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Abstract

How does the rapid establishment of a large-scale refugee camp affect competition
for land and, consequently, local land cover? I examine this question in Bangladesh
using high-resolution Dynamic World data (2016-2023) on Cox Bazar, a district
hosting the largest refugee camp in the world. The analysis focuses on areas within
0–5 km of camp boundaries, using propensity score matching to define counterfactu-
als and a difference-in-differences event study framework to estimate impacts. The
2017 Rohingya refugee influx and related camp expansions reduced forest cover
by 4.6 percentage points by 2019, but forests partially recovered in subsequent
years. Settlement cover grew steadily, reaching 3.7 points in 2022. Results are
robust across multiple specifications. Heterogeneity analysis shows that effects are
strongest near the Kutupalong expansion site. Early forest losses were likely driven
by biofuel extraction, while recoveries may reflect LPG cookstove programs, fencing,
or both. Increases in nighttime lights indicate that settlement expansion reflects
local economic growth following camp establishment.
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1 Introduction

In late 2017, the Cox Bazar district of Bangladesh experienced a rapid influx of

refugees. Rohingya peoples of Myanmar, driven from their villages by targeted mili-

tary and extremist violence, crossed the border into Bangladesh in pursuit of asylum.

In just a few months, over 700,000 Rohingya made this crossing, and new refugee camp

areas rapidly emerged in the district. Today, these camps are among the largest and most

overcrowded in the world, with the largest encampment area hosting a population density

exceeding that of Dhaka, one of the most densely populated cities on the planet.

Since the first months of the 2017 arrival, media outlets, UN agencies, and the Gov-

ernment of Bangladesh have expressed concerns over the environmental impacts of this

population influx. In heavily deforested Bangladesh, the districts of the Chittagong divi-

sion (where Cox Bazar is located) are home to much of the country’s remaining in-tact

forests. Weeks after the influx began, local media outlets expressed concerns about the

role of biofuel harvesting in driving forest losses in the camp areas. For example, an

October 2017 article from Radio Free Asia reported that refugees had already cut down

over one million trees for energy and shelter materials (BenarNews, 2017). These claims

echo broader conjecture about the environmental impacts of refugee camps. For example,

the United Nations High Commissioner for Refugees (UNHCR) claims that 20-25 million

trees are cut down in and near refugee camps globally each year and that 90% of this har-

vest is used for fuelwood consumption (UNHCR, 2022). These figures are not supported

by publicly available evidence.

The objective of this study is to use high-resolution geospatial data in combination

with causal inference methods to estimate the local land use/land cover (LULC) impacts

of refugee encampment. Using 10-meter Dynamic World LULC data, in combination with

a matching difference-in-differences event study methodology, I examine the impact of the

late 2017 Rohingya population influx on land cover characteristics. I use the area 0-5 km

outside of camp boundaries as the treatment area because this is where agglomeration

effects d’Errico et al. (2022); Taylor et al. (2016) and refugee biofuel harvesting are most
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likely to manifest. To avoid contamination of the control group, I omit areas> 5 km and

� 20 km from a camp boundary.

I examine heterogeneity by protected area status, and I also estimate the results

restricting the treated area to the 0-5km area in the vicinity of the Kutapalong Expansion

Site, which hosts the largest refugee population. To evaluate the robustness of my �ndings,

I repeat my estimation procedure using an alternative treatment group de�nition (0-

10 km), using an adjacent district as my comparison area for matching, and omitting

a politically dissimilar subdistrict from my sample. I explore mediating factors using

secondary information on contemporaneous interventions, as well as an analysis of how

the camps in
uence nighttime light radiance.

My inclusion of a robust identi�cation strategy distinguishes this work from most

of the recent e�orts to examine Rohingya refugee-associated forest losses in Cox Bazar.

Past research largely uses geospatial data and simple before-after comparisons to examine

changes, directly assuming that any change in characteristics must be directly due to

refugee activity (Hasan et al., 2021; Rahman et al., 2018; Sarkar et al., 2023). My study

is an o�shoot of Dampha et al. (2022), which used four years of Landsat data to predict

a broad LULC classi�cation for the district and applied discrete cuto�s to de�ne both

treatment and control areas as part of a DID estimation strategy. I improve upon this

work by using a spatial data source with less measurement error for the region1. I also

use matching methods to improve on the robustness of the counterfactual sample and its

trends.

Following Dampha et al. (2022), Rozo et al. (2024) conducted an analysis that includes

a brief evaluation of forest cover and nighttime lights in relation to proximity to refugee

camps. My study extends this line of research through its speci�c focus on the local

area immediately adjacent to the camps, rather than the broader regional trends. In

addition, I use a higher resolution LULC product, which helps mitigate known sources

of measurement error in lower resolution global products such as Hansen's Global Forest

1Further assessment demonstrated considerable measurement error in the data used by Dampha et al. (2022), with settle-
ment cover particularly over-estimated, including in regions in which cross-checking revealed no shelters. Another issue
is that these LULC maps do not distinguish between forest and non-forest vegetation: the clearing of these di�erent
vegetation types have di�erent implications. Please contact the author if you would like to see comparison maps that
further demonstrate the higher representativeness of the Dynamic World data. The results of this cross-checking are not
included in the present study.
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Watch, including the misclassi�cation of deforestation events (Alix-Garcia and Millimet,

2023). I also rely on masked annual VIIRS nighttime lights rather than the harmonized

DMSP-VIIRS product, in order to capture �ner-grained variation in low-radiance settings.

This is particularly important in this context, where average radiance in the district overall

in 2017 was just 0.21, and rounding in the harmonized product could obscure meaningful

di�erences2.

In the local area 0-5 km outside of camps, I �nd that following the August 2017

population in
ux and resulting camp creation, forest cover declines by 4.6 percentage

points (p.p.) by 2019. Forest cover then shows signs of marginal recovery that may be

related to a 2019 refugee-targeting LPG cookstove rollout or the 2019-2020 enclosure of

the camps in fencing. The same pattern of loss and recovery is discernible in protected

areas, though the magnitude of the e�ect is smaller. From 2018 to 2023, settlement cover

continually expands throughout the region, with a measured increase of 3.7 p.p. by 2022.

This settlement expansion corresponds with large and signi�cant increases in mean night

light radiance, highlighting the role of economic growth in stimulating land cover change.

The settlement expansion also corresponds with descriptive evidence of Bangladeshi in-

migration and economic expansion in response to camp openings (Filipski et al., 2021).

My results are robust to alternative speci�cations and are more pronounced in the areas

near the Kutapalong Expansion Site.

To date, our understanding of how refugee camps in
uence environmental outcomes

remains limited. There are two papers that use causal inference techniques to examine

this question, and both focus on camps across sub-Saharan Africa (SSA). Maystadt et al.

(2020) use low-resolution spatial tiles to examine changes in land cover attributes in

response to camp openings. They �nd that the conversion from forest to agriculture

rises after camps open, but the treatment tile's vegetation density marginally improves in

response to camps. Salemi (2021) uses high resolution spatial data to examine forest cover

responses to camp openings in areas directly adjacent to camps. She �nds that refugee

camp openings have no economically signi�cant e�ect on forests across the subcontinent.

Together, these studies suggest that while the agricultural agglomeration e�ect associated

2The harmonized product reports radiance in whole numbers, which can underrepresent variation in rural, lower-income
settings where small changes matter.
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with camps may be extensive, camps have little forest cover impact in their immediate

vicinity.

