2020 (9.4 +/- 0.4 Mha), of which 40.8% (+/-2.2) occurred in previously
forested areas.

The area of primary forest converted directly to palm oil plantations from
forests was roughly equal on the two islands — 1.2 (+/-0.1) Mha in each region. The
remaining oil palm areas that replaced forests on each of these two islands — 2.3 (+/-
0.2) Mha in Kalimantan and 2.7 (+/- 0.2 Mha) in Sumatra — did so at least one year
after forests were cleared. In Sumatra, this typically occurred in areas that had been
actively cleared then left idle (77.5% +/-3.5 of all lagged palm oil conversion in
Sumatra occurred in actively cleared unplanted areas). In Kalimantan, a relatively
higher proportion of oil palm expanded into areas cleared by fire (45% +/-4.5,

compared to 47.5% +/- 4.6 in actively cleared unplanted areas). A much smaller
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proportion on both islands expanded into areas that had been used for another

productive purpose after forest clearing.
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Figure 4-2. Annual expansion of palm oil in previously forested areas. National estimates and regional
estimates for Kalimantan and Sumatra of the annual oil palm areas that replaced forests either directly or
indirectly.

In both islands, and nationally, oil palm expansion in areas that had been
forested in 1990 occurred most rapidly from 2005-2015, and expansion declined
during the last five years of the study period (Figure 4-2). The direct, rather than

lagged, conversion of primary forests for oil palm also slowed towards the end of the
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study period, and by 2017 the direct conversion of primary forest for oil palm had
dropped to levels low enough as to be undetectable in this sample.

During the 2005-2015 period when palm oil expansion occurred most rapidly,
global palm oil prices were also high (Figure 4-3). In the last few years of the study,
the area directly converted to palm oil from primary forests dropped to levels too low
to be detected with this sampling design, and lagged conversion also slowed.
However, a relative lack of high resolution imagery to confirm the presence of
absence of oil palms in the last two years of the study compared to earlier years
means this study may be underestimating the area of previously forested land directly
converted to oil palms. In Figure 4-3, I separately plot the direct palm conversion area
(the area converted immediately after forest clearing), the direct and indirect palm
conversion area, and the direct and indirect areas plus the indistinguishable land
converted from either primary forests or unproductive land uses. Since most oil palm
expansion in previously forested areas occurs either directly or in areas that were
initially unproductive, indistinguishable clearing is more likely to be oil palm in these
areas. Therefore, the true estimate of oil palm expansion in 2019 and 2020 is likely to
somewhere between the plots presented in Figure 4-3. The combined annual
expansion of direct, indirect, and indistinguishable areas are also compared with the

mean annual palm oil prices in Figure 4-4.
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Figure 4-3. Annual 0il palm expansion into previously forested areas and palm oil prices over time. The
area of direct palm oil conversion, indirect palm oil conversion, and indistinguishable land converted from

forests or unproductive land uses is also presented. Palm oil conversion estimates are likely
underestimated in the last two years of the study due to high resolution data availability, so the true
number is likely somewhere between the confirmed and unclear areas.
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Figure 4-4. The combined annual expansion areas of direct palm oil conversion, indirect palm oil
conversion, and indistinguishable land converted from forests or unproductive land uses in areas that
were forested in 1990 (plotted on the y-axis) compared with annual mean palm oil prices (plotted on the x-
axis). The years 2019 and 2020, the years with the highest proportion of indistinguishable land, are labeled.

4.4 Discussion

I found that roughly half of Indonesia’s palm oil area in 2020 occurred in
areas that had been previously forested, and that the period with the most rapid
expansion into these areas, including both lagged and direct conversion to oil palm

from primary forests, corresponded to a period of high palm oil prices. Other recent
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studies have measured the extent to which deforestation in Indonesia correlates with
palm oil prices and found that a palm oil price increase does impact deforestation.
From 2017 to 2020, when deforestation levels in Indonesia reached record lows, palm
oil prices were also relatively low compared to the highs seen in the early 2010s.
However, evaluating palm oil expansion trends in the last few years of the study
period are more difficult given the large area of land (4.1 Mha +/-0.3 hectares in total,
and 1.8 +/- 0.2 Mha in previously forested areas) for which the land use cannot be

reliably identified.

4.5 Methods

This study used the same sample and reference data from which I derived the
results of Chapters 2 and 3, and was also a collaboration between the GLAD group at
the University of Maryland and LAPAN, KLHK, and WRI Indonesia. Sampled pixels
classified as primary forest in 1990 were reviewed by an interpretation team
composed of myself and collaborators from the above-mentioned organizations, and
for forested pixels that experienced one or more land cover change over the course of
the study, each subsequent land use was noted. Reference data were later updated and
I reviewed all sampled pixels with the added reference data including bimonthly and
16-day composites and 16-day plots of NDVI, SWIR-1 and SWIR-2 values. SPOT
6/7 composites from 2017, 2018, 2019, and 2020 were also contributed by LAPAN,
and were used along with Google Earth imagery to verify the oil palm status in 2020.

The presence or absence of oil palms could not be confirmed in 2% of
sampled pixels, representing an estimated 4.1 (+/-0.3) Mha hectares, including 1.8 +/-

0.2 Mha hectares of land that was forested in 1990. This number may seem small,
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however most of these sampled pixels had undergone a land cover change in the last
1-2 years of the study (Figure 3-4) and many were located in palm oil landscapes.
This is a significant limitation to this study, and a general problem that would impact
all studies relying on Google Earth to conduct accuracy assessments of palm oil
maps.

In cases where there was a delay between forest clearing and palm oil
planting, the NDVI, SWIR-1 and SWIR-2 plots were used, together with annual,
bimonthly, 16-day composites, and high resolution imagery, when available, to
identify the data of palm oil planting. Examples of reference data for direct and

indirect forest conversion for palm oil are provided in Figures 4-S1 and 4-S2.
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4.6 Supplementary materials

Sampled pixel 9108: annual and SPOT composites

Figure 4-S1: Direct conversion of forests to oil palm. This pixel was cleared in 2004. Oil palms are visible in the
2013/16, 2017, and 2018 SPOT images, and, based on the growth patterns seen in the NIR-SWIRI-SWIR2 charts
and consistently greener signatures in the annual composites, the pixel was likely planted soon after clearing.
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Sampled pixel 8296: bimonthly composites (2007, initial clearing year)
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1983 1980 1991 1982 1950 1904 1905 1990 1957 1908 1990 2000 2001 2002 2003 2004 2008 2006 2007 200040 2010 2011 2012 2013 2014 2015 2018 2017 2018 2019 2020

Sampled pixel 8296: bimonthly composites (2016, palm conversion year)

Figure 4-S2: Delayed conversion of forests to oil palm. This forest was initially cleared in 2007, then planted
with oil palms between 2014 and 2017 (see high resolution imagery in Figure 4-S3 below). The most likely
clearing date based on the NDVI, SWIRI, and SWIR2 temporal patterns and the clearing and regrowth visible in
the bimonthly composites, is early 2016.
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Sampled pixel 8296: high resolution data

SPOT circa 2014 (2013-2016 composit8POT 2017

Image © 2022 Maxar Technologies

Google Earth

Imagery Date: 7/23/2014 1°54'42.92"N 100°47'08.30"E elev 66ft eyealt 1045 ft

Google Earth 2014

Figure 4-S3: Delayed conversion of forests to oil palm. In the case of this pixel, the patterns seen in the Landsat-
derived reference data can be confirmed using high resolution imagery. In this Google Earth image from 2014,
seven years after the pixel was initial cleared, the land is still unplanted. Oil palms are also not visible in the first
SPOT composite, created using imagery captured between 2013 and 2016. By 2017, however, young oil palms can
be seen growing in the pixel.
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Chapter 5: Discussion

5.1 Summary of research contributions and study limitations

This research provides the most detailed sample-based assessment of primary
forest loss and post-forest clearing land use currently available. In Chapter 2, 1
provided annual forest loss and intact forest degradation estimates and associated
standard errors over a 30-year period. I also disaggregated primary forest clearing by
the clearing mechanism and found that 25.9% (+/-1.1) of primary forest cleared from
1991-2020 was cleared by forest fire, including 3.5 (+/-0.3) Mha cleared during the
severe Nifo event in 1997 and 1998. Those two years were responsible for one fifth
(19.7% +/-1) of the total deforestation that occurred during the study, underscoring
the devastating impact that poor policy decisions, such as the draining of Central
Kalimantan peatlands for the Mega Rice Project, can have when combined with
extreme weather events. I also found that the majority (77.4% +/-1.1) of primary
forests were degraded before they were cleared, confirming findings of previous
studies showing that deforestation is typically preceded by degradation in Indonesia’®.

In Chapter 3, I followed land use trajectories after forest clearing, and found
that more than half of all deforested land in Indonesia is left idle immediately after
clearing. The majority (53.7% +/-1.7) of this unproductive land was not cleared by
fires in standing forests but was actively cleared — a finding that contradicts
assumptions in the existing academic literature that most degraded lands in Indonesia
were created by fires®. When actively cleared unplanted areas were converted to

productive land uses, they were most often planted with oil palms. This has important

policy implications, both in terms of understanding the sustainability of Indonesia’s
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palm oil industry, and for developing and implementing effective forest protection
strategies. Given the frequent lags between forest conversion and oil palm planting,
and the fact that this delayed oil palm conversion typically did not replace other
productive land uses but deforested land left idle, the true extent to which palm oil
drives deforestation is likely larger than the extent to which palm oil plantations
directly replace forests. That said, although this research makes it clear that there is a
relationship between palm oil and unplanted land in Indonesia, we don’t know the
extent to which palm oil or other factors drives the creation of these areas. That is one
of the major limitations of this study. The most straightforward way to use remote
sensing data to understand deforestation drivers is to look at the land covers, and
associated land uses, that replace forests. When these areas are left idle, we cannot
infer the land use from the remote sensing data alone. More research, particularly in
situ social science research in unplanted land areas, is needed to understand why these
areas being created and how they are used. Research into the dynamics of unplanted
land within large-scale plantation landscapes is particularly lacking.

This study also found that deforestation overall, unplanted land creation, and
the expansion of palm oil plantations in previously forested areas have all declined in
recent years. The decline in palm oil plantations directly replacing primary forests is
particularly hopeful, as it could indicate that government and private-sector initiatives
to reform Indonesia’s palm oil industry are working. However, as reported in Chapter
4, these declines have taken place during a period where palm oil prices were
relatively low. Since 2020, palm oil prices have risen, driven by food and fuel

shortages associated with the Covid-19 pandemic and the war in Ukraine. Previous
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research has found that increases in deforestation and palm oil expansion typically
follow increases in palm oil prices. If this happens again, it could indicate that
economic factors, rather than commitments to reduce carbon emissions, were driving
the historically low deforestation rates observed over the past several years. However,
if deforestation rates remain low as palm oil prices rise, it would provide even
stronger evidence that policies are working.

My estimates of the declining rates of palm oil expansion and unplanted land
creation are somewhat limited, however, by data availability, in particularly the
availability of high resolution imagery to verify whether oil palms or other crops have
been planted. In 2020, the land use could not be verified for 1.8 (+/-0.2) Mha of
deforested land, and the presence or absence of palm oil could not be verified for 4.1
Mha (+/-0.3) of land located both in and outside of previously forested areas. This has
important implications not just forthis study but for other studies reporting palm oil
area in Indonesia. Within land that has been deforested, most indistinguishable
clearing took place in the last two years of the study — 2019 and 2020 — meaning land
use classes are most likely to be underestimated in those years. This data availability
issue does not, however, impact my ability to report the area deforested in 2019 and
2020, as deforestation can be detected with Landsat imagery and does not typically

need to be verified using high resolution data.

5.2 Opportunities for future research

Given the dramatic decline in deforestation that Indonesia has experienced in
the last several years, the question I would most like to answer with this research is

this: have Indonesia’s forest protection policies worked? Unfortunately, this research
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alone cannot fully answer that question. Measuring the impact of national-scale forest
protection policies is difficult. The most robust way to establish causality would be to
implement a policy using an experimental design, where specific regions would be

randomly assigned to treatment and control groups'?’

. When policies are
implemented at a national or even regional scale, a true experimental design is
typically not possible. It would be difficult if not impossible to randomly assign forest
protection programs to countries, since their willingness to adopt or enforce an
externally imposed program would be highly dependent on the local political will to
protect forests generally, leading to selection bias. In Indonesia’s case, policies were
not randomly assigned but were designed to fit local political and economic contexts
and implemented on a broad scale. In this context, observing an up or downward
trend in deforestation after policies are implemented is not enough to establish
causality. Instead, statistical tools such as matching analysis or cross-sectional
regressions attempt to mimic experimental conditions. This technique, known as
quasi-experimental design, has limitations, since it is difficult to control for all
variables that may impact environmental outcomes. However, this type of analysis
can provide stronger evidence of causality than evaluating trends alone!%.

A logical next step for this research would be to take the detailed data
provided here on regional and temporal trends in Indonesia and apply quasi-
experimental methods to attempt to draw more robust conclusions about the impact of
policies relative to other factors affecting forest loss. Some existing studies have

already done this using map-derived estimates of forest loss in Indonesia, including a

recent study looking at the progress Indonesia has made in reducing carbon emissions
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under its agreement with Norway. Groom et al. found that while Indonesia fell short
of its carbon reduction goals, the price Norway paid for the emissions Indonesia did
avoid was still well under the amount they had agreed®”.

The Groom et al. study used data through 2018, so it did not fully capture the
trend of the last few years, with deforestation rates remaining at record lows.
Additionally, since the forest loss estimates used were derived from map pixel
counting (based on the Hansen et al. tree cover loss product), the uncertainty in these
estimates has not been quantified and we do not know how map bias may have
impacted the results. Conducting a similar study evaluating avoided carbon emissions
in Indonesia using my sample-derived estimates through the 2020 period is one
possible avenue for future research.

Research into Brazil’s a dramatic drop in deforestation in the mid-2000s is
another way to see how data from this study might be used to evaluate policy impacts
in Indonesia. The decline in Brazil has been widely attributed to the implementation
and enforcement of government and private-sector policies designed to reduce
deforestation within the Brazilian Amazon, in part due to research using quasi-
experimental methods. This includes the decoupling of deforestation rates from
soybean prices'*, lower rates of forest loss within protected areas, such as indigenous
reserves, compared to similarly accessible forests outside protected areas®, and
changing patterns of illegal logging that suggest loggers are attempting to evade
satellite monitoring. Brazil’s more recent increases in annual primary forest loss
under President Jair Bolsonaro, who is vocally opposed to forest protection and

whose administration has worked to weaken agencies responsible for forest protection
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and monitoring, may also indicate that national-scale policies do have a real impact
on deforestation rates, though I am not yet aware of any studies using the quasi-
experimental methods to evaluate the impact Bolsonaro’s administration has had on
forests.

Palm oil is arguably Indonesia’s most important commodity crop and a major
driver of primary forest loss in the country, and previous studies have found that
deforestation is correlated with palm oil prices*#363-66:197 Thjg study found that
Indonesia experienced high rates of palm oil expansion into previously forested areas
during periods when palm oil prices were also high. More recently, palm oil
expansion has slowed, although data limitations related to the availability of high
resolution data mean these estimates are less reliable for the last few years of the
study. Given the volatility of palm oil prices over the last two years, continued
monitoring of palm oil expansion and deforestation trends, and econometric analyses
to determine the extent to which these trends continue to be impacted by palm oil

prices, is another interesting area for future research.
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