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Abstract

A large fraction of the world’s solid waste is disposed of in open dumps, generating
serious environmental and health externalities. These effects are difficult to study as
data on waste are scarce where mismanagement is worst. We develop a way to detect
open dumps, portable to other rare land uses, that uses crowdsourced data, satellite
imagery, machine learning, and active sampling. We combine these methods to create
the first globally representative human-verified time series data on open dumps. The
data show that open dumps are concentrated in densely populated areas of low- and
middle-income countries, they are frequently on fire, and they expand substantially in
response to increases in waste imports. Analysis of Java, Indonesia, where we observe
nearly the universe of open dumps, shows that higher waste imports following China’s
2018 import ban generated just $13,000 in consumer surplus per premature death
caused by the increase in garbage-fire pollution.
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1 Introduction

What are the impacts of the global trade in waste? Since Larry Summers argued, “the
economic logic behind dumping a load of toxic waste in the lowest wage country is impeccable”
in a controversial 1991 World Bank memo, cross-country flows of post-consumer plastic and
paper have more than doubled.! Despite Summers’ assertion, economic theory does not give
an unambiguous prediction as to the welfare impacts of this trade. This will depend on the
magnitude of the externalities generated by waste imports relative to the private benefits
(Chichilnisky 1994; Copeland et al. 2021). Yet studying these tradeoffs has been difficult,
as we lack the most basic descriptive facts about whether waste imports are recycled or

discarded in environmentally harmful ways.

An estimated 90% of domestic waste is disposed of in open dumps or burned in low-income
countries (Kaza et al. 2018). Open dumps cause substantial environmental and social harm.
The open burning of waste releases pollutants dangerous to human health, and this practice
may be a significant contributor to poor air quality in developing countries.? Dumped waste
is also a well-documented source of plastic leakage to marine ecosystems, with possible
adverse effects on the productivity and sustainability of ecosystem services such as fishing,
recreation, and pest control (Rochman et al. 2016). However, the scale and incidence of
these externalities remain understudied due to the lack of data on open dumping. Existing
research attempts to study mismanaged waste using rough assumptions about per capita
waste generation and improper disposal (Jambeck et al. 2015; Law et al. 2020; Meijer
et al. 2021). These modeled estimates make it difficult to study causal relationships between

changes in policies, waste management, and environmental and social outcomes.

In this paper, we devise an approach to collect the data required to begin to study the
scale and impacts of open dumping. We start by collecting a crowdsourced sample of
non-representative open dumps. We use these examples to train a machine learning model
that predicts dumps using satellite data. Finally, we use the model’s predictions to select and
manually verify an approximately optimally chosen subsample of predictions. These verified
predictions form the basis of a global time-series dataset of open dump prevalence. This

approach allows us to gather globally representative data, even when the machine learning

!Calculated from BACI trade data (Gaulier and Zignago 2010). We sum trade across all country pairs in
the two ban categories used in our subsequent analyses —plastic waste and scrap (HS 3915) and unsorted
recovered paper (HS 4707.90)—in 1995 and 2024. Global trade in these categories grew from 8.2 to 18.2
million metric tons, a 2.2-fold increase.

2Examples of these pollutants include black carbon, a major contributor to particulate matter, and polycyclic
aromatic hydrocarbons (Pathak et al. 2023).



model’s predictions are arbitrarily biased or miscalibrated, though better model accuracy
leads to more precise estimation. Our data shows that open-dumps tend to locate in dense
cities in low and middle-income countries, and that they are frequently on fire, generating
substantial amounts of air pollution. We analyze the welfare impacts of a shock to waste
imports, exploiting a natural experiment resulting from the 2018 China waste import ban.
In Indonesia, we estimate that waste imports generate about $13,000 in consumer surplus

for every premature death resulting from the air pollution.

The first step of our pipeline is collecting non-representative ‘seed’ data. For this, we
partnered with an international network of NGOs, researchers, and activists to crowdsource
an initial set of open-air waste sites. This initiative, which we called “The Atlas of Plastic
Waste”, yielded over 270 submissions across 24 countries. We supplement our crowdsourced
data collection effort with existing public repositories containing examples of open dumps.

We verify the extent and location of all sites using high-resolution satellite imagery.