But these �ndings may not be externally valid. Refugee camp areas in SSA tend to be

characterized by high land availability and lower population densities. The muted local

results may be explained by a sustainable supply of biofuel inputs for local communi-

ties and refugee populations. Cox Bazar provides us with an opportunity to consider a

di�erent context: one of high population density and binding land constraints.

The remainder of this paper is as follows. Section 2 lays out the theoretical channels

through which refugee camp establishment may a�ect land cover. It describes both the

direct and indirect e�ects that may occur locally or regionally. In Section 3, and in the

framing sections that follow, I draw additional information from the Cox Bazar Panel

Survey (CBPS) 2019 wave (Baird et al., 2021) to provide additional insight into the

characteristics of the encampment region. Next, Section 3 provides background on the

Rohingya peoples, the 2017 displacement event, and the humanitarian response in Cox

Bazar. Section 4 introduces the land cover classi�cation data I use in this study, describing

all data cleaning and presenting descriptive changes over time. In Section 5 I introduce the

methodological approach, and I report �ndings from my main assessment, heterogeneity

analysis, and robustness checks in Section 6. I o�er concluding remarks in Section 7.

2 Refugee camps and land cover change

The topic of refugee camp-associated environmental change gained academic attention

in the 1990s. Scholars at the time debated whether refugees are \exceptional resource

degraders" due to their lack of land tenure, extreme poverty levels, and uncertainty

regarding their time at a given location (Jacobsen, 1994). To date, there is no strong

empirical evidence to support the idea that displaced people have characteristics that

lead them to degrade landscapes faster than others (Black, 1998; Black and Sessay, 1999;

Kibreab, 1997).

Instead, I propose a means of thinking about refugee-associated land cover change

that manifests directly (due to refugee activities) or indirectly (due to changes in local
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market demand). Indirect e�ects include that are expected to occur locally (in the area

adjacent to the camp) and regionally (in areas relatively far from the camps).

The primary method through which refugees may directly a�ect local land cover is

through NTFP extraction, including fuelwood and shelter materials. The latter will par-

ticularly be the case when humanitarian service providers do not supply refugees with

shelter or energy inputs. While refugee activities may directly in
uence regional land

cover changes in contexts of free mobility, this is unlikely to occur in Bangladesh, where

refugees who arrived after 1992 do not have the right to leave encampment areas (Sec-

tion 3). Indirect e�ects may manifest locally or regionally. The �rst indirect causal

channel is related to economic growth. Refugees are consumers who leverage credit, sav-

ings, and wages (including income earned working, despite prohibitions) to consume in

local markets. Refugees also sell portions of their in-kind aid basket to diversify consump-

tion (Betts et al., 2017). Camp management (frequently overseen by UNHCR and the

host government) is also labor-intensive, and jobs related to service delivery and security

in
uence demand for native labor.

Camp-stimulated boosts in market demand have been demonstrated using nighttime

lights (Alix-Garcia et al., 2018), and market assessments have revealed signi�cantly higher

prices for food items outside of the in-kind aid basket, a sign of increased demand mediated

by humanitarian aid provision (Alix-Garcia and Saah, 2010). Descriptive results from the

areas near Cox Bazar camps additionally provide evidence of increased business activity

adjacent to camps (Filipski et al., 2021).3.

In response to higher demand, increased economic production may come at the ex-

pense of local forest cover, which is drawn on as a production input or cleared to make

way for brick-and-mortar establishments. Increased demand for food will likely lead to

agricultural intensi�cation. While augmented demand may in
uence forest-to-agriculture

conversions close to the camps, results from Maystadt et al. (2020) and Salemi (2021)

suggest that such conversions may take place at a regional level.

3Filipski and colleagues' survey data from business owners closer to and further from the Rohingya refugee camps found
that 26% of Bangladeshi business owners operating on the periphery of the camps had started their business after the
2017 Rohingya large-scale arrivals. This is a considerably higher share than the authors �nd among Bangladeshi business
owners further from camps, 10% of whom started their operations after August 2017.
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The second channel through which refugee camps may indirectly a�ect land cover

relates to in-migration. Job creation and economic activity may pull hosts towards camp

areas, where they settle close to markets and jobs. Filipski et al. (2021) provides descrip-

tive evidence that supports this theory4. Representative household data from the CBPS

2019 additionally shows a marginal increase in the share of the Bengali population near

camps who arrived after the refugee population arrival (Figure A1)

3 Background

3.1 The Rohingya people in Myanmar

The Rohingya ethnoreligious group is a minority population from Myanmar concentrated

in Rakhine State (Figure 1). Rakhine corresponds to the historic Arakan region, which

the Rohingya people consider their homeland. The Rohingya population is predominately

Muslim, are of Indo-Aryan ethnicity (like Bengalis), and their language is a variant of

Bengali (Blakemore, 2019).

After Burma gained independence in 1948, the Rohingya people were considered citi-

zens as part of an inclusive constitutional framework, though the Burmese national gov-

ernment largely sidelined minority groups from political leadership (Farzana, 2017). In,

1982 the Burmese Citizenship Law o�cially stripped the majority of the Rohingya of

their citizenship, excluding the Rohingya minority from the taxonomy of ethnic groups

considered citizens in Myanmar (Farzana, 2017).

Since independence, there have been multiple periods of large-scale Rohingya dis-

placement from Myanmar. Secondary accounts usually focus on intense violence in 1978

and 1991-1992. In both episodes, tens of thousands of Rohingya refugees were forced to

seek asylum in Cox Bazar (Ullah, 2011). While these moments of large population dis-

placement garner considerable attention, smaller-scale displacement of Rohingya asylum-

seekers to Bangladesh has also occurred rather continuously over time, as households

faced violence, persecution, extortion, and forced labor at the hands of Myanmar's mili-

4The authors �nd that 8% of Bangladeshi business owners operating within or near camp areas had moved their residence
to the camp periphery after August 2017.
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Figure 1: Contextual map of Bangladesh

Notes: Map produced by author using publicly available spatial data of administrative divisions.

tary (the Tatmadaw) or aligned extremist groups (Human Rights Watch, 2000; Ibrahim,

2016).

It is di�cult to estimate the population size of the Rohingya refugees in Cox Bazar

at the eve of the 2017 displacements. Many of those who 
ed to Bangladesh in earlier

years were repatriated back to Myanmar, in some cases only to be displaced again when

conditions worsened (Ullah, 2011). From Bangladesh, others have 
ed to southeast Asia

by sea (Aung et al., 2015). It is generally believed that about 200,000 Rohingya refugees

resided in Cox Bazar - either in planned camps, makeshift camps, or among host commu-

nities - shortly before the most recent population in
ux (Parnini et al., 2013; Tay et al.,

2018).

3.2 Cox Bazar, Bangladesh

Cox Bazar is a district in southeastern 's Chittagong division Figure 2. The district is not

a particularly large area, at only about 213,639 ha (2,136.39 km2), roughly the size of the

7



US state of Rhode Island. Cox Bazar has a subtropical climate: its December-February

dry season is followed by increasingly hot and wet temperatures, culminating in a summer

monsoon period. The local terrain is best characterized as low-lying, hilly, and swampy.

The district is known for its natural areas, with relatively high levels of forest cover and

large swaths of the landscape designated as protected areas (national parks or wildlife

sanctuaries). Figure 2 shows the protected area locations in the district.

As of the 2022 Census, there are approximately 2.8 million residents of Cox Bazar,

excluding those living in camps (Bangladesh Bureau of Statistics, 2023). The 2022 Census

�gures represent a 27% increase in the non-encamped population since 2011(Bangladesh

Bureau of Statistics, 2014). Excluding the encamped population, the current population

density is on average about 1,300 persons per km2.

3.3 2017 displacement and emergency period

Violence targeting the Rohingya people began in 2016 and intensi�ed in 2017. The

UN human rights chief called the atrocities a \textbook example of ethnic cleansing"

(Nebehay, 2017). After systematic review, the U.S. government concluded that during

this period, the Tatmadaw and associated militias committed genocide (Blinken, 2022),

and the United Nations Independent Investigative Mechanism for Myanmar concluded

that the violence constituted a crime against humanity (Human Rights Council, 2022).

In October 2016, a militant group attacked three Myanmar border security posts

in Rahkine State, and nine soldiers were killed (Reuters, 2016). Under the belief that

Rohingya militias were responsible, the Tatmadaw launched a violent campaign against

Rohingya villages. According to Amnesty International, the Tatmadaw and associated

militias engaged in indiscriminate shootings and killings, rape, and sexual violence. They

arrested hundreds of Rohingya men, mainly community leaders. Amnesty's GIS analysis

con�rms that the military burned down hundreds of Rohingya homes. The Government of

Myanmar additionally banned humanitarian aid from entering Rakhine State (Amnesty

International, 2016b).

According to UNHCR, 74,000 Rohingya asylum-seekers sought refuge in Bangladesh

between October 2016 and July 2017 (Tan, 2017). Human rights organizations monitoring
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Figure 2: Maps of Cox Bazar with locations of camps, protected areas, and the capital
city

Notes: Map on left produced by author using publicly available spatial data of administrative divisions, Protected
Planet spatial data on protected areas, and camp boundaries provided by UNHCR and IOM's Inter-Sector Working
Group. Study area (shown in white) includes Cox Bazar district and adjacent Naikhongchari subdistrict in neighboring
Bandarban district. Inclusion of Naikhongchari is covered in Section 4. Map on right shows camp areas and aggregates
adjacent camps within the same \expansion site." Camps in black existed prior to the 2017 arrival of refugees and are
considered by the Bangladeshi government as \planned." Camps in light grey were created after August 2017 and are
considered by the government as \makeshift." Camp 23 is �lled in with medium grey: it opened in 2017 but closed
late 2021 (Health Sector Coordination Team, 2021).

the situation reported that Bangladeshi border security sent many back to Myanmar, in

violation of the principle of non-refoulement (Amnesty International, 2016a). Those who

did get through the border sought refuge in existing refugee encampment areas. For our

analysis, it is important to note that this involuntary migration took place during the time

window of our 2017 dry season (February) land cover composite (Section 4). But since

refugees self-settled near existing camps, any land cover modi�cations would likely have

taken place within the interiors of the later-established encampment areas. This helps to

assuage concerns about temporal misclassi�cation within the identi�cation strategy.
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On August 24th of 2017, militants attacked 30 border posts in Rakhine State and

killed 12 security o�cers. The Arakan Rohingya Salvation Army (ARSA) claimed re-

sponsibility (Reuters, 2017). In retaliation, the Tatmadaw and a�liated militias launched

another campaign of violence against Rohingya civilians, with widespread arson, killings,

and sexual violence (International, 2017). Estimates of the number of Rohingya people

killed after the August border attacks range from 9,000 to over 20,000 people (Jakes,

2022; Mohshin Habib, 2018). This period of violent persecution triggered a much larger

movement of asylum seekers across the border. Between August 2017 and January 2018,

UNHCR population monitoring suggests that approximately 688,000 Rohingya asylum-

seekers crossed the border into Bangladesh (UNHCR, 2018a). In May of 2018, UNHCR

estimated the entire Rohingya refugee population in Cox Bazar at 886,788 people, includ-

ing 720,849 refugees who had arrived since August 2017 (UNHCR, 2018c).

Thousands of the earliest arrivals sheltered in or near pre-existing camp areas, putting

pressure on services. Many thousands more sheltered in areas nearby existing camps or

brie
y lived alongside host communities. By October 6th, the Government of Bangladesh

(GoB) had already allocated 2,000 acres of land west of the existing Kutapalong Refugee

Camp for new encampments (UNHCR, 2017d). This designated land largely corresponds

with a large share of the location of the Kutapalong Expansion Site as it exists today

(Figure 2). Following this land designation, the GoB military cleared the land for human

settlement and constructed access roads. As of October 2017, these 2,000 acres were

expected to accommodate half a million refugees. The GoB allocated additional land for

camp areas over time (UNHCR, 2018b), but overcrowding in camps has persisted.

Humanitarian partners immediately mobilized but struggled to keep up with soar-

ing demand for emergency assistance. Over the course of just a few months, agencies

rapidly registered thousands of asylum-seekers as refugees, installed hundreds of tube-

wells, constructed thousands of latrines and water hand-pumps (UNHCR, 2017c), dis-

tributed thousands of tarpaulins (UNHCR, 2017d), developed emergency health supports

to combat diarrhea and malnutrition (UNHCR, 2017b), distributed critical food supplies,

and rapidly planned settlement areas in newly designated camps. Despite considerable

10



e�ort, UNHCR documentation acknowledges that many refugees remained out of reach

of emergency assistance during these months (UNHCR, 2017a).

3.4 Refugee hosting 2017 and after

Between 2017 and 2018, the areas designated for encampments were increasingly modi�ed

for human settlement. During the study period, the overall complex came to be made

up of 35 distinct camps, many of which are clustered together (Figure 2). These camps

are now the most overcrowded in the world. On average across all camps, the population

density is approximately 33,000/km2, which matches the density of Bangladesh's capital,

Dhaka5. As of 2019, the Kutapalong expansion site had a population density of 43,000

people per km2. Many of the camp areas are close to or even overlapping with protected

areas, including Inani National Park and the Teknaf Wildlife Sanctuary (Figure 2).

Aside from a very small number of refugees who arrived prior to 1992 and live in

existing, \planned" camp areas or among host communities, the overwhelming majority

of the newly arrived population (and those who sought refuge between 1992 and August

2017) have limited protected status (Filipski et al., 2021). Many are registered with UN-

HCR, protecting them againstnon-refoulementand ensuring their access to humanitarian

services. But the GoB has not registered refugees since 1992 (UNHCR, 2007), and with-

out national recognition, refugees such as the 2017 arrivals cannot legally work or own

property, and they are legally prohibited from leaving camp areas. I assume that these

restrictions are imperfectly enforced, meaning refugees had limited access to peripheral

areas. I also assume that enforcement of mobility restrictions rose over time: security

checkpoints have emerged along camp boundaries, and fencing construction around camp

boundaries began in 2019. By 2020, much of the Kutapalong expansion site was enclosed

by barbed wire fencing (Fortify Rights, 2020). CBPS 2019 data suggests that the majority

(98%) of all Rohingya people in Cox Bazar are living in a camp (Table A1).

5Using camp boundary data from the Inter-Sector Coordination Group (ISCG), I estimate the land area of the encampments
(as of 2020) at 25.5 km 2 . The CBPS 2019 data suggests that 98% of Rohingya refugees in Cox Bazar are living in camps
(Figure A1). In July 2020, the Rohingya refugee population of Cox Bazar was estimated at 860,494 people (UNHCR,
2020). Assuming 98% of these refugees are in camps, this means that in 2020, the average population density across all
camps was approximately 33,000 per km 2 . The population of Dhaka in 2022 was 10,278,882 people, and the city size is
306.4 km2 (Bangladesh Bureau of Statistics, 2022). This results in a 2022 population density estimate of about 33,500
per km 2 .
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Figure 3: Average energy consumption in previous week by energy type and distance to
the nearest camp, CBPS 2019

Notes: Weighted averages (household weights) compiled by study team using Cox Bazar Panel Survey (CBPS)
2019 data. Distance to nearest camp is based on non-linear travel distance. Study team converted various units
of measurement for �rewood and LPG gas into kg and liters, respectively. Because 98% of Rohingya refugees
live in camp areas and very few Bangladeshis live within camp boundaries, observations within camps can be
assumed to be refugee observations and out-of-camp observations re
ect the consumption of non-refugees.

UNHCR and its partners have made considerable e�orts to address cooking fuel de-

mand in the camp areas. As early as November 2017, UNHCR began distributing crop

residues to households for use with traditional stove technologies (UNHCR, 2017a). In late

2018, UNHCR launched an ambitious improved cooking technology drive. By December

2019, 112,188 households in refugee camps received a liquid petroleum gas (LPG) stove

(UNHCR, 2019). Household data from 2019 demonstrates the stove rollout's impacts

on energy consumption (Figure 3). Gas consumption is the highest among households

within refugee camps (10.9 liters in previous 7 days). Areas near camps exhibit declining

consumption of LPG energy, which speaks to limited e�orts by UNHCR and its partners

to deliver stoves to host households. Despite the high amounts of LPG usage in camps,

�rewood consumption remains an important source of fuel among encamped households.

Past energy pro�ling suggests that households still consume �rewood to satisfy energy

demand when their LPG canisters run out of gas, which often occurs before the household

is eligible for a free re�ll (UNHCR and WFP, 2021).
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For encamped refugees, most gas consumption comes from in-kind transfers. And as

of 2019, a large share (65%) of the �rewood refugees consumed was acquired in markets

(Figure A2). But refugees still extract �rewood from the landscape, with 28% of fuelwood

consumption obtained from harvesting. The share of �rewood sourced from the landscape

may have fallen since 2019, given the construction of fencing. Outside of camps, however,

the share of �rewood extracted from the landscape was considerably higher (57% in areas

within 15 km travel distance from camp boundaries, and 66% in areas 16-20 km from

camps).

Descriptive evidence points to a marginal increase in Bangladeshi in-migration near

camps after their opening. The CBPS 2019 data suggest that 9 percent of Bangladeshis

living 0-10 km travel distance from a camp boundary settled in the area after August 2017

(Figure A1). Between 10 and 25 km from the nearest camp, the percent of Bangladeshis

who arrived after the 2017 declines. These statistics mirror �ndings in Filipski et al.

(2021).

4 Data

My analysis of land cover impacts uses the Dynamic World (DW) 10m resolution land-

use land cover global data product. Dynamic World estimates the probability that a given

10-meter grid-cell is classi�ed by one of the following classes: water, trees, shrubs, grasses,

built-up, 
ooded vegetation, crops, bare, or snow and ice. The highest probability type

is then selected as the prediction as the discrete, or \hard" classi�cation. Researchers

have evaluated the reliability of the hard classi�cations, scoring Dynamic World's global

accuracy at approximately 74% (Brown et al., 2022). Further evaluation indicates that

forest (\tree") cover is identi�ed with about 81% accuracy (Venter et al., 2022), while

settlement detection performs well overall but varies substantially between urban (80%)

and rural (56%) areas.

These accuracy assessments are based on a hard classi�cation approach, where each

10-meter grid cell is assigned solely to its dominant land cover class. To improve accuracy

in rural settings with small and dispersed structures, I instead use Dynamic World's

probability layers. Rather than discarding subdominant signals as in a hard classi�cation,
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the probabilistic approach preserves information about mixed or transitional land cover,

such as small shelters located alongside bare ground or cropland.

For each year 2016-2023, I use all Dynamic World layers available during the month

February (the dry season, when cloud coverage is minimal) to generate a mean composite

of each probability layer. I then upscale each 10-meter raster to 30 meters to reduce data

volume and computational load6. The resulting object contains 2,899,227 grid-cells that

form the basis of my sample.

I use additional geospatial data for the analysis. First, Protected Planet's World

Database of Protected Areas provides information on which areas of Cox Bazar are des-

ignated as wildlife refuges or national parks (UNEP-WCMC and IUCN, 2021). I also use

camp boundary data provided by UNHCR and IOM's Inter-Sector Coordination Group

(ISCG, 2018) to determine camp proximity.

I additionally draw on nighttime light radiance data, an increasingly popular proxy

of economic productivity and public investment (Bruederle and Hodler, 2018; Martinez,

2022). Speci�cally, I use the VIIRS 500m annual composites 2013-2021 Version 2.1,

which have been cleaned of spurious noise7 and provide a depiction of stable nighttime

light radiance over time. The data are scaled from a value of 0 to 63, where 0 represents

no detectable light while 63 corresponds with the planet's brightest core urban areas.

Using the grid-cells of the upscaled Dynamic World layers, I generate a tabular sample

where each unit represents one 30-meter grid-cell. For each unit, I �nd the corresponding

probability of each land cover class for each year (2016-2023). I determine each unit's

Euclidean (linear) distance to the nearest camp boundary, dropping the 27,737 grid-cells

that fall within a camp boundary. I also intersect each grid-cell with the Protected Planet

data to designate which fall within a protected area. Additionally, I construct a larger

spatial matrix (1km resolution) and identify the intersection of each sample grid-cell with

this larger grid. I use these intersections for my matching identi�cation strategy and for

clustering standard errors8.

6 I unfortunately cannot obtain other monthly composites due to cloud cover obstructing signi�cant areas of the study area
7For example, aurora, cloud cover, sunlight contamination, and various outliers are masked out of each year
8Clustering is intended to account for serial autocorrelation in spatial data while using a large data sample.The traditional
approach to accounting for serial spatial autocorrelation in the error term is to use spatial regression tools, namely nearest
neighbor matching. This method, however, is computationally intensive, as it requires working with an NxN nearest
neighbors matrix.
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Table 1: Land cover characteristics by year and proximity to camp boundary

Year

2016 2017 2018 2019 2020 2021 2022 2023

Panel A: Whole sample
Protected 0.143
Forest 0.339 0.346 0.329 0.329 0.333 0.338 0.324 0.319
Vegetation 0.137 0.136 0.136 0.136 0.133 0.128 0.131 0.128
Agriculture 0.112 0.139 0.140 0.132 0.139 0.134 0.132 0.149
Bare 0.056 0.047 0.046 0.048 0.053 0.049 0.049 0.050
Settlement 0.053 0.083 0.100 0.099 0.088 0.100 0.112 0.111
Flooded veg 0.063 0.069 0.071 0.075 0.063 0.070 0.067 0.059

N 2,871,490

Panel B: 0-5 km from camp boundary
Protected 0.352
Forest 0.410 0.411 0.372 0.362 0.382 0.387 0.372 0.377
Vegetation 0.148 0.147 0.153 0.151 0.141 0.133 0.137 0.131
Agriculture 0.130 0.123 0.127 0.123 0.135 0.121 0.121 0.128
Bare 0.048 0.042 0.043 0.044 0.046 0.042 0.045 0.043
Settlement 0.055 0.072 0.097 0.105 0.090 0.112 0.123 0.121
Flooded veg 0.061 0.064 0.063 0.066 0.058 0.060 0.057 0.054

N 390,285
Notes: Observations are 30m grid-cells. Dynamic World land cover data represents probability of a given land

cover class on the grid cell and is derived using mean composite from February layers for each year. Distance to
nearest camp based on Euclidean distance function. Grid-cells within camp boundaries are excluded. \Protected"
represents the proportion of the sample that is in a protected area. All time-varying land cover classi�cation
statistics represent the probability of a given class in the reference year.

Table 1 reports descriptive statistics for the sample collected from the entire study

area (excluding camp interiors) as well as the areas 0-5 km outside of camps. I also map

forest and settlement data for 2017 and 2020 in Figure 4, and the Appendix includes the

equivalent map for vegetation and agricultural cover (Figure A5). As shown in Table 1,

15% of the province falls under a protection mandate, and the percent of protected area

is even higher in the 0-5km vicinity of camps (35.2%). Forest cover is the most common

land cover class. Interpolating probabilities in Dynamic World as indicators of percentage

cover, the data suggest that in 2016, 33% of the district, and 41% of the camp vicinity

areas, were forested. The high forest cover near camps may be related to the relatively

larger share of protected areas: considering the location of parks and refuges (see Figure
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2), it is clear that forest cover is more dense in the protected areas of the district before

and after camp opening (Figure 4).

The descriptive statistics in Table 1 show a four percentage point reduction in for-

est cover between 2017 (pre-camp openings) and 2018 (post-openings) within the camp

vicinities. Without the counterfactual, however, it is unclear if a loss of this extent would

have occurred in the absence of the camps. My identi�cation strategy, described in the

next section, provides the causal estimates.

Across the district and in the camp vicinities, vegetation (shrubs and grasses) and agri-

cultural cover are relatively less common, at about 11-15%. Vegetation appears evenly

dispersed throughout the district (Figure A5), while agricultural cover tends to mani-

fest in proximity to settled areas (Figure 4). These classes does not appear to change

meaningfully over the time series, but given their relative magnitudes and the potential

impacts of camp opening on these classes, I include them in my analysis.

Cox Bazar is predominately rural, so the low settlement density is not surprising. But

across the province, settlement is expanding over the time series, from 5% in 2016 to

11% in 2023. The settlement expansion is particularly pronounced near camps, which

went from about 7% settlement cover to 12% between 2017 and 2018. The changing

gradient is subtle but visible in Figure 4. Settlement cover impacts can speak to both

in-migration and economic expansion in response to camp openings, both of which may

impact the landscape. And since settlement is expanding throughout the district, a robust

identi�cation strategy is necessary in order to attribute these changes near camps to camp

opening. Hence, I include settlement cover in my analysis.

Bare ground and 
ooded vegetation cover are not particularly common in the area and

do not vary considerably over the time series. I omit these categories from my analysis.

5 Method

My analysis focuses on areas 0-5 km from camp boundaries to isolate the local e�ect of

encampment on nearby land cover. Prior research suggests that the agglomeration e�ects

of camps typically manifest within 4{10 km of their borders (d'Errico et al., 2022; Taylor

et al., 2016). Given concerns about direct refugee-driven degradation of surrounding
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Figure 4: Probability of forest and settlement cover by year in and near camps

Notes: Author's production using Dynamic World probability of land cover data derived using mean composite from
February layers for each year. Camp boundaries sourced from UNHCR and IOM Inter-Sector Working Group.

landscapes, I also expect damages to depend on foraging access costs, which rise sharply

over hilly terrain traversed on foot. De�ning my treatment area within the bu�er 0-5 km

bu�er captures the zone where the agglomeration e�ect is expected and where foraging

costs are lowest.9 To avoid contamination of my control sample, I omit observations at

distanced 2 (5; 20] km from the nearest boundary.

Refugee camp locations are not randomly determined (Maystadt and Verwimp, 2014;

Salemi, 2021), necessitating a methodological approach that provides valid counterfac-

tual estimates. My analysis combines a matching method with a di�erence-in-di�erences

9A careful study of the extent of the agglomeration e�ect is beyond the scope of this study.
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framework, a technique that can improve on the representativeness of counterfactual es-

timation relative to the use of DID or matching in isolation (Heckman et al., 1997; Roth

et al., 2023; Smith and Todd, 2001).

Because of autocorrelation in the spatial data, and particularly in the treatment group,

I aim to avoid matching an assortment of non-adjacent 30m grid-cells from across the

study area. Hence, I modify the approach to ensure that the matched samples represent

clusters of contiguous grid-cells. To do so, I �rst upscale the 30m data to 1km resolution,

computing mean probabilities. I then match the 1km treatment sample to 1km areas

located > 20km from the nearest boundary and positioned anywhere in the study area.

I speci�cally match on the probability of forest, settlement, vegetation, and agricultural

cover in 2016 and 2017 as well as the share of the 1km grid within a protected area.

For my matching procedure, I estimate propensity scores using a probit regression

model and compute inverse probability weights to assess covariate balance. To construct

the matched sample, I implement nearest-neighbor matching with one control per treated

observation (k = 1) and impose a strict caliper of 0:1 on the propensity score to ensure

close matches. I exclude observations falling outside the region of common support.

Observations that fall in the matched 1km grids constitute my estimation sample. I report

detailed information on covariate balance and the locations of matched observations in

Appendix Section B.

I expect the treatment e�ects to evolve over time, meaning that averaging across the

full study period could obscure important dynamics. For instance, if interventions such

as camp fencing or improved cookstove rollouts later reduced pressure on surrounding

landscapes, slowing deforestation or enabling forest recovery, then a simple average across

years would understate the magnitude of deforestation impacts that occurred before these

changes. Likewise, camp-stimulated settlement or agricultural expansion may not occur

within the �rst period, but may instead intensify over the years. For this reason, my

analysis uses the matched counterfactual sample to estimate the following di�erence-in-

di�erences event study:
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In the regression above, 2017 serves as the base year10. Outcome variableY c
it represents

the probability that grid cell i in period t is land cover classc. For each class, I regress

this outcome on the set of interactions between observation each observation years 2

f 2016; 2018; � � � 2023g and a boundary indicator for whether the observation is 0-5 km

from a camp boundaryTi = 1f di 2 [0; 5]g.

I include year and unit �xed e�ects. The grid-cell �xed e�ect accounts for a variety of

time-invariant characteristics important for the study, such as soil fertility, whether the

pixel is in a protected environmental area, proximity to main roads, and steepness of the

slope. Given the small geographic scope of this study, the time �xed e�ect controls for

inter-year variations that are plausibly homogeneous across the district, such as annual

rainfall. I also cluster standard errors using each unit's intersection with the previously

discussed 1km gridg11.

The event study provides one pre-treatment trends estimate for 2016-2017. Given

matching, the pre-trend should be close to zero to o�er support of the satisfaction of

the parallel trends assumption. The temporal scope of the pre-treatment data, however,

limits the robustness of the pre-trends test. Throughout, my identifying assumption is

that the 2016-2017 di�erences in trends between treatment and matched control re
ect

the di�erences in trends in earlier years for which we do not have Dynamic World data.

In the following sections I describe my heterogeneity analysis, robustness checks, and

assessment of mediating factors. Note that each procedure relies on a newly matched

sample. Whenever the scope of the treatment group or control group is modi�ed, matching

is repeated prior to event study estimation.

10 Although the large population in
ux occurred in August 2017, my use of February Dynamic World layers ensures that
2017 constitutes the �nal pre-treatment period. See Section 3.3

11 Because there is no clear group structure to the observations (Cameron and Miller, 2015) and because I are not using two-
stage sampling (Abadie et al., 2023), it is unclear whether clustered standard errors are necessary. Bertrand et al. (2004)
argue that within a DID framework, standard errors must be clustered at some group level to avoid misleadingly small
standard error estimates. Moreover, serial autocorrelation of the error term is likely between geographically neighboring
grid-cells. Given this serial autocorrelation, I cluster standard errors based on the sample grid-cells intersection with a
1km matrix of grid-cells
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5.1 Heterogeneity analysis

Given the importance of protecting forest cover and biodiversity near camps, I conduct a

heterogeneity analysis to see if pixels in protected areas are deforesting more or less than

pixels in non-protected areas. I use the matching procedure to draw a new counterfactual

sample using protected area grid-cells only. These protected grid-cells within 5km of the

nearest camp primarily fall in Inani National Park and the Teknaf Wildlife Sanctuary.

There are numerous camp areas across the southern half of the Cox Bazar, but the

Kutapalong Expansion Site stands out for its population size and density. It is now

considered the largest refugee camp in the world. Given potentially larger e�ects near

the Kutapalong Expansion Site, I repeat the analysis omitting all grid-cells that are 5 km

below the southernmost extent of this area and identifying exposure based exclusively on

a grid-cell being within 5km of the Kutapalong Expansion Site boundary12. I again repeat

the matching procedure to generate a unique counterfactual group for this estimation.

5.2 Robustness checks

A potential threat to identi�cation relates to the scope of the impact. Given the scale of

the displacement event, the large in
ux may have changed land use patterns across Cox

Bazar, contaminating the counterfactual pool. I therefore perform a robustness check in

which I sample the Chittagong district, a coastal administrative division directly north

of Cox Bazar, for my counterfactual sample (see Figure 1). After matching, I re-estimate

my primary event study speci�cation with the area 0-5 km from the nearest camp serving

as control.

My results may also be sensitive to the de�nition of the treatment group. As men-

tioned, past research �nds that the agglomeration e�ect of a refugee camp may reach

up to 10km outside its boundary. I therefore repeat the matching procedure from my

primary speci�cation, but instead of de�ning the treatment group as being 0-5 km from

the nearest camp, I use grid-cells 0-10 km from the nearest camp.

12 Speci�cally, I use the pre-2017 Kutapalong Refugee Camp as well as Camp 1 (E, W, X), Camp 2 (E, W), Camps 3-7
(including the Camp 4 extension) Camp 8 (E and W), Camp 9-19, and the Camp 20 series (Camp 20, its extension, and
Camp 20 C).
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Finally, I re-estimate the primary results omitting the Naikhonchari subdistrict of

neighboring Banderban. I include this subdistrict in my primary speci�cation because of

its spatial adjacency with the Kutapalong camp complex (see Figure A3). But Bander-

ban and the Chittagong Hill Tracts have a long history of con
ict, and to this day, there

is a strong military presence throughout the district (Chittagong Hill Tracts Commis-

sion, 2000; IWGIA et al., 2012). Given the ongoing militarization of Banderban, camp

proximity impacts may be more muted there despite proximity.

5.3 Mediating factors

A fully comprehensive mediation analysis is unfortunately beyond the scope of this study.

In particular, analyzing the role of two relevant interventions - the rollout of LPG cook-

stoves to Rohingya refugees and some local Bangladeshis, and the enclosure of the camps

in wire fencing - requires additional information on the location of these rollouts over time.

I examine how forest trends align with secondary information on these interventions and

speculate on potential impacts.

I can more thoroughly examine evidence of economic growth playing a role in the land

cover results. To do so, I replicate the primary analysis using the VIIRS 500m nighttime

lights data 2012-2020. Because VIIRS has a coarser resolution than my primary sample,

and because averaging over an even larger grid will further muddle the already limited

variation in a nighttime lights product across a rural landscape, I perform matching on

the 500m sample itself. Given the coarser resolution, I cluster standard errors using a

2km grid instead of a 1km grid. And because VIIRS represents an annual composite, I

use the 2016 year as my baseline instead of 201713.

6 Results

For my main �ndings, as well as my heterogeneity analyses, robustness checks, and

mediation analysis, I report full regression results in Appendix Section C. Evaluations for

each matching procedure are in Section B.

13 The 2017 year may contain imagery from after the August 2017 in
ux. To ensure that the pre-treatment period is not
contaminated with post-treatment observations, I therefore use 2016.
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Matching for my primary analysis yields a sample of 347,561 30m comparison grid-

cells and 305,213 treated grid-cells14. Matching substantially reduces covariate imbalance,

bringing the absolute standardized mean di�erences below 0.1 for all variables and close

to zero in most cases (Figure A6). Balance tests reveal di�erences that are very small

in magnitude (Table A2). T-tests suggest that these small di�erences are statistically

signi�cant, but this is likely attributable to the very large sample size. Moreover, for the

di�erence-in-di�erence framework, a signi�cant di�erence in one period does not violate

the identi�cation strategy so long as the trends are not signi�cantly dissimilar. Mapping

the matched comparison sample (Figure A7), I �nd that the procedure selects areas 20-40

km from the camp boundaries, with fewer observations drawn from the northernmost area

of the district. Because I include the protected area status in matching, a large share of

the matched area is drawn from the Himchari National Park.

Figure 5 illustrates the primary event-study results (full estimates reported in Ap-

pendix Table A15). The estimated pre-treatment trend (2016{2017) is close to zero and

statistically insigni�cant across all four speci�cations, supporting the parallel trends as-

sumption. Following the August 2017 refugee arrival, the probability of forest cover within

0{5 km of camp boundaries declines sharply, particularly during the �rst two years. The

magnitude of forest loss peaks in 2019, when forest cover is 4.6 percentage points (p.p.)

lower than at baseline, representing a 12% reduction relative to the matched sample mean

(Table A2).

By 2020, forest cover in the treatment area begins to recover, with losses relative

to the 2017 baseline narrowing to 2.6{3.3 p.p. between 2020 and 2022. Because tree

regeneration typically requires substantial time, the immediate rebound likely re
ects a

slowdown in deforestation rather than true regrowth. It may indicate that forest loss in

the control areas began to marginally outpace that in the treated areas. The di�erence is

smallest in 2023 (1.7 p.p.), a marked shift from the prior year. While this sudden decline

in the cumulative e�ect could re
ect random variation or measurement noise, it may also

capture early signs of regrowth from fast-growing native species such as bamboo.

14 Because I match on the 1km grid that the 30m grid-cells intersect, the treatment and control groups are not the same
size. For example, some of the 1km matched grids in the treatment group intersect camp boundaries, and I drop all 30m
grid-cells within the camps.
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Figure 5: Event study results by outcome variable, Primary speci�cation

Notes: Estimates of Equation 1, with 2017 as the reference year and 2016 coe�cient representing the pre-treatment trend.
Observations are 30m grid-cells. Outcome variable is the probability of a given land cover class on the grid cell and is
derived using mean composite from Dynamic World February layers for each year. Treatment areas are 0-5 km from nearest
camp boundary and are based on the Euclidean distance function. Areas > 5 km and � 20 km from nearest camp boundary
are omitted. Analysis uses propensity score matching to match 1km treatment and control gridcells based on pre-treatment
and time-invariant observations. 30m observations within the matched 1km gridcells are used in the event study estimation.
Standard errors clustered by 1km cluster grid.

Settlement cover also responds to camp openings, with evidence of continual settle-

ment expansion over the time series. By 2023, the probability of settlement cover increases

by 3.4 p.p. This represents a massive 44% increase relative to the matched sample at

baseline. Settlement expansion does not follow the same pattern as forest cover loss,

suggesting that a direct forest-to-settlement conversion is not driving the results. But ex-

pansions in settlement will leave less space for forest cover to return. Because Rohingya

refugees who arrived 2017 or later are legally prohibited from residing outside of camps

(as shown in descriptive data, see Figure A1), these settlement expansions may speak

to the economic impact of refugee hosting, resulting in local growth and in-migration. I

examine this further in Section 6.3.
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Results for vegetation and agriculture are notably more muted. Vegetation cover

appears to rise in the �rst two years of hosting: this is likely due to tree loss, with

less-valuable vegetative cover remaining on the previously forested pixel. Impacts on

agriculture are very small in magnitude, switch sign over the time series, and are often

insigni�cant or weakly signi�cant. Agricultural cover is notoriously di�cult to predict,

especially during the dry season (February) when the spectral signatures of crops aren't

easily detectable. Given these data limitations, my results for agriculture are inconclusive.

Given the signi�cant and dynamic trends for forest and settlement, and the more

muted results for vegetation and agriculture, the remainder of my analysis focuses on

settlement and forest cover. Full results for all four classes are available in Appendix

Section C.

6.1 Heterogeneity analysis

Figure 6 reports estimation results restricted to either protected areas or the vicinity of

the Kutapalong Expansion Site, omitting all grid cells located more than 5 km south of

the camp boundary.

Within protected areas, matching substantially improves covariate balance overall and

particularly for forest cover (Figure A8). The matched counterfactual group is largely

drawn from Himchari National Park, with a smaller share derived from small protected

areas further north in the district (Figure A11). Estimation results suggest that forest

losses may have taken place in protected areas within 5 km of camp boundaries, but

these impacts were short-lived. Impacts are again largest in 2019 (3.2 p.p.) but attenuate

immediately after.

Matching for the Kutapalong Expansion Site produces closely aligned propensity

scores, though the absolute standardized mean di�erences for forest and settlement cover

remain sizable (Figure A10). Pre-treatment trends, however, are still insigni�cant and

very small in magnitude. The post-treatment event study results suggest that the impacts

on settlement and forest cover are more acute in the Kutapalong vicinity. In this region, I

measure 2019 forest losses as 5.8 p.p. (compared to 4.6 p.p. in the primary speci�cation).

24



Figure 6: Event study results for forest and settlement cover, Results for protected areas
and Kutapalong Expansion Site vicinity

Notes: Estimates of Equation 1, with 2017 as the reference year and 2016 coe�cient representing the pre-treatment trend.
Observations are 30m grid-cells. Outcome variable is the probability of a given land cover class on the grid cell and is derived
using mean composite from Dynamic World February layers for each year.Top row displays results for sample restricted to
protected areas. Bottom row displays results for sample restricted to 0-5 km vicinity of Kutapalong Expansion Site, with all
gridcells � 5km south of the Expansion Site extent omitted. The two rows represent the results of two separate heterogeneity
analyses. In both cases, areas> 5 km and � 20 km from nearest camp boundary are omitted. Analyses each use propensity
score matching to match 1km treatment and control gridcells based on pre-treatment and time-invariant observations. 30m
observations within the matched 1km gridcells are used in the respective event study estimation. Standard errors clustered
by 1km cluster grid.

As in the primary speci�cation, forest loss peaks in 2019 and then declines, falling to 2.1

p.p. by 2023.

Likewise, the settlement cover event study follows a similar pattern to the primary

speci�cation, but exhibits a larger magnitude. Near Kutapalong, settlement cover in-

creases by 4.6-4.8 p.p. by 2022-2023, substantially larger than the 3.4-3.7 p.p. increases

measured in the estimations that included all camp areas.
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Figure 7: Event study results for forest and settlement cover by robustness check

Notes: Estimates of Equation 1, with 2017 as the reference year and 2016 coe�cient representing the pre-treatment trend.
Observations are 30m grid-cells. Outcome variable is the probability of a given land cover class on the grid cell and is
derived using mean composite from Dynamic World February layers for each year. Top row uses the Chittagong district as
the comparison area and the 0-5 km area outside camps as the treatment area. The middle row uses gridcells 0-10 km from
camp boundaries as the treatment group. The bottom row omits all grid-cells located in the Naikhongchari subdistrict,
which is in Banderban district. Analyses each use propensity score matching to match 1km treatment and control gridcells
based on pre-treatment and time-invariant observations. 30m observations within the matched 1km gridcells are used in
the respective event study estimation. Standard errors clustered by 1km cluster grid.
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6.2 Robustness checks

I combine the forest and settlement cover results for all three robustness checks in Figure 7.

When treatment is de�ned using a 0{10 km distance bu�er, the matching procedure

improves covariate balance considerably, with absolute standardized mean di�erences

minimized across all matched variables (Figure A12). Results for forest cover closely

align with those from the primary speci�cation, though the estimated e�ects are slightly

smaller in magnitude. For instance, forest loss in 2019 within the 0{10 km treatment

area is 3.6 percentage points, compared to 4.6 percentage points in the main speci�cation.

This suggests that forest cover impacts were somewhat more concentrated near the camp

boundary. In contrast, the settlement cover results for the 0{10 km sample are nearly

identical to those in the primary analysis, indicating that the economic agglomeration

e�ects likely extend beyond the 5 km periphery.

Next, I examine results using a comparison sample drawn from across the Chittagong

district, located directly north of Cox's Bazar. The matching procedure substantially

reduces propensity score di�erences, though mean di�erences remain sizable for some

covariates (Figure A14). In particular, matched treatment and control means di�er more

within years for settlement cover (Table A6). Mapping the matched 1 km grids shows that

the Chittagong comparison sample is distributed widely across the district (Figure A15).

Although this matching speci�cation produces somewhat weaker covariate balance than

other estimations, the results continue to support the primary �ndings. Forest cover

losses again peak in 2019 before abating, with losses of about 5 percentage points in

2019 declining to zero by 2023. Settlement cover expansion appears more gradual under

this speci�cation, possibly re
ecting weaker covariate balance for that variable. Even so,

the event study indicates signi�cant and steadily increasing settlement growth from 2020

onward, rising from 1.2 percentage points in 2020 to 3.2 percentage points in 2023.

Finally, I remove observations from the Naikhongchari subdistrict (Bandarban Dis-

trict) and repeat the analysis. The matching procedure substantially reduces mean dif-

ferences across all covariates (Figure A16), yielding a highly balanced panel (Table A7).

The resulting event study estimates closely mirror those of the primary speci�cation in
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both sign and magnitude, as well as in their dynamic trends. The only notable di�erence

is a weakly signi�cant pre-treatment trend for forest cover, though the coe�cient is very

small in magnitude. Overall, these �ndings indicate that including Naikhongchari in the

main sample does not substantially a�ect the primary results.

6.3 Mediation analysis

The primary results, as well as a series of robustness checks, demonstrate a shift in trends,

from forest decline to forest recovery, that occurs between February 2019 and February

2020. This aligns with the timing of the LPG cookstove rollouts, which reached over

100,000 households by late 2019 (see Section 3.4) and had a clear impact on energy

consumption (Figure 3). My analysis thus o�ers suggestive evidence that the clean tech-

nology program may have abated forest losses in the camp hosting region. But the stove

roll-out also coincides with fencing construction which, independent of the stoves, may

have greatly augmented the cost of accessing natural areas for foraging.

In either case, the alignment of these interventions with the shift in forest loss trends

suggests that refugee biofuel harvesting had a local, direct, and negative e�ect on nearby

forest cover. This e�ect, in turn, subsides once demand for biofuels falls and the cost

of harvesting rises. Determining which of the two interventions drove the abatement is

beyond the scope of the current study, as this requires high-frequency, high-resolution

data on both stove rollouts and fencing construction.

The settlement expansion, however, points to the general equilibrium e�ect of camps.

Increased demand from population growth, further boosted through large and regular

in
ows of foreign aid, may augment economic activity. To explore this further, I estimate

the speci�cation using a panel of 500 m grid-cells and VIIRS Version 2.1 Nighttime Lights

masked mean radiance data from 2013 to 2021. The matching procedure substantially

reduces di�erences in propensity scores, although standardized mean di�erences remain

greater than 0.1 for several pre-treatment years (Figure A18). Average radiance levels,

measured over relatively large 500 m grid-cells in rural areas, are very low (Table A8); for

instance, on a scale with a maximum of 63, the mean radiance in the matched treatment

area in 2016|the year prior to treatment|is only 0.05. The low overall radiance and
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limited spatial variation in
uence the matching procedure, as illustrated in Figure A19.

Once the highest-propensity grid-cells are matched, subsequent matches are determined

primarily by ordering, producing sharp geographic clustering patterns.

Using this matched sample and clustering based on gridcell intersections with a 2km

grid, my event study results suggest that camp opening drives dramatic increases in

nighttime light radiance over time. Like the settlement expansion, the trend increases over

the time series. By 2021, the increase in radiance reaches 0.2, representing a quadrupling

of baseline levels.

This expansion in nighttime lights supports the theory of settlement land cover ex-

pansion in response to increased economic production. My analysis suggests that forest

cover is indeed recovering in the camp vicinities. But settlement expansion due to local

economic growth is also taking place. The results for settlement and nighttime lights

provide strong evidence of the indirect e�ects hypothesis: that the general equilibrium

e�ect also has implications for the landscape that can come at the expense of natural

areas.

Figure 8: Event study, Nighttime Light Radiance

Notes: Estimates of Equation 1, with 2016 as the reference year and 2013{2015 repre-
senting pre-treatment years. Observations are 500 m grid-cells in Cox's Bazar district
or Naikhongchari subdistrict. The outcome is mean nighttime lights radiance (VIIRS
Annual Composite V2.1). Treatment areas are 0{5 km from the nearest camp bound-
ary. Areas > 5 km and � 20 km are omitted. Propensity score matching conducted
using the 500m grid-cells. Standard errors clustered based on intersections with 2km
grid.
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7 Conclusion

This paper examines the impact of high-density, large-population refugee camps on

land cover. I focus on the refugee camp areas of Cox Bazar and how land cover changed

in response to the large in
ux of Rohingya refugees starting in August 2017.

I use the high-resolution (10m) Dynamic World land cover dataset (2016-2023) to gen-

erate Feburary mean composites of the probability a 30m grid-cell has forest, vegetation,

settlement, or agricultural cover for each year. I apply a matched di�erence-in-di�erences

event study approach to examine the e�ect on land cover in the local area 0-5km from

the nearest camp boundary. To explore heterogeneous e�ects, I repeat my analysis for

grid-cells in protected areas and exclusively for the region near the Kutapalong Expansion

Site. I evaluate the robustness of my results by performing my analysis with an alter-

native treatment area (0-10 km), using the Chittagong district to generate a matched

comparison sample, and omitting the Naikhongchari subdistrict from my dataset.

My primary results demonstrate an immediate and signi�cant decline in forest cover

during the �rst two years of camp opening, which reached 4.6 p.p. in 2019. Losses in 2019

are also signi�cant and large in protected areas (3.2 p.p.) and are especially acute when

restricting to the Kutapalong Expansion Site (5.8 p.p.). But across all speci�cations,

forest losses abate after 2019 and are relatively small relative to baseline by the end of

the study period (1.7 p.p. in 2023 for the primary speci�cation). This shift in trends

likely re
ects one of two coinciding interventions: the large-scale rollout of LPG stoves

for refugees and some local hosts, and the enclosure of camp areas in fencing, meant to

contain the refugee population.

Settlement expansions intensify throughout the study period, amounting to a 3.4-3.7

p.p. increase as of 2022-2023. These settlement expansions are more pronounced in

the Kutapalong Expansion Site vicinity (4.6-4.8 p.p. in 2022-2023). Mediation analysis

demonstrates a monotonic increase in nighttime lights mean radiance 2017-2021, which

suggests an increase in economic production over the time series. This production ex-

pansion results in more settlement as Bangladeshis move closer to the camp areas and

establish brick-and-mortar businesses. Nighttime lights may also re
ect public invest-
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ment, and settlement expansion could be due to an increase in public works (ex: water

treatment facilities) in response to a growing population and increased access to aid re-

sources.

My results are robust to a suite of tests. In particular, a change in the treatment

area from 0-5 km to 0-10 km results in marginally lower forest losses, suggesting that

deforestation impacts are more intense near camp boundaries. By contrast, settlement

expansion results remain the same, which aligns with past research indicating an economic

agglomeration e�ect of up to 10 km from camp boundaries.

The �ndings speak to both the local direct (biofuel harvesting) and indirect (migration,

economic production) e�ects of camp hosting on the landscape. While targeted policy

may ameliorate the former, landscape transformation due to settlement expansion and

economic growth will crowd out natural capital. The latter result suggests that some

forest losses in the area may be permanent.

I recommend that future work further explore the direct e�ect to isolate which of the

two interventions drive the deforestation abatement. UNHCR's pro-bono LPG program

is expensive to maintain, and if research can clearly show that it is causing these forest

cover improvements, I believe this would help motivate its continued funding.

On the other hand, if the observed forest recovery is primarily a consequence of the

fencing and enclosure of refugee camps, further attention must be given to identifying

more ethical and sustainable alternatives. Restricting refugee mobility violates Article

26 of the 1951 Refugee Convention, which guarantees the right to freedom of movement,

and contradicts UNHCR guidelines discouraging the detention of refugees and asylum

seekers. If fencing has indeed contributed to reduced deforestation, policymakers should

critically reassess this approach and instead pursue strategies that protect both natural

capital and human rights in Cox's Bazar.
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