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 A B S T R A C T

Brazil has implemented policies aimed at promoting palm oil production while restricting plantations to 
already degraded lands. As a result, oil palm cultivation has expanded rapidly in the eastern Amazon. 
Assessing the impact of these policies is complicated by two main challenges: (i) limited availability of high-
resolution plantation data, and (ii) potential endogeneity in the relationship between oil palm expansion and 
deforestation. To address the first issue, we develop a novel map of oil palm plantations by combining Landsat-8 
optical imagery and Sentinel-1 radar backscatter data using a random forest classification algorithm. To address 
endogeneity, we exploit spatial variation in agro-climatically attainable palm oil yields from the Global Agro-
Ecological Zoning (GAEZ) database as an instrument for oil palm expansion between 2014 and 2020. Going 
beyond naïve correlations, we find that although some plantations replaced forested areas, the expansion of 
oil palm actually reduced the probability of deforestation. A candidate mechanism induced by the palm oil 
supply chain is economic spillovers with higher rewards to activities that do not depend on deforestation. 
We estimate an increase in nightlight intensity, an indicator of more urban and less land-intensive economic 
activities, near areas that were converted to oil palm plantations. Other likely mechanisms include formal 
production contracts that require legal title to land and the crowding out of other agricultural activities that 
put pressure on forests. Our findings challenge the common perception that oil palm is a primary driver of 
tropical deforestation. They also contribute to a more nuanced understanding of land-use dynamics in tropical 
frontier regions.

1. Introduction

Palm oil is the most consumed and exported vegetable oil in the 
world and is used mainly as food and in biodiesel production (Villela 
et al., 2014; Chong et al., 2017). The growing world demand for this 
commodity reflects a high production potential, a low production cost, 
and incentives to replace fossil fuels with biofuels, resulting in a rapid 
expansion in palm plantations (Xu et al., 2021).

Palm oil production is mainly located in tropical Southeast Asian 
countries such as Indonesia and Malaysia. Brazil is the 10th largest 
producer in the world, with most production and expressive growth in 
the cultivated area concentrated in the state of Pará. More specifically, 
in the period 2004–2014, Pará increased its cultivation area by more 
than 200%, reaching 2190 km2 in extension and a production level 
of 900,000 tons of palm oil per year. This growth consolidated the 
state as the main producer in the country with more than 95% of 
national production (Villela et al., 2014; Carvalho et al., 2015; Benami 
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et al., 2018; Nahum et al., 2020; Almeida et al., 2020). In any case, 
the cultivated area is still small compared to the country’s productive 
potential. This fact is mainly due to a learning curve for oil palm 
cultivation in its early stages and problems in the sector’s governance 
model (Englund et al., 2015; Benami et al., 2018; Brandão et al., 2021).

Recognizing the strategic importance of palm oil, Brazil has imple-
mented several programs to encourage its production. These initiatives 
include the National Program for the Production and Use of Biodiesel 
(Programa Nacional de Produção e Uso do Biodiesel - PNPB), the Agroe-
cological Zoning of Palm Oil Cultivation (Zoneamento Agroecológico da 
Cultura de Palma de Óleo - ZAE), the Sustainable Palm Oil Production 
Program (Programa de Produção Sustentável de Óleo de Palma - PPSP), 
and the Pronaf Eco Palm Oil program (Pronaf Eco Dendê) (Carvalho 
et al., 2015; Englund et al., 2015; Lameira et al., 2016; Nahum et al., 
2020; Brandão et al., 2021). The ZAE, PPSP, and Pronaf Eco Dendê, in 
particular, aim to promote oil palm cultivation in degraded areas while 
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preventing crop-driven deforestation. Despite the economic benefits 
associated with palm oil expansion, concerns have been raised about its 
possible environmental consequences, particularly the illegal clearing 
of tropical forests (Koh and Wilcove, 2008; Englund et al., 2015; Xu 
et al., 2021; Brandão et al., 2021).

The recent expansion of oil palm in the eastern Amazon has raised 
serious environmental concerns, as the region contains some of the 
most biodiverse forest ecosystems in the world, which remain at risk of 
conversion into plantation areas (Carvalho et al., 2015). The literature 
shows that oil palm cultivation has been replacing forest areas in 
the Brazilian Amazon (Carvalho et al., 2015; Lameira et al., 2016; 
Furumo and Aide, 2017; Benami et al., 2018; Almeida et al., 2020), 
while also being associated with local economic gains in nearby mu-
nicipalities (Ferreira et al., 2023). However, a critical gap remains in 
understanding the causal nature of this relationship. To the best of our 
knowledge, there are no studies that estimate the causal contribution 
of palm oil expansion to the trade-off between economic activity and 
deforestation in the region. That is, little is known about whether oil 
palm is a driver of both deforestation and economic activity, or whether 
it simply occupies areas that would be deforested anyway and crowds 
out other economic uses. This reflects the fact that crop expansion is 
typically shaped by a complex interplay of economic, political, and 
social factors, which makes causal identification challenging (Edwards, 
2018; Kubitza and Gehrke, 2018; Cisneros et al., 2021), and because 
spatially disaggregated data covering the recent expansion of palm oil 
in Brazil are still scarce.

In other words, the identification of the causal effect of palm 
oil expansion faces two important challenges: data scarcity and the 
endogeneity problem. To deal with the first challenge, we follow the 
pioneering work of Foster and Rosenzweig (2003) and Burgess et al. 
(2012) and use both optical spectral bands from Landsat −8 and radar 
backscatter data from Sentinel-1 in a 30 × 30 m spatial resolution 
mapping process. We then employed Machine Learning algorithms to 
analyze satellite images and map oil palm expansion and deforestation 
in the Brazilian Eastern Amazon during the 2014–2020 period. A recent 
dataset on oil palm plantations in Brazil was released by MapBiomas; 
however, our approach differs by integrating both optical and radar 
satellite data in the mapping process (Souza et al., 2020).1 Studies such 
as Chong et al. (2017) and Xu et al. (2021) highlight the superior per-
formance of this combined approach for oil palm mapping, as optical 
and radar sensors operate based on different physical and electromag-
netic principles, capturing complementary information. Additionally, 
radar signals can penetrate cloud cover, a significant advantage for 
mapping in tropical regions where persistent cloudiness is common.

Next, we investigate the impact of oil palm on deforestation and 
the local economy. Because palm plantations are concentrated in only 
four large municipalities, our identification strategy concentrates on 
an indicator of economic impacts at the pixel level. More specifically, 
we follow Henderson et al. (2012) and use satellite data from the 
NASA/NOAA Visible Infrared Imaging Radiometer Suite (VIIRS) on 
nighttime lights as a proxy for more urban and less land-intensive 
economic activity. We then address the endogeneity problem by ex-
ploring the fact that each pixel differs exogenously in its productive 
potential for oil palm cultivation. In particular, we instrumentalize 
palm oil expansion using the maximum agro-climatically attainable oil 
palm yield from the Global Agro-Ecological Zoning (GAEZ) database 
calculated by the United Nation’s Food and Agriculture Organization 
(FAO). Therefore, we compare pixels that were converted to oil palm 
with those that were not in order to estimate the causal impact of the 
crop on deforestation and local economic activity.

This effort is particularly relevant in light of recent developments in 
deforestation-free supply chain regulations, such as those introduced 

1 Lameira et al. (2016), Furumo and Aide (2017), Almeida et al. (2020) 
also contribute to oil palm mapping, but do not use the integrated approach 
we adopt here.

by the European Union and the United Kingdom, which require the 
implementation of robust and reliable monitoring systems for com-
modities such as palm oil. Our approach could be used for due diligence 
processes, allowing producers and suppliers to verify and demonstrate 
that their products are not sourced from deforested areas, thus ensuring 
compliance with global sustainability standards and contributing to 
environmental conservation efforts (Oliveira et al., 2024).

To summarize our results, we used a Random Forest algorithm that 
produced an overall classification accuracy of 94.53% and 95.53% for 
2014 and 2020, respectively, which is much superior to the accuracy 
presented by the oil palm literature for the Amazon. From the land 
use and land cover transition analysis, we observed that oil palm 
cultivation in the region expanded significantly, increasing from 1074 
km2 to 1849 km2—an overall growth of 72.16%. In particular and in 
contrast to the policy goals, 156.88 km2 (20.24%) of this expansion 
directly replaced pixels previously covered by forests and other natural 
vegetation formations. While this land cover transition indicates a 
non-negligible direct conversion of natural vegetation, it does not, by 
itself, establish a causal relationship between oil palm expansion and 
deforestation.

A key contribution of our analysis lies in moving beyond correla-
tion and estimating whether there is a causal link between oil palm 
plantations and deforestation. Our identification strategy relies on a 
plausibly exogenous instrumental variable that isolates the component 
of oil palm expansion determined by spatial variation in agroecological 
suitability rather than by direct deforestation pressures. Our results 
indicate that oil palm expansion contributes to a reduction in de-
forestation: among areas whose conversion to oil palm is driven by 
suitability, the probability of deforestation is lower than in compara-
ble areas that were not converted.2 Moreover, we observe significant 
increases in nighttime light intensity around plantations, suggesting 
a shift toward less land-intensive and more service-oriented forms of 
economic activity, which could potentially contribute to a broader 
structural transformation in the regional economy. Together, these 
findings suggest that, when expansion is structured and based on suit-
ability, oil palm can act as a barrier to more environmentally degrading 
deforestation drivers, creating additional value for conservation efforts.

Our findings point to several mechanisms that may explain the 
observed negative relationship between oil palm expansion and forest 
or habitat loss, with important implications for policy. We highlight 
three potential channels. First, higher returns to oil palm cultiva-
tion — driven by policies that condition incentives on the use of 
already cleared land — may reallocate resources away from more 
land-intensive activities such as extensive cattle ranching and slash-
and-burn agriculture. Second, oil palm production typically involves 
formal contracts, and access to benefits like tax exemptions often 
requires formal land titling. This reduces the attractiveness of investing 
in illegal forest clearing, which commonly supplies land to informal 
markets. Third, oil palm expansion may shift the structure of the 
local economy by generating spillovers along the palm oil value chain. 
In support of this mechanism, one of our IV specifications shows a 
significant increase in nighttime light intensity around plantations, 
consistent with a shift toward more urbanized and less land-intensive 
economic activity. All three mechanisms raise the opportunity cost of 
deforestation and warrant further empirical study. Although a complete 
investigation is beyond the scope of this article, our results underscore 
the role of policy design and enforcement in shaping land use out-
comes. In particular, they suggest that aligning agricultural incentives 
with conservation goals is possible in tropical frontier regions under 
appropriate institutional conditions.

Our work belongs to a growing body of economic literature that ex-
amines the causal impacts of palm oil expansion in tropical developing 

2 We thank an anonymous referee for helping us spell out this point.
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countries3 and that leverages satellite-based remote sensing data to map 
deforestation and economic activity4 or to analyze broader economic 
phenomena.5 Additionally, this paper engages with the extensive body 
of research on the environmental consequences of oil palm expansion 
worldwide and in Brazil in particular.6

This paper is structured into five sections, in addition to this Intro-
duction. Section 2 provides background information on palm oil, while 
Section 3 details the dataset. Sections 4 and 5 outline the methodolog-
ical approach and present the results, respectively. Finally, Section 6 
concludes with final considerations and policy implications.

2. Background

Originating from Africa, the oil palm is a perennial crop with a life 
cycle of approximately 25 years, and its trees can grow up to 20 m 
in height. Due to these characteristics, it resembles a forest more than 
typical agricultural crops. Palm oil is typically cultivated in monocul-
ture plantations that exhibit distinct and uniform geometric patterns, 
which facilitates its identification in satellite imagery. The crop thrives 
in humid tropical climates with abundant rainfall, high solar radiation, 
and temperatures ranging between 24 ◦C and 32 ◦C (Corley and Tinker, 
2008).

The production of vegetable oil from oil palm has significant po-
tential, mainly due to its exceptionally high productivity, which can 
reach up to 368 tons per square kilometer. In comparison, soy has 
a much lower productive potential of just 42 tons per square kilo-
meter (Carvalho et al., 2015; Englund et al., 2015). This high yield, 
combined with low production costs, has driven the exponential growth 
in global demand for palm oil (Xu et al., 2021). In Brazil, oil palm 
cultivation began in the 1970s and experienced rapid expansion in 
the 2000s, fueled by its growing demand in the food, cosmetics, and 
biofuel industries (Villela et al., 2014; Carvalho et al., 2015; Almeida 
et al., 2020). The crop is particularly well-suited to the Amazon region, 
especially Pará, thanks to its favorable soil and climatic conditions, as 
well as the availability of suitable areas for further expansion.

The growth in palm oil production in Brazil was significantly driven 
from the 2000s onward by key government initiatives. These included 
the establishment of the PNPB in 2004, the ZAE under Decree No. 
7.172/2010, and the PPSP in 2010 (Lameira et al., 2016; Nahum et al., 
2020; Brandão et al., 2021). The PNPB, launched in 2004, aimed to 
increase biodiesel production, reduce greenhouse gas emissions, and 
promote regional development. Palm oil, with its high productivity, 
presents significant potential to become a key resource for the expan-
sion of biodiesel production in Brazil (Carvalho et al., 2015; Nahum 
et al., 2020).

The ZAE and PPSP initiatives were established to regulate the 
expansion of oil palm cultivation while ensuring its social and envi-
ronmental sustainability. The ZAE identified approximately 130,000 
km2 of deforested areas as suitable for cultivation—roughly 300 times 
the size of the current planted area. Its primary goals are to promote 
inclusive and sustainable regional economic development and to en-
courage the substitution of renewable energy sources for fossil fuels. 
Building on the ZAE framework, the PPSP was launched to further 
regulate palm oil expansion by restricting cultivation to degraded and 
deforested areas cleared before 2008. This approach incentivizes the 
recovery of degraded land, generating both social and environmental 

3 Edwards (2018), Kubitza and Gehrke (2018), Cisneros et al. (2021), 
Krishna and Kubitza (2021), Hellmundt et al. (2024), Abman and Lundberg 
(2024) and Kraus et al. (2024).

4 Foster and Rosenzweig (2003), Burgess et al. (2012) and Henderson et al. 
(2012).

5 Donaldson and Storeygard (2016).
6 See for example Koh and Wilcove (2008). For the Brazilian case, see 

Villela et al. (2014), Englund et al. (2015), Carvalho et al. (2015), Benami 
et al. (2018), Brandão et al. (2021) and Ferreira et al. (2023).

benefits (Carvalho et al., 2015; Benami et al., 2018; Brandão et al., 
2021).

Driven by these institutional incentives, a new frontier of oil palm 
expansion emerged in Pará from 2010 onward, mainly replacing de-
graded pastures in the northeast of the state, a region with some of 
the most favorable conditions for palm cultivation in Brazil (Almeida 
et al., 2020). Between 2010 and 2014, the area under cultivation 
increased by approximately 200%. However, it is important to note 
that about 60% of this expansion occurred near forested areas, raising 
environmental concerns. This is because the deforestation associated 
with oil palm expansion tends to disproportionately impact adjacent 
forest regions (Benami et al., 2018).

We concentrated our analysis in the municipalities of Acará, Moju, 
Tailândia, and Tomé-Açu, known as the oil palm pole in Brazil (Fig.  1). 
Together, they cover an area of 23,014.36 km2, of which a significant 
portion is located in the ZAE. These municipalities are the main pro-
ducers of palm oil in Brazil, accounting for approximately 74.1% of the 
production in Pará and 72.5% of the total palm oil production in the 
country in 2023 (Brazilian Institute of Geography and Statistics (IBGE), 
2025). They are distinguished by their socioeconomic and agricultural 
dynamism, particularly in the Northeastern region of the state.

The region receives an average annual rainfall of 2500 mm, with 
a minimum monthly precipitation of 60 mm, which is sufficient to 
sustain oil palm cultivation without irrigation. The terrain is relatively 
flat, with altitudes ranging from 50 to 100 m, and an average tem-
perature of 26 ◦C. Historically, the landscape was predominantly used 
for cattle ranching, which expanded in the 1960s after the completion 
of the BR-010 highway (Belém-Braslia). Other economically significant 
agricultural activities include the cultivation of black pepper, açaí, 
eucalyptus for timber, cassava, and rice (Almeida et al., 2020).

The region is also located near the Belém Endemism Center, an area 
recognized for its high species endemism, severe habitat fragmenta-
tion, and susceptibility to fires, making it one of the most deforested 
and ecologically threatened areas in the Amazon (Manhães et al., 
2024). Despite still retaining over half of its area covered by forests, 
ongoing deforestation pressures pose significant environmental risks. 
During our study period, the forest area decreased from 13,281.43 
km2 (57.45%) to 12,556.46 km2 (54.32%), highlighting the increasing 
threat to biodiversity and ecosystem stability (MapBiomas, 2025).

3. Data

In order to conduct our analysis, we collect a number of pieces 
of information on optical imagery and radar data, land use, physical 
characteristics of the territory and potential socioeconomic drivers of 
land use and oil palm cultivation.

Remote sensing and physical characteristics of the territory
To map oil palm expansion and vegetation formation between 2014 

and 2020, we used optical imagery from Landsat −8 and radar data 
from Sentinel-1, generating annual composites based on median values 
to address potential seasonality effects. Details of the dataset and 
methodology are provided in the following section and Appendix.

We obtained elevation data from global satellite-derived Digital 
Elevation Models (DEMs), primarily sourced from the Shuttle Radar To-
pography Mission (SRTM). SRTM employs interferometric radar tech-
nology to map Earth’s topography with high accuracy, offering eleva-
tion data at 90-m ( 3 arc-seconds) resolutions. From this dataset, we 
derived a slope raster using terrain analysis functions, which calculate 
the rate of elevation change at each pixel, considering eight neighbor-
ing pixels to enhance local topographic representation. The data are 
expressed in radians and represent variations in terrain steepness.

Precipitation data were retrieved from the WorldClim database, 
which offers high-resolution gridded climate data derived from weather 
station observations, remote sensing, and interpolation techniques. This 
dataset provides monthly average precipitation (mm) at a spatial reso-
lution of 10 arc-minutes (≈ 18 km per pixel), which we aggregated into 
an annual value for the baseline year 2014.
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Fig. 1. Land use and land cover maps.

We extract the maximum potential yield of oil palm from FAO-GAEZ 
under non-irrigated, high-input, and low-management conditions, re-
flecting extensive, minimally intensive cultivation practices. The yield 
estimates are based on average climatic conditions for the period 
1961–1990, capturing long-term climatic trends that influence palm 
oil productivity while excluding potential impacts from recent climate 
change. This high-resolution (30 arc-seconds,  0.9 km × 0.9 km) spatial 
database is a globally recognized resource to assess the potential of 
agricultural productivity, integrating agronomic models, climatic con-
ditions, soil properties and land suitability. In addition to oil palm, we 
also obtained yield estimates for soybean, maize, rice, and cassava to 
control for possible confounders.

To standardize the spatial resolution of our dataset to 30 m, we 
applied bilinear resampling to all images with coarser resolutions. This 
interpolation method computes new pixel values as a weighted average 
of the four nearest neighboring pixels, ensuring smoother transitions 
and preserving spatial continuity in continuous variables. As a result, 
our final dataset consists of 25,960,117 observations (pixels) covering 
the study area.
Land use

We used data from MapBiomas Collection 9 to examine transitions 
in oil palm cultivation and forest area between 2014 and 2020, as well 
as the baseline pasture cover in 2014, all at a 30-m pixel resolution. 
The MapBiomas dataset provides high-resolution annual land-use and 
land-cover maps for Brazil, derived from Landsat imagery, serving as 
a key resource for monitoring and analyzing land-use dynamics over 
time (Souza et al., 2020).

To check the robustness of our results, we also use the Hansen 
et al. (2013) dataset, widely known as the Global Forest Change (GFC) 
product. It offers high-resolution (30 m) information on forest cover 
dynamics worldwide. This dataset integrates Landsat imagery with ad-
vanced data processing techniques to systematically map forest cover, 
loss, and gain from 2000 onwards.

In this study, we analyzed forest loss between 2014 and 2020, along 
with the forest cover in 2000, adjusted for net forest change (gain minus 
loss) between 2000 and 2014, to estimate the baseline forest cover in 
2014.

Socioeconomic drivers
The transport infrastructure variables (roads, waterways and ports) 

were obtained from the MapBiomas Project, which processes and pub-
licly provides data from official sources. These variables represent 
regional accessibility and can influence oil palm cultivation decisions 
by affecting transportation costs and market access. We also used the 
Urban Shapefile from the Brazilian Institute of Geography and Statistics 
(IBGE) to evaluate the impact of urban proximity on land use decisions.

We extracted mill geolocation data from the Universal Mill List 
(UML), a comprehensive global database of palm oil mills designed to 
improve supply chain transparency and support sustainable sourcing. 
Developed in collaboration with the World Resources Institute (WRI), 
Rainforest Alliance, Proforest, and Daemeter, the UML integrates data 
from certification bodies, industry reports, and company disclosures.

Data for conservation units and indigenous land are sourced from 
the Brazilian National System of Conservation Units (SNUC) and the 
National Indian Foundation (FUNAI), providing spatial data on official 
geographic boundaries.

The 2010 population density dataset used in this study is derived 
from WorldPop, which provides high-resolution global population maps 
(1 km2 resolution). This data set integrates census data, satellite im-
agery (for example, Landsat, Sentinel), and machine learning tech-
niques, offering detailed insights into population distribution patterns.

The Nighttime Light (NTL) data were obtained from VIIRS, onboard 
the Suomi NPP satellite, launched in 2011 as part of NASA’s Earth 
observation program. This data set provides high-resolution measure-
ments of Earth’s nighttime brightness, using artificial illumination as 
a proxy for human activity and economic development. It measures 
absolute radiance in nanowatts per square centimeter per steradian 
(nW/cm2/sr), capturing the intensity of emitted or reflected light at 
night at a 500-m spatial resolution, including both stable sources 
(e.g., urban lighting) and transient sources (e.g., wildfires and gas 
flares). For this analysis, we computed changes in VIIRS-derived radi-
ance between 2014 and 2020 to estimate shifts in economic activity 
over time.
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4. Methods

4.1. Mapping and classification

We mapped palm oil plantations in 2014, 2017, and 2020 by 
integrating optical imagery from Landsat −8 and radar imagery from 
Sentinel-1, extracting relevant features for classification using machine 
learning algorithms. We chose 2014 as the baseline year, because 
Sentinel-1 was launched and became operational only in that year.

Since Sentinel-1 offers 10-m spatial resolution imagery, we re-
sampled it to 30 m to match Landsat −8’s resolution and ensure 
spatial consistency in data processing. The combination of spectral and 
backscatter information from these satellite sources provides critical 
insights into biophysical properties, such as biomass, vegetation health, 
and phenological stages, enabling accurate land-cover classification.

We collected training and testing samples using a random sampling 
approach, resulting in the following pixel distributions for each class: 
(i) Natural vegetation (dominated by primary and secondary forests) 
(3330 pixels); (ii) Oil Palm (1564 pixels); and (iii) Anthropogenic land 
(1300 pixels), which included exposed soil, cropland, and pasture.

For classification, we implemented multiple machine learning al-
gorithms, including K-Nearest Neighbors (KNN), Artificial Neural Net-
works (ANN), Decision Trees (DT), Support Vector Machines (SVM), 
and Random Forests (RF). During the training phase, we identified the 
most relevant variables, validated the models using the test dataset, and 
then applied the best-performing algorithm for classification.

In the post-classification phase, we applied a spatial mode filter and 
performed a manual reclassification of palm oil areas to improve the 
accuracy of the results, using the 2017 map to identify and correct 
inconsistencies in land-use changes. To track palm oil expansion, we 
conducted a pixel-by-pixel land-use transition analysis between 2014 
and 2020. A detailed description of each methodological step in the 
classification and mapping process is provided in Appendix.

4.2. Empirical strategy for causal inference

Identifying the causal impacts of palm oil on deforestation and eco-
nomic activity is difficult due to the endogeneity of its expansion. The 
high potential costs and benefits of investments in oil palm plantations 
make their location often endogenous with regional characteristics. 
Estimating the causal effects of palm oil expansion involves two main 
challenges: (i) unobservable variables that may be correlated with 
palm oil expansion, economic activity and deforestation; (ii) reverse 
causality, as a higher rate of deforestation and/or economic activity 
could also encourage the expansion of palm oil.

This paper explores an exogenous variation, the maximum po-
tential agro-climatically attainable palm oil yield, to instrumentalize 
its expansion in the Eastern Amazon and thus estimate its causal 
impact on deforestation and economic activity. The instrument is mea-
sured as the agro-climatically attainable palm oil yield at the pixel 
level. It is calculated by FAO-GAEZ based on agronomic models and 
provides data on agroclimatic potential yield for different crops and 
levels of input and management at 30 arc-second (0.9 × 0.9 km) 
resolution. In this paper, we use the maximum potential yield of oil 
palm under non-irrigated, high-input, and high-management conditions 
for an average climate over the 1961–1990 period. This choice is 
motivated by institutional features of oil palm expansion in the east-
ern Amazon, where production has been primarily driven by large 
agribusiness companies. These firms typically acquire land or establish 
long-term lease agreements with smallholders under contract farming 
schemes. As documented by Brandão et al. (2021), these arrangements 
are often tied to access to subsidized credit through PRONAF Eco, 
which requires producers to enter into formal supply agreements with 
companies that commit to providing inputs and technical assistance. 
Even producers who would not otherwise adopt high-input or high-
management practices are required to comply with these protocols as 

part of the contractual terms. From the firms’ perspective, enforcing 
standardized and intensive production practices helps stabilize yields 
and mitigate risk, thereby ensuring compliance with downstream sup-
ply contracts. Given this institutional configuration, the high-input 
and high-management scenario more accurately reflects the actual 
production conditions under which expansion has taken place in the 
region.

The first-stage in our instrumental variables (IV) estimation proce-
dure is given by the following equation: 
�Oil_Palmi = � + 
Yieldi + �Controlsi + ui (1)

where �Oil_Palmi is a binary variable with value 1 when the pixel i
is converted to the oil palm class between 2014 and 2020. By concen-
trating on changes between 2014 and 2020 we hope to capture a more 
consolidated impact of oil palm plantations on forests and economic 
activity over a longer time span, which accommodates for both direct 
impacts and indirect effects via displacement of other activities, for 
example. Y ieldi is the maximum agro-climatically attainable palm oil 
yield for pixel i, Controlsi represents a vector of pixel-level control 
variables that include physical attributes (altitude, slope, precipita-
tion, latitude, longitude), 2014 baseline population density and land 
use (forest, pasture and night light); maximum attainable yields (for 
soybean, maize, rice and cassava), infrastructure (distance to roads, 
waterways, ports, urban areas, mills) and distance to conservation units 
and indigenous land; and ui is an error term. The first stage intuition is 
that higher potential yields increase the probability of crop expansion. 
given that palm oil firms decide to expand production based on their 
expected productivity in addition to potential profitability (Edwards, 
2018).

Then, we estimate the following two second-stage equations to 
measure the impacts of oil palm expansion, 
�Deforestationi = � + � ̂�Oil_Palmi + �Controlsi + "i (2)

�Nigℎtligℎti = � + � ̂�Oil_Palmi + �Controlsi + "i (3)

where �Deforestationi is a binary variable that is equal to 1 when pixel 
i changes from the vegetation class to any other class between 2014 and 
2020; �Nigℎtligℎti is the change in night lights within a 500 m radius 
from pixel i during the same period; ̂�Oil_Palmi is the instrumentalized 
variable from the first stage; Controlsi are the same controls as in the 
first stage equation; and "i is the error term.

We first estimate Eqs. (1) and (2) using a logit specification. For 
nightlights, we estimate (3) with a linear model. However, the distri-
butions of our binary variables are skewed with only 11% and 3,36% 
of the pixels corresponding to deforestation and palm oil expansion, 
respectively. Therefore, it may not be reasonable to expect that pixels 
with a 50% deforestation probability are more sensitive than other 
pixels to changes in independent variables, as assumed in the logit 
model. In this context, we re-estimated Eqs. (1)–(2) using the more 
general and flexible Skewed logistic regression approach (scobit) pro-
posed by Nagler (1994), and which includes the logit model as a special 
case. The scobit model is better suited to outcomes characterized as rare 
events, such as deforestation and oil palm expansion in this paper (Alix-
García and Millimet, 2023). For comparison, we also estimate Eq. (2) 
using a binary measure of deforestation from Hansen et al. (2013) and 
MapBiomas (Souza et al., 2020).

The crucial identification hypothesis in our context is that the max-
imum agro-climatically attainable palm oil yield affects deforestation 
and economic activity only through the oil palm expansion channel. 
According to Kubitza and Gehrke (2018), the instrument is highly 
correlated with the expansion of oil palm, as, together with access to 
land and markets, yield potential is the main determinant of land use 
patterns. Despite this, there are still some threats to the identification 
strategy that need to be addressed.
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First, other crops have agroclimatic conditions and expansion pat-
terns that may be similar to those for palm oil. Therefore, the instru-
ment may be capturing potential agricultural productivity in general, 
which would not allow causal interpretations for the estimated effects. 
For example, an important input for GAEZ palm oil productivity is 
precipitation, which in addition to affecting the outcome for alter-
native tropical crops, also impacts deforestation and economic activ-
ity (Chomitz and Thomas, 2003). Although the instrument is specific 
for oil palm, it is important to exclude this threat from the iden-
tification strategy. Therefore, we control for the potential yields for 
other competing agricultural activities such as soybean, maize, rice, and 
cassava in our estimations. We also accounted for whether the pixel was 
classified as pasture in the baseline by the MapBiomas project, as this 
classification could increase the likelihood of palm oil expansion due 
to regulations introduced by the PPSP.

Second, another possible threat to the identification strategy is that 
the instrument may be capturing general geographic features at the 
pixel level that may be correlated with deforestation and economic 
activity. Since our empirical strategy relies on changes in oil palm, 
deforestation and night lights for the 2014–2020 period, unobserved 
time-invariant variables at the pixel level such as geographic features 
are eliminated from the estimated equations. In addition, we include 
latitude and longitude variables in our equations to control for potential 
geographically distributed omitted variables.

Finally, it is also plausible that initial differences in infrastructure, 
economic scale and conservation status could induce different trends 
in crop expansion, forest loss, and economic activity. Therefore, we 
control for the distance of pixel i to the nearest road, waterways, 
ports, cities,mills, conservation units and indigenous land to capture 
the availability of infrastructure, access to markets and protected areas.

5. Results

5.1. Classification

We selected the preferred oil palm mapping result by first compar-
ing each machine learning algorithm using its overall accuracy and 
Kappa coefficient estimated in the test sample. In addition, we validated 
all models with the 5-fold cross-validation method for both feature 
selection and final classification. The results appear in Table  3 in the 
Appendix and reflect the statistics after applying the recursive feature 
elimination method. To check whether the algorithms performed well, 
we considered the overall accuracy and the Kappa coefficient for the 
years mapped. The weight of the evidence points at the Random Forest 
(RF) algorithm as the preferred choice.7 Therefore, we present only the 
classification results for the RF algorithm due to its better performance 
and to maintain the consistency of the following analyses. Finally, we 
calculate the confusion matrices based on our test samples and present 
the results in Fig.  4 in the Appendix.

Next, we calculated the user’s accuracy (UA) and producer’s accu-
racy (PA)8 to assess the robustness of our results. UA represents the 
proportion of correctly classified pixels within a given class relative to 

7 In 2014, RF was the best-performing algorithm (accuracy of 94.45% and 
Kappa of 0.0975) followed by the Support Vector Machine (SVM) (accuracy of 
94.03% and Kappa of 0.8993). In 2017, on the other hand, K-Nearest Neighbor 
(KNN) was the best algorithm (Accuracy of 94.61% and Kappa of 0.9088) 
followed by RF (Accuracy of 94.28% and Kappa of 0.9031). Finally, in 2020, 
RF was again the best algorithm (Accuracy of 95.53% and Kappa of 0.9239) 
followed by KNN (Accuracy of 93.87% and Kappa of 0.8956).

8

UA =
Number of correctly classified pixels for a class

Total pixels classified as that class ;

PA =
Number of correctly classified pixels for a class

Total reference pixels for that class
.

all pixels assigned to it, indicating the reliability of the classification. 
PA evaluates the proportion of reference pixels for a given class that are 
correctly classified, reflecting how well the classification captures the 
actual extent of that class. For oil palm, UA and PA values of 0.865 and 
0.866 in 2014, and 0.93 and 0.929 in 2020, respectively, demonstrate 
the effectiveness of the methodology in distinguishing oil palm planta-
tions from other land-use classes and ensuring reliable monitoring of 
their expansion. Natural vegetations consistently achieved the highest 
accuracies, with UA and PA exceeding 0.97 across all years, while 
Anthropogenic land presented slightly lower values, with UA and PA 
reaching 0.917 and 0.913 in 2020.

Our results is in line with the recent literature. Xu et al. (2021) 
also compared several algorithms and obtained the best classification 
performance with the RF algorithm. Although Shaharum et al. (2020) 
obtain a better overall accuracy and Kappa for the SVM, they emphasize 
that RF dominated SVM when the criterion is delimitation of the oil 
palm areas — our goal here. Specifically for the Eastern Amazon, 
Almeida et al. (2020) also performed a classification exercise using RF 
and obtained an overall accuracy of 88.06% and a Kappa of 0.85, using 
Landsat images. The superior results we present here may be due to the 
combination of optical and radar images. Radar images capture addi-
tional geometric information, which allows for better discrimination of 
targets with unique geometric characteristics such as oil palm.

Next, Fig.  5 in the Appendix shows the selected features with the re-
cursive feature elimination method for the Random Forest algorithm. In 
practice, this method selects the best combination of features for the fi-
nal classification. The relevant characteristics for oil palm mapping dif-
fer depending on the year and may reflect different climatic, phenolog-
ical, and stage of maturation conditions. For 2014, the method selected 
12 features: Landsat.4, Landsat.2, EVI, Endmember_2, DVI, Landsat.3, 
Landsat.1, Entropy, Setinel_VV, GI and Sentinel_VH. For 2017, 15 fea-
tures stand out: EVI, Landsat.2, Landsat.4, Sentinel_VH|VV, DVI, End-
member_1, Sentinel_NDI, Landsat.1, Sentinel_VH-VV, Sentinel_VV, Sen-
tinel_VH, Entropy, GI, Endmember_2 and Contrast. Finally, for 2020, 14 
features were selected: EVI, Sentinel_VH|VV, Landsat.2, Landsat.3, Sen-
tinel_NDI, Sentinel_VH-VV, Landsat.4, Sentinel_VH, Landsat.1, DVI, GI, 
Endmember_2, Endmember_1 and Sentinel_VV.9 The final classification 
retained most variables across all years, with RFE primarily eliminating 
certain texture metrics that contributed little to accuracy or introduced 
redundancy.

Features related to Landsat −8 reflectance surface information were 
more important for classifying oil palm areas, especially the enhanced 
vegetation index (EVI). However, Sentinel-1 features were also impor-
tant, with the difference and the ratio between VV and VH appearing 
as the most relevant, respectively. The order of importance differs from 
those obtained by Xu et al. (2021), which used Top of Atmospheric 
(TOA) data from Landsat −8 and Sentinel-1.

5.2. Land use and land cover transition

Fig.  2 presents land use and land cover maps for the study area 
and years 2014, 2017, and 2020, classified with the Random Forest 
algorithm. Visual inspection of the maps suggests that oil palm expan-
sion occurred along roads and in both degraded areas (Anthropogenic 
land), as stimulated by oil palm policies in the country, and areas 
covered with vegetation formation. We obtain additional insight on 
the expansion of oil palm by inspecting changes in land classes over 
time. The areas covered by oil palm and anthropogenic land increased 
faster between 2014 and 2017 and more slowly between 2017 and 
2020. These changes translated into a faster rate of decrease in natural 
vegetation in the first period and a slower contraction in the second 
period.10

9 The features for 2017 follows the same pattern (Fig.  4 in the Appendix), 
reinforcing the results.
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Fig. 2. Land use and land cover maps.

Comparing our results with those of MapBiomas, their estimate for 
the total area of oil palm plantations in 2014 was 877.07 km2, while 
our study reports 1074 km2. For 2020, MapBiomas reports 1510.3 
km2, whereas our classification identifies 1849 km2. This represents 
an approximate 22.5% increase over the MapBiomas estimate. We 
attribute this difference to the integration of radar imagery (Sentinel-
1) with traditional optical data, which improves detection in regions 
with persistent cloud cover and helps distinguish oil palm from spec-
trally similar vegetation types. These methodological advantages are 
particularly relevant in the humid tropics, where cloud interference and 
spectral overlap can significantly hinder classification accuracy when 
relying solely on optical imagery (Chong et al., 2017; Xu et al., 2021). 
In addition, oil palm plantations from MapBiomas expanded in both 
pastures (574.94 km2) and natural vegetation (52.52 km2) between 
2014 and 2020. That is, most of the growth occurred within the scope 
of public policies for palm oil in the Brazilian Amazon, but still more 
than 8% of the crop expansion occurred in forest areas. Furthermore, 
pastures occupied an additional 1346.08 km2 of forest areas during the 
same period, and some of this expansion could be indirectly attributed 
to oil palm through the displacement of consolidated pastures.

From the perspective of forests and natural ecosystems, our results 
indicate that the area lost in the vegetation formation class was oc-
cupied by both oil palm and Anthropogenic land, although the latter 
responded to the lion’s share of the cleared land. This, in turn, can be 

10 The natural vegetation class went from an area of 17,529.57 km2 (76.37% 
of the total) in 2014 to 16,436.8 km2 (71.61%) and in 2017 and 16,289.13 
km2 in 2020 (70,96%). The oil palm class, in turn, had an area of 1074.93 km2

(4.68%) in 2014, increasing to 1703.27 km2 (7.42%) in 2017 and 1849.89 km2

(8.06%) in 2020, an overall growth of 72.16%. Finally, the anthropogenic land 
class had an area of 4349.72 km2 (18.95%) in 2014, growing to 4814.15 km2

(20.97%) in 2017 and to 4815.2 km2 in 2020 (20 .98%). The oil palm area 
expanded over time by 58.45% (2014–2017) and 8.61% (2017–2020), while 
the Anthropogenic land areas increased by 10.68% (2014–2017) and 0.02% 
(2017–2020). Meanwhile, the area covered by Natural vegetation decreased 
by 6.23% between 2014 and 2017, and by 0.9% between 2017 and 2020. 
This pattern of land use change indicates that more than 20% of oil palm 
expansion occurred in areas previously classified as natural vegetation, despite 
policies designed to incentivize expansion over degraded pastures. See Fig.  6 
in Appendix.

a consequence of the fact that the palm oil industry is still relatively 
small. Therefore, it is important to ask whether sustained growth of the 
palm oil industry is likely to have a significant impact on deforestation 
in the Brazilian Amazon region. To explore this question, we first need 
to recognize that Fig.  3 represents an accounting identity for land class 
changes in the region, but does not inform us whether oil palm is indeed 
a potentially significant driver of local deforestation. Our mapping 
effort is a vital element of the assessment of the impact of the palm oil 
industry on deforestation, but does not clarify whether the deforesta-
tion associated with oil palm was caused by the crop itself or whether 
it would have happened anyway due to other socioeconomic drivers 
that cause deforestation (and possibly also the expansion of the palm 
oil industry). In the next section, we present our instrumental variable 
results for the causal impacts of palm oil expansion on deforestation 
and on an indicator of economic activity. Throughout the analysis, we 
concentrate on land use changes between 2014 and 2020. We chose the 
longer time frame to increase the chance of capturing both direct and 
indirect impacts of oil palm in forested areas.

5.3. Causal effects of palm oil expansion

Table  4 in the Appendix reports first-stage estimates from our IV 
strategy. The oil palm yield potential is positively and significantly cor-
related with the expansion of oil palm in the region after the inclusion 
of a rich set of controls. These results suggest that our instrument does 
not simply capture broader geographic, agricultural, or socioeconomic 
determinants of palm oil expansion, thus supporting both the relevance 
and exclusion restrictions required for the validity of our instrumental 
variable.

Turning to the main results of interest, Table  1 reports our estimates 
of oil palm expansion on deforestation (Panel A) and nightlights (Panel 
B). Column (1) reports naïve correlations that do not account for the 
endogeneity of oil palm expansion with a logit regression for our binary 
measure of deforestation and ordinary least squares (OLS) regression 
for the continuous nightlight variable. In Panel A, both stages rely on 
either a logit (columns (2) and (3)) or a scobit (columns (4) and (5)) 
specification, whereas in Panel B, the first stages uses the same strategy 
as in Panel A, but the second stage relies on a linear regression model.

The land use and land cover transition analysis presented in Sec-
tion 5.2 reveals distinct patterns of oil palm expansion between
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Fig. 3. Land use and land cover transitions between 2014–2017 and 2017–2020.

2014–2017 and 2017–2020, with most expansion and associated de-
forestation concentrated in the earlier period. This finding motivates 
the presentation of our results for the full period (2014–2020) in sub-
panels A1 and B1, and for the initial expansion phase (2014–2017) 
in sub-panels A2 and B2. This temporal heterogeneity test enables a 
closer examination of whether the causal relationship between oil palm 
expansion and deforestation changed over time, providing insights into 
the evolving dynamics of land use conversion and the response to the 
palm oil policy initiatives.

The relationship between oil palm expansion and deforestation is 
positive and significant in the naïve specifications (column (1)) of 
both Panel A and Panel B. However, the estimates in columns (2)–(5), 
which address endogeneity using instrumental variable techniques, 
are negative and statistically significant, indicating substantial bias in 
simple correlation estimates. Adding controls increases the absolute 
magnitude of the coefficients, but the qualitative results remain robust. 
We also report the difference in the probabilities of deforestation in 
areas converted to oil palm and areas with other land uses, P (D =

1|�=1) − P (D = 1|�=0), where D = 1 when a pixel was deforested 
between two time periods and � = 1 when a pixel was converted 
to an oil palm farm. From our preferred specification in column (5) 
of Panel A, which accounts for both a rich set of covariates and the 
skewness of deforestation and palm oil expansion, the probability of 
deforestation in a given area was around 21 percentage points smaller 
in areas converted to oil palm plantations relative to other uses, falling 
from 21.4% to effectively near 0%. Although land cover transition data 
indicate that around 20% of oil palm expansion occurs over natural 
vegetation, our results suggest that—when isolating the causal effect—
oil palm expansion did not exert additional pressure on forest cover 
beyond the region’s existing land-use dynamics. In fact, the probability 
of deforestation in converted areas is significantly lower than it would 
have been had those areas remained under other uses, suggesting that 
oil palm may actually reduce deforestation pressure in the short run.

In panel B, the estimated coefficients change from negative in the 
naive specification (column (1)) to positive and statistically significant 
in the IV specifications (columns (2) and (3)), again indicating a sub-
stantial endogeneity bias. Using exogenous variation in potential yield, 

the IV strategy isolates a positive causal effect of oil palm expansion 
on the intensity of nightlight in the surrounding area. This finding is 
consistent with Ferreira et al. (2023), who document broader economic 
spillovers from oil palm expansion at the municipal level. A sizable 
and statistically significant increase in nightlight intensity near oil palm 
plantations may reflect higher returns to complementary activities that 
are more urban and less land-intensive, potentially reducing incentives 
for further deforestation (Hanusch, 2023).

In general, Panels A and B provide causal evidence that oil palm 
expansion counterfactually reduced deforestation, contradicting the 
findings from the land use transition analysis and the naïve estimation, 
both of which fail to isolate the causal effect of the expansion. This 
effect is even more pronounced in the early expansion period between 
2014 and 2017. During this phase, when the expansion of the oil palm 
plantations was more intense and the crop led to a sharper reduction 
in deforestation and a stronger increase in nightlight intensity.

One potential concern is that our deforestation proxy may not 
exclusively capture forest clearings, but could also include other land 
use changes misclassified as vegetation formation. This could put an 
additional burden of proof on the causal interpretation of our results. 
To further assess the robustness of our findings, we re-estimate our 
models using the land cover data from MapBiomas (Souza et al., 2020) 
and the Hansen et al. (2013) dataset. The results appear in Table  2, 
panels A and B, respectively. Although all three datasets use a 30-m 
pixel resolution, the estimated coefficients are not directly comparable: 
whereas our dataset captures primary and secondary forest clearings 
plus suppression of all other natural ecosystems, MapBiomas focuses 
on primary and secondary forests and Hansen et al. (2013) tracks 
only primary forest loss. Furthermore, by construction, our data set is 
internally consistent with respect to the allocation of pixels occupied 
by oil palm plantations over time. In contrast, MapBiomas and Hansen 
et al. (2013) did not have the precision of the oil palm plantations as 
their main focus. Therefore, because we combine our oil palm data with 
theirs, the results should be interpreted with caution.

The results using the MapBiomas dataset are qualitatively the same 
as those in Table  1: oil palm plantations are negatively associated with 
the probability of degradation of natural ecosystems. The same is true 
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Table 1
Impact of oil palm expansion on deforestation and nightlights.
 Logit Logit-IV Logit-IV Scobit-IV Scobit-IV
 (1) (2) (3) (4) (5)  
 Panel A: Deforestation  
 A1: 2014–2020  
 Oil palm expansion 2.5493∗∗∗ −1.2151 −64.5701∗∗∗ −1.2151 −35.3095∗∗∗ 
 (0.1071) (2.0875) (4.9709) (2.0819) (7.1457)  
 P (D = 1|� = 1) − P (D = 1|� = 0) 0.4070 −0.0639 −0.4285 −0.0639 −0.2141  
 A2: 2014–2017  
 Oil palm expansion 2.5648∗∗∗ 1.356 −80.268∗∗∗ −1.3571 −75.0395∗∗∗ 
 (0.1031) (2.4036) (5.4925) (2.4106) (15.7595)  
 P (D = 1|� = 1) − P (D = 1|� = 0) 0.4008 −0.1739 −0.4745 −0.1379 −0.2189  
 OLS IV IV  
 (1) (2) (3)  
 Panel B: Nightlights  
 B1: 2014–2020  
 Oil palm expansion −0.0061 0.6543∗∗∗ 0.4319∗∗∗  
 (0.0050) (0.0990) (0.1870)  
 B2: 2014–2017  
 Oil palm expansion −0.0025 0.8941∗∗∗ 0.4373∗  
 (0.0026) (0.1488) (0.2492)  
 Geographic Yes No Yes No Yes  
 Yield potential Yes No Yes No Yes  
 Socioeconomic Yes No Yes No Yes  
 Observations 25,960,117 25,960,117 25,960,117 25,960,117 25,960,117  
Notes: Panel A reports results for deforestation, Panel B for nightlight. Subpanels A1/B1 refer to oil palm expansion from 2014–2020, while 
A2/B2 refer to 2014–2017. All regressions include robust standard errors clustered by 10 × 10 km grid cells. Columns (1) to (5) correspond to 
distinct model specifications. P (D = 1|� = 1) − P (D = 1|� = 0) is the marginal effects that correspond to changes in predicted probability when 
a pixel is converted to oil palm versus not.

Table 2
Robustness checks using (Hansen et al., 2013) and MapBiomas datasets.
 Logit Logit-IV Logit-IV Scobit-IV Scobit-IV
 (1) (2) (3) (4) (5)  
 Panel A: MapBiomas  
 A1: 2014–2020  
 Oil palm expansion 0.2269 −10.6854∗∗∗ −4.0763∗∗∗ −10.6831∗∗∗ −4.0412∗∗∗  
 (0.1712) (3.4393) (1.1196) (3.3890) (1.1172)  
 P (D = 1|� = 1) − P (D = 1|� = 0) 0.0130 −0.0846 −0.0635 −0.0845 −0.0633  
 A2: 2014–2017  
 Oil palm expansion −0.0501 −16.7344∗∗∗ −5.2460∗∗∗ −16.7304∗∗∗ −5.1980∗∗∗  
 (0.0585) (4.3994)) (1.4259) (4.3254) (1.4366)  
 P (D = 1|� = 1) − P (D = 1|� = 0) −0.0018 −0.0735 −0.0474 −0.0735 −0.0473  
 Panel B: Hansen  
 B1: 2014–2020  
 Oil palm expansion 0.1519∗ −17.3216∗∗∗ −0.0488 −17.3148∗∗∗ −1.7466∗∗  
 (0.0915) (3.6604) (0.9667) (4.0135) (0.8796)  
 P (D = 1|� = 1) − P (D = 1|� = 0) 0.0188 −0.2507 −0.0056 −0.2506 −0.1206  
 B2: 2014–2017  
 Oil palm expansion 0.0599 −35.3821∗∗∗ −2.4772 −33.9771∗∗∗ −1.0278  
 (0.1026) (5.4976) (1.5459) (4.7820) (1.4831)  
 P (D = 1|� = 1) − P (D = 1|� = 0) 0.0046 −0.2600 −0.3859 −0.2688 −0.0545  
 Geographic Yes No Yes No Yes  
 Yield potential Yes No Yes No Yes  
 Socioeconomic Yes No Yes No Yes  
 Observations 25,960,117 25,960,117 25,960,117 25,960,117 25,960,117 
Notes: Panel A reports deforestation regressions using annual land cover data from MapBiomas, while Panel B uses forest loss data from 
Hansen et al. (2013). Subpanels A1/B1 and A2/B2 refer to oil palm expansion between 2014–2020 and 2014–2017, respectively. All 
regressions include robust standard errors clustered by 10 × 10 km grid cells. Columns (1) to (5) represent different model specifications. 
P (D = 1|� = 1) − P (D = 1|� = 0) is the marginal effects that correspond to changes in predicted probability when a pixel is converted to oil 
palm versus not.
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for the results using data from Hansen et al. (2013), except that the 
coefficients are less precisely estimated when we include covariates 
in the regression. Subject to the caveats discussed in the previous 
paragraph, the results from the Hansen et al. (2013) dataset suggest 
that oil palm plantations may have contributed not only to reduced 
forest loss overall, but more specifically to a decline in deforestation 
within biodiversity-rich primary forests.

6. Conclusion

Palm oil is the most consumed vegetable oil in the world and a 
potentially important element of a transition to low-carbon energy. At 
the same time, it has been associated with large-scale deforestation, 
ecosystem degradation, and loss of biodiversity in tropical forests, 
especially in Southeast Asia. The strategic importance of palm oil and 
ecosystem preservation for a cleaner economy has led the Brazilian 
government to design policies to promote oil palm plantations on 
already degraded lands and without causing deforestation. This is an 
especially sensitive issue in the Brazilian Amazon, where development 
opportunities for the local population are much needed and biodiversity 
along with ecosystem services can hold an important key to a modern 
economy.

As a consequence of national palm oil policies, the eastern Amazon 
region has consolidated itself as the main and fastest growing producer 
of oil palm in Brazil in recent years. This paper assesses the broader 
impacts of palm oil promotion in an area concentrating more than 70% 
of Brazilian oil palm plantations. More specifically, we investigate the 
impact of oil palm on local deforestation and economic activity. To 
do so, we tackled two challenges for policy evaluation in this specific 
context: the scarcity of high-quality data on the location of oil palm 
plantations; and endogeneity bias likely to plague the estimation of 
causal effects of oil palm on deforestation and the economy. We address 
the data scarcity problem by integrating optical imagery from Landsat 
−8 and radar imagery from Sentinel-1 in machine learning models to 
produce a more accurate map for oil palm plantations. The accuracy of 
palm oil classification reached 94.53% in 2014 and 95.53% in 2020. 
These results surpass those of similar studies that mapped oil palms 
in the eastern Amazon without integrating optical and radar data. Our 
results indicate that most of the oil palms planted between 2014 and 
2020 occurred in already occupied areas and therefore within the scope 
of national policies. However, more than 20% of the crop expansion 
occurred in forest areas. In addition, we also observed significant 
deforestation in the region, which could also be indirectly attributed 
to oil palm growth through the displacement of consolidated pastures.

Our findings indicate that oil palm expansion is causally associated 
with a lower probability of deforestation, challenging the prevailing 
narrative that plantations inherently accelerate forest loss. Using an 
instrumental variable strategy based on agroecological suitability, we 
estimate that deforestation is approximately 21 percentage points less 
likely in areas converted to oil palm. This suggests that, under appro-
priate conditions, expansion may crowd out rather than intensify local 
land-use pressure.

These observed patterns appear to be driven by a combination of 
institutional and economic mechanisms that increase the opportunity 
cost of deforestation. In addition to crowding out more harmful land 
use alternatives, plantations seem to rely on formal contracts that tend 
to depend on formal land rights (as opposed to illegally deforested land) 
and generate economic spillovers that promote less land-dependent 
activities. In fact, we also observed a shift in local economies toward 
more urban and less land-intensive activities, as reflected in increased 
nighttime light intensity, suggesting broader structural changes in eco-
nomic composition and land use dynamics. Although these processes 
merit further empirical investigation, they point to the need for a 
more integrated understanding of agricultural expansion in tropical 
regions embedded within spatial, institutional, and general equilibrium 
dynamics.

From a policy and supply chain perspective, the results indicate 
that efforts to promote oil palm cultivation in already degraded areas 
of the Brazilian Amazon have been relatively successful. However, 
the fact that a non-negligible share of plantations still replaced natu-
ral ecosystems, combined with the expected expansion of the sector, 
reinforces the importance of targeted monitoring. Strengthening the 
oversight of the palm oil value chain is essential not only for forest 
protection but also for maintaining access to increasingly regulated 
international markets, including those governed by zero-deforestation 
rules in the European Union and the United Kingdom. In this context, 
our monitoring approach may serve as a tool for due diligence, helping 
producers demonstrate compliance with global sustainability standards. 
More broadly, a well-regulated expansion offers a pathway to align 
rural development with the preservation of natural capital and the 
promotion of long-term ecological and economic resilience.
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Appendix

A.1. Remote sensing

The increasing availability of satellite images with high spatial, tem-
poral, and spectral resolution, and in low-cost monitoring techniques, 
have facilitated their application in economic and environmental anal-
ysis (Donaldson and Storeygard, 2016; Weiss et al., 2020). Remote 
sensing allows you to analyze objects on the Earth’s surface without 
physical contact, being basically of two types: active and passive. 
Passive sensors are normally optical, capturing the electromagnetic 
reflectance of targets while active sensors, such as radar and LIDAR, 
emit their signals and capture the backscatter effects. Remote sensing 
data has four types of resolution: (i) – spatial (pixel size); (ii) – tem-
poral (image frequency); and (iii) – spectral (electromagnetic spectrum 
bands); (iv) radiometric (sensitivity).

In this paper, we combined optical images from Landsat-8 and radar 
images from Sentinel-1 from which we extract features to perform 
the classification. We then collect training and testing samples, with 
the most relevant variables selected in the training stage. Finally, we 
validated our model on the test sample and used it for classification 
and mapping.
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A.1.1. Images selection and composition from Landsat-8 and Sentinel-1
First, we selected Landsat-8 and Sentinel-1 images to compose the 

database and then mask the clouds based on the ‘‘pixel_qa’’ quality 
band, whose pixel value (322) has no such interference. Next, we 
composite the annual images with the median pixels from thecol-
lection on the Google Earth Engine (GEE) platform. Using annual 
composites and cloud-free images, we integrated Landsat-8 (30 m) and 
Sentinel-1 (10 m) data, standardizing the resolution at 30 m to pre-
vent artificial spatial autocorrelation. The images were pre-processed 
through GEE’s proprietary repositories, ensuring suitability for analysis 
(Gorelick et al., 2017).

A.1.2. Feature selection and extraction
From Landsat-8, we used the following spectral bands: (i) – blue; 

(ii) – green; (iii) – red; (iv) – infra-red. These spectral information cap-
ture important biophysical relationships. For example, the vegetation 
biomass is related to the red band - which captures photosynthetic 
efficiency - and the near-infrared band - identifies the accumulation 
of biomass. In this context, it is common to use vegetation indices that 
relate the spectral information captured by the sensors to the health, 
development, and phenological stages of the vegetation.

From Sentinel-111 we use the dual-polarized C-band: (i) – VV single 
co-polarization (vertical transmit/vertical receive) and (ii) – dual cross 
polarization VH (vertical transmit/horizontal receive). Sentinel-1 cap-
tures information from the Earth’s surface at a time-frequency of 6 days 
considering the equator and at decreasing intervals as it moves towards 
the poles.

Vegetation backscatter values are primarily influenced by leaf an-
gle, size, and water content, while soil backscatter reflects moisture 
levels and surface roughness. Additionally, these indices capture above-
ground biomass and the three-dimensional structure of the soil-canopy 
complex. Beyond its ability to penetrate cloud cover, Sentinel-1’s Syn-
thetic Aperture Radar (SAR) provides complementary electromagnetic 
information, enabling the identification of distinct crop development 
characteristics. Consequently, integrating optical and radar sensors 
significantly enhances classification accuracy (Meroni et al., 2021).

We also generate a linear spectral model of the Anthropogenic land 
fraction and the oil palm fraction with the Landsat images to reduce the 
confusion between these two classes, and between oil palm and forest 
areas. The spectral mixing model separates the spectral signatures of 
different materials contained in a pixel, resulting in components that 
are called endmembers, which in practice are pure pixels of a target on 
the earth’s surface (Somers et al., 2011).

Next, we calculated vegetation and texture indices for the bands of 
the Landsat-8 images in R, using the Rtoolbox and GLCM packages. 
Vegetation indices are obtained from arithmetic operations between the 
different bands of remote sensing images to capture vegetation growth 
and structure, as well as soil characteristics and other information 
related to vegetation development and health. In particular, we calcu-
lated the following vegetation indices: (i) – Difference Vegetation Index 
(DVI); (ii) – Ratio Vegetation Index (RVI); (iii) – Greenness Index (GI); 
(iv) – Normalized Difference Vegetation Index (EVI); (v) – Enhanced 
Vegetation Index (EVI); (vi) – Soil-Adjusted Vegetation Index (SAVI). 
Among them, it is worth mentioning: (i) – NDVI, combines information 
from the red and infrared bands to capture the biomass, however, it 
presents saturation from a certain level; (ii) – EVI, combines blue, red, 
and infrared to correct atmospheric interference and thus reduce NDVI 
saturation; (iii) – GCVI, near-infrared and green to capture chlorophyll 
concentration to identify nutritional deficit.

Finally, we also computed texture indices from the spectral bands 
of Landsat-8 using the gray-level co-occurrence matrix (GLCM), which 

11 For more information about the state of the art on radar images and their 
applications, see Sano et al. (2020).

captures key geometric patterns essential for accurate class discrim-
ination. In particular, we calculated the following characteristics of 
GLCM with a 7x7 moving window: (i) – Contrast; (ii) – Angular Second 
Moment (ASM); (iii) – Correlation; (iv) – Entropy. According to Xu 
et al. (2021), these additional information is essential to improve the 
classification of oil palm due to its unique geometric characteristics. We 
also used Sentinel-1 images to calculate three indicators from the SAR 
backscattering values : (i) – ratio (VV/H); (ii) – difference (VV-VH); (iii) 
normalized difference (NDI) – (VV-VH)/(VV+VH). The effort resulted 
in 19 variables that was used to train the classification algorithms.

A.1.3. Sampling process
To detect and map oil palm plantations, we collected a training sam-

ple of 6,194 observations through visual interpretation of Landsat-8 im-
ages. Samples were categorized into three classes: Natural vegetation, 
Anthropogenic land, and Oil Palm. Natural vegetation includes primary 
forests and secondary vegetation, while Anthropogenic land encom-
passes areas altered by human activity, such as urban infrastructure, 
agriculture, pasture and roads.

Sampling followed a random selection approach, yielding the fol-
lowing distribution (in pixels): Natural vegetation (3,330), Oil Palm 
(1,564), and Anthropogenic land (1,300). The dataset was validated 
using high-resolution Google Earth imagery. Finally, we randomly split 
the sample into 80% for training and 20% for testing to ensure model 
robustness.

A.2. Machine learning

The primary goal of Machine Learning12 is to develop models 
for prediction or classification. Unlike traditional statistical methods, 
which emphasize asymptotic theory and causal inference, Machine 
Learning prioritizes predictive and classification accuracy. There are 
two main approaches: supervised and unsupervised learning. In this 
study, we employed supervised algorithms to classify remote sensing 
data, assigning land cover classes to each pixel. To determine the most 
effective method, we tested five complementary algorithms: K-Nearest 
Neighbors (KNN), Artificial Neural Networks (ANN), Decision Trees 
(DT), Support Vector Machines (SVM), and Random Forests (RF).

To implement this approach, the model is first trained to minimize 
misclassification while avoiding overfitting. This requires splitting the 
dataset into two subsets: one for training and another for testing. 
The testing sample is then used to evaluate the model’s classification 
accuracy. To reduce potential bias, we applied sampling techniques, 
allocating 80% of the data for training and 20% for testing.

To check the robustness of the results, we use a k-fold cross-
validation method, with 5-fold, to ensure that the testing data rep-
resents our data sample. This technique splits the data sample into 
k chunks and creates, for each chunk, a training and testing sample 
and estimates the model. Then, it takes the average of the k predicted 
errors from each chunk. In other words, the k-fold cross-validation 
enables to access the potential classification variation due to sampling. 
Next, we adopted the Recursive Feature Elimination (RFE) method, a 
feature selection technique that iteratively removes the least important 
variables to enhance model performance. RFE trains a model, ranks 
feature importance, eliminates the weakest predictors, and repeats this 
process until the optimal subset is identified. This approach improves 
accuracy, reduces dimensionality, and mitigates overfitting.

Then, we compare the classification results by applying the trained 
model to the test sample to obtain the performance of the estimations in 
a sample that was not used in the training. Finally, we compared each 
classification algorithm based on the classification’s overall accuracy 
level and the Kappa coefficient.

12 See Burger (2018) for a general overview of Machine Learning algo-
rithms, Kamusoko (2019) for remote sensing applications, and Holloway and 
Mengersen (2018) for agricultural and environmental studies.
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A.3. Post-classification processing

After classification, we applied a 7×7 spatial mode filter to each 
pixel to reduce the salt-and-pepper effect, a common issue in pixel-
based classifications where isolated misclassified pixels introduce noise 
and fragmentation in the image. This effect occurs because pixel-wise 
classification ignores spatial dependencies, leading to inconsistencies 
in neighboring pixels (Liang et al., 2021). To address this, we used 
the spatial mode filter from the raster package in R, which assigns 
each pixel the most frequent class within its surrounding window. This 
process enhances spatial coherence and improves the overall accuracy 
of the classification.

Then, we performed a manual reclassification of palm oil areas 
based on visual interpretation, considering their geometric character-
istics, color, texture, and spatial patterns. This step was necessary to 
correct residual misclassified pixels within palm oil cultivation areas 
that were not fully addressed by the spatial mode filter. The validation 
and adjustment process was conducted using high-resolution imagery 
from Google Earth, allowing for a more detailed comparison between 
the classified map and actual land cover. Common misclassifications 
included small patches of Anthropogenic land or vegetation being 

labeled as oil palm and vice versa, often due to spectral similarities or 
transitional land cover conditions. By refining the classification through 
expert visual assessment, we minimized classification noise, improved 
spatial coherence, and enhanced the overall accuracy of the final land 
cover map, ensuring a more precise and reliable delineation of oil palm 
plantations.

Finally, we identify land use and land cover transitions between 
our classes at the pixel level using the OpenLand package in R, which 
quantifies temporal changes in landscape composition. This method 
compares categorical land cover maps from different periods, gener-
ating transition matrices that measure the area or percentage of land 
shifting from one class to another (e.g., forest to palm oil). By assessing 
the extent, direction, and patterns of change, this approach provides a 
detailed understanding of land use dynamic.

A.4. Results

Table 3
Machine learning algorithm performance.
 Algorithm Overall Accuracy
 2014 2017 2020  
 K-Nearest Neighbor 92.54% 94.61% 93.87% 
 Artificial Neural Network 89.84% 83.51% 78.44% 
 Decision Tree 86.50% 84.34% 86.74% 
 Support Vector Machine 94.03% 94.20% 93.29% 
 Random Forest 94.53% 94.28% 95.53% 
 Algorithm Kappa Coefficient
 2014 2017 2020  
 K-Nearest Neighbor 0.8737 0.9088 0.8956  
 Artificial Neural Network 0.8284 0.7201 0.6313  
 Decision Tree 0.7678 0.7305 0.7707  
 Support Vector Machine 0.8993 0.9022 0.8867  
 Random Forest 0.9075 0.9031 0.9239  
Source: Prepared by the authors.

Table 4
First-stage results: Predicting palm oil expansion.
 Logit (1) Logit (2) Scobit (3) Scobit (4)  
 Period: 2014–2020
 Palm Oil Yield −0.00004*** 0.00053*** −0.000043*** 0.00055***  
 (0.0000001) (0.00002) (0.0000001) (0.00002)  
 Period: 2014–2017  
 Palm Oil Yield −0.00004*** 0.00079*** −0.000039*** 0.00080***  
 (0.0000001) (0.00002) (0.0000001) (0.00002)  
 Geographic No Yes No Yes  
 Yield potential No Yes No Yes  
 Socioeconomic No Yes No Yes  
 Observations 25,960,117 25,960,117 25,960,117 25,960,117 
Notes: This table presents first-stage logit and scobit regressions results predicting palm oil 
expansion. The instrument is the palm oil potential yield. The first block refers to the period 
2014–2020; the second to 2014–2017. Coefficients marked with*** are significant at the 1% level. 
Robust standard errors shown in parentheses.
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Fig. 4. Confusion matrices for the test sample.

Fig. 5. Features – importance for the RF classification.

Fig. 6. Classes total area in km2.

Data availability

Data will be made available on request.
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