Next, we use these examples to train a machine learning model that can identify open
dumps using satellite imagery. These methods build on recent work using satellite imagery
to identify plastic waste in more limited temporal and geographic settings (Kruse et al. 2023).
We train a gradient-boosted tree model that differentiates open dumps from other land uses
with high accuracy. The area under the receiver-operating characteristics curve (AUC) in
our validation sample is 0.96 out of 1, and the balanced accuracy is 90%, demonstrating that

our model can find a distinctive spectral signature associated with open dumps.

Since our training data are heavily selected, and dumps are a rare land use class, even small
biases in our model’s predictions when deployed out-of-sample could have an outsized relative
impact on inferences drawn about the prevalence of open dumps. Thus, rather than use our
model’s predictions directly, we use them to inform a sampling and verification procedure
that aims to minimize the variance of estimates of dump prevalence and changes over time.
This procedure relies on optimal sampling methods that devote relatively more sampling
effort to observations that our model is most uncertain about (Neyman 1934; Zrnic and
Candes 2024). For selected observations, we manually verify the existence of dumps using
high-resolution satellite images. This results in globally representative, time-series data of

open dump prevalence.

We use this data to generate a set of novel descriptive facts about the global prevalence of
open dumps. We document an environmental Kuznets curve — open dumps are rare in very
low-income countries, peak in middle-income countries, and decline slightly from the peak

in high-income countries. We also document that dumps are disproportionately found in



areas with high population density in low- and middle-income countries (LMICs), whereas

in high-income countries dumps tend to be in slightly less dense areas. We also nd that
res in open dumps are common: 12.5% of dumps in LMICs experience a re at least once
a year. The latter two facts frequent res and dense nearby populations highlight some

of the public health concerns about open dumping, and raise the question about the welfare
consequences of shipping waste to LMICs.

We then investigate whether waste imports have a causal e ect on open dumping in receiving
countries. Our empirical strategy exploits a shock to the global trade network caused by
China's sudden ban on waste imports, announced in 2017 and enforced in 2018. China
previously accounted for 50-90% of global waste imports, depending on the category. After
the ban, shippers diverted a large fraction of this waste to countries in Southeast Asia and
the rest of the world. We use a shift-share instrumental variables strategy that exploits this
shock, instrumenting observed changes in each country's waste imports with the diversion
it would have received had every exporter reallocated its pre-2018 China export volumes
to its other trade partners. We nd an increase of 0.111-0.179 vopen dump area per
kilogram of additional net imports, an elasticity of 1.2-1.5 that implies a substantial share of
imported waste either ends up in open dumps or overwhelms domestic waste and recycling
facilities. These results are robust to a range of alternative speci cations, and placebo tests
on commodities and policy timing show precise null e ects.

Finally, we look at three smaller geographies the island of Java in Indonesia, the US state
of California, and three states in Southeast Brazil where more exhaustive search methods
become feasible to attempt to catalog the universe of dumps. In all three locations, we nd
dumps that are not present in administrative or other data sources. This more exhaustive
data collection also allows for the more precise identi cation of the externalities associated
with dumps. In Java, we nd that the surge in waste imports after the China waste ban
increased PM.5 by nearly 6% close to dumps resulting from an increase in garbage res. We
can rule out large increases in pollution close to dumps in California if anything we nd a
modest decrease. A back-of-the-envelope calculation for Indonesia estimates that the ratio
of consumer surplus gained from these imports amounts to $12,672 for each premature death
caused by the resulting air pollution. This ratio is far lower than most estimates of the value
of a statistical life, casting doubt on the e ciency of the international trade in waste.

Our data collection approach builds on the growing literature on using machine learning
and satellite data for policy evaluation (see Donaldson and Storeygard 2016 and Jain 2020
for reviews). Previous work has documented the potential biases that can result from using
machine learned proxies for economic or environmental variables in causal inference (Fowlie



et al. 2019; Alix-Garcia and Millimet 2023; Gordon et al. 2026). Several recent papers
propose methods that can correct for non-classical measurement error using a sample of
observations with “ground-truth' data, where true labels are known with certainty (Ratledge

et al. 2021; Proctor et al. 2023; Angelopoulos et al. 2023; Rambachan et al. 2025; Sanford
et al. 2025; Kluger et al. 2025; Carlson and Dell 2025).

These approaches take the set of labeled data as given, and rely on the assumption that either
the labeled set is a representative sample of the broader population, or that the labeling
process can be modeled as a function of observables. Our approach, which is informed
by the active statistical learning literature in computer science (Zrnic and Candes 2024) is
fundamentally di erent in that we study how to choose which data to label when starting
with selected non-representative data. While these sampling techniques are common in
the active sampling literature in computer science and remote sensing (Tuia et al. 2009;
Stehman 2012; Zrnic and Candés 2024; Gordon et al. 2026), they have not been widely
applied to study policy questions in the social sciences. The method results in unbiased
and precise estimates of outcomes of interest. These methods are widely applicable to other
hard-to-study land uses, and more generally, they can be used in any setting where data
collection is expensive and true positives are rare in the population of interest, but can be
predicted with reasonable accuracy.

We derive a simple way to estimate the ex-post e ciency of our method relative to uniform
random sampling in the presence of model miscalibration. E ciency gains depend on the
distribution of uncertainty in the data, relative to the distribution of miscalibration. We

nd that, when estimating changes in open dumps over time, a perfectly calibrated model
could have given a sample with a variance 96% lower than a uniform random sample of the
same size. Our ex-post realized e ciency gains, accounting for model miscalibration are 87%
relative to uniform random sampling.

In addition to the data collection and descriptive statistics, we contribute to long-standing
debates in economics about the e ciency and distributional implications of trade in the
presence of environmental externalities. Using the quasi-natural experiment of China's
import ban on various waste categories, we show clear evidence of the pollution havens
hypothesis the idea that environmental regulations in one country can result in the
migration of polluting industries to less-regulated jurisdictions (see Copeland et al. 2022
for a recent review of this hypothesis and associated literature).

Prior work has demonstrated that industry location is in uenced by environmental regulations
in the context of lead-acid battery recycling (Tanaka et al. 2022), and the Clean Air Act



in the US (Hanna and Oliva 2015). A few studies have examined the pollution havens
hypothesis using country-level data on the waste trade. Kellenberg (2015) shows that the
relative stringency of environmental regulations is associated with trade ows materials
move from jurisdictions with stricter regulations to more unregulated locales. Thakur (2022)
uses a gravity model to show how the China waste ban increased waste ows to low-income
countries. With the exception of Tanaka et al. (2022), however, none of these studies
can directly measure changes in externalities associated with these trade ows or location
decisions. A few papers have looked at the impacts of the China waste ban on air pollution in
China (Guo et al. 2023; Sigman and Strow 2024), but our novel data collection e ort allows
us to examine this understudied outcome worldwide and provide evidence for the pollution
havens hypothesis on a global scale. In Indonesia we nd that this in ux of waste led to more
res in open dumps and a large increase in pollution, and simple calculations suggest that
the value of these waste imports is low relative to the health costs of the resulting pollution.

The rest of the paper proceeds as follows in Section 2, we describe relevant background,
including existing research on open dumps, and the context of the Chinese waste import ban.
In Section 3, we describe the data used for our analyses, including our crowdsourced land Ils,
and the satellite data used for training the machine learning model. Section 4 describes
how we build our machine learning model and the approximately optimal active learning
procedure to generate our globally representative time-series data. Section 5 describes
our descriptive results on global time trends, the environmental Kuznets curve, population
density, and res. Section 6 describes our cross-country analysis of the China waste import
ban. Section 7 conducts more detailed analyses on the universe of dumps in Java, California,
and Southeast Brazil, and estimates the consumer surplus and lives lost from the import
shock in Indonesia. Finally, Section 8 concludes.

2 Background: Solid Waste and Trade

Solid waste generation is expected to increase by more than 70% by 2050 as the world
continues to get richer and more urbanized (Kaza et al. 2018). This trend will pose challenges
for cities in low-income countries, where waste management is already one of the largest line
items in local budgets, comparable to expenditures on policing and education (Hoornweg
et al. 2013). Despite these expenditures, an estimated 90% of solid waste in low-income
countries is disposed of in unregulated open-air dumps or burned, though the authors of this
fact caution that the underlying data, should be considered with a degree of caution due to
unde ned words or phrases, inconsistent or omitted units, or estimates made without basis



(Kaza et al. 2018).

Open dumps generate severe externalities. Runo from dumps may lead to surface and
ground water contamination. This may also contribute to the increase in ocean plastics
which disrupts ecosystems and sheries. Dumps may also attract disease-spreading vermin
and other pests. The decomposition of organic waste generates methane emissions which
contribute to global warming, and the open-burning of waste generates air pollution, including
particulate matter and black carbon (Pathak et al. 2023).

Existing research has argued that the mismanagement of solid waste is mostly an issue in
low-income countries (Jambeck et al. 2015; Lebreton et al. 2017; Kaza et al. 2018). In the
absence of data on mismanaged waste, these papers use simple models of waste emissions that
depend on population, GDP, and the estimated fraction of mismanaged waste. For example,
Meijer et al. (2021), nd that most ocean plastics come from a relatively small number of
river systems, mostly located in low-income countries. For the most part, these models
ignore waste traded across international borders. In trying to estimate the United States'
contribution to ocean plastic pollution, Law et al. (2020) write no quantitative estimates

exist of the proportion of material exported for recycling that is ultimately discarded as
waste.

Yet these trade ows are signi cant. Prior to 2018, around 50% of plastic waste collected

for recycling was traded internationally, and China accounted for close to 50% of imports

of these ows, including 70% of US exports and 95% of EU exports (Brooks et al. 2018;
Ritchie 2022). Importers use some of this waste in informal recycling processes, though

anecdotally a large share of the imports may be disposed of in environmentally damaging

ways (Greenpeace 2021). As the quotes above emphasize, no good estimates exist on how

much of this material is used productively or discarded.

Complaints about contamination levels in these shipments and the externalities associated
with processing the waste led to a series of progressively stricter restrictions. In February of
2013, China announced the Green Fence Policy, an increase in inspections of shipments of
waste. Shipments that exceeded prescribed contamination levels could lead to the revocation
of import licenses and the forced return shipment of the container.

In July 2017, the Chinese government announced the National Sword Policy, which went
into e ect in January 2018, allowing very little time for anticipation. The policy banned or
restricted imports on 24 categories of scrap material, including plastic scrap and unsorted
paper, and it lowered the contamination thresholds on other materials to levels that were
generally considered unachievable by waste exporters in the US and Europe. At the same



time, the Chinese government cracked down on the domestic informal recycling industry.
Guo et al. (2023) nd that air pollution went down after the ban in Chinese cities that had
a large recycling industry, but due to a lack of data on disposal, we do not know whether
this is due to a decline in productive recycling activities or the open burning of discarded
scraps.

Appendix Figure A1 shows that Chinese imports of plastic and paper scrap HS 3915 and
4707.90, the two main banned categories we focus on due to their likelihood of ending up in
open dumps started to dramatically decline as soon as the ban was announced, and they
fell to nearly zero soon after implementatior. The loss of this market disrupted the global
recycling market and led to pileups of scrap in the US and the diversion of trade to other
countries in the region. Appendix Figure Al shows an increase in imports in Indonesia,
Malaysia, and Turkey around the time of the ban. Thailand and the Philippines also saw
large increases in imports during this time, though total global trade ows decreased due
to the loss of the Chinese market. Much of the material that would have otherwise been
exported ended up in land lls in the US and Europe (Sigman and Strow 2024).

In Section 6, we use this policy change to estimate the elasticity of open dumps to imported
waste. This research is relevant for policy; current international discussions under the Basel
Convention have debated changing the classi cation of plastic waste, which would severely
restrict or ban trade across borders.

3 Dump De nitions and Data

Our goal is to estimate the prevalence of open dumps across locations and over time. Several
countries have statutory de nitions of open dumps that refer to waste disposal sites that are
not in accordance with regulations. Since regulations vary across countries, we adopt a
de nition that is consistent globally, can be measured with our data, and captures the key
externalities associated with improper waste disposal. We de ne an open dump as any
aggregation of waste covering an area of at least 10010 meters by 10 meters, the spatial
resolution of the satellite data we use), where waste is directly exposed to the surrounding
environment.

To be clear, we measure the surface area of dumps, rather than the volume of waste disposed,

3The increased inspections of the 2013 Green Fence Policy did not meaningfully alter these imports.

4For example in the Philippines an open dump is de ned as, A disposal area wherein the solid wastes
are indiscriminately thrown or disposed of without due planning and consideration for environmental and
Health standards (Congress of the Philippines 2001).



as it is di cult to measure the height or density of waste piles using satellite data. Despite
this limitation, the surface area of open dumps is an important proxy for environmental
impacts for a few reasons. First, the surface area of a dump determines how much waste is
directly exposed to the environment. Additionally, many informal dumps have low density;
without capital intensive construction equipment, it is di cult to pile waste very high or
compress it to a signi cant degree. Still, to the extent that the intensive margin is important,
our ability to identify open dumps from the air is a crucial rst step in identifying locations

for further study.

Our size requirement excludes small and transitory piles of litter that cannot be observed
from satellite imagery. We also do not observe buried waste which leads us to exclude most
sanitary land lls, but we include the open-air working faces of some sanitary land lIs that
have similar characteristics as open dumps. We also include discard pits next to recycling
facilities, for example the ones that commonly accompany paper mills in Indonesia, which are
a source of frequent res and plastic leakage into the environment. We exclude construction
debris and automobile junkyards, which both have di erent characteristics from the dumps
in our data, however we are not otherwise able to distinguish the material composition or
the density of the waste, which we leave for future research. Clearly this de nition excludes
some forms of waste disposal that generate externalities, however it is still useful to identify
the most egregious instances of mismanaged waste and concentrated externalities.

In order to measure dump prevalence, we draw on techniques from machine learning known
as active statistical learning (Zrnic and Candées 2024; Hamilton et al. 2025). Intuitively,
our method starts with a non-representative sample of crowdsourced open dumps. We then
use these sites to train a machine learning model that can predict the probability of an
open dump from satellite data. Since the model's predictions may contain unknown biases,
we do not use them directly as measurements. Instead, we use them to inform an optimal
sampling strategy (Neyman 1934) that results in a representative dataset of high-quality
labeled observations, designed to minimize uncertainty. We use these veri cations to obtain
unbiased estimates of open dump prevalence. We start by describing the crowdsourced data
and other inputs to our machine learning model.

3.1 Machine Learning Model Inputs

Unrepresentative Training Data: We initially gathered a set of veri ed open dumps

from a variety of sources, including our own crowdsourced data collection e ort. To gather
submissions, we enlisted the assistance of an international NGO, the Basel Action Network
(BAN), to create a web portal that allows individuals worldwide to submit the locations
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of open dump sites and contribute to a training data sé& We received more than 270
submissions from dozens of individuals and organizations across 24 countries.

We complement this e ort using several other publicly available datasets on land lls and
informal dumps that cover particular regions of the world or periods of time (Kruse et
al. 2023; D-Waste 2014; Greenpeace 2018; 2021). In particular, we include nearly
1,000 additional unique sites from Earthrise's Global Plastic Watch, which also used satellite
imagery to nd dumps in a number of countrie§.

In order to verify the existence of the dumps and to determine the spatial and temporal
extents of the sites, we rely on the extensive library of historical high-resolution satellite
imagery in Google Earth Pro. Figures A4, 1, and A2 show examples of open-air dumps in
this imagery, which are typically easy to identify. For each site, we look at the rst available
satellite image for each year between 2017 and 2022, and we draw a polygon around the
extent of any exposed waste visible in that year. At the same time, we also create polygons
for nearby areas that are not waste sites but cover other diverse land-use categories (e.g.,
agricultural land, urban areas, forests).

Given the paucity of initial training data, we followed an iterative process to collect additional
data. We trained a small model on the set of example sites, and then we used the model to
make out of sample predictions (see below for details on model training and data used). We
then veri ed some subset of these predictions to assess accuracy, and incorporate new waste
and control sites discovered into the next round of model training. These experiments were
not always systematic as we tried a variety of modeling and sampling strategies, however it
did result in valuable training data, especially control sites representing di cult cases that
early versions of the model struggled to correctly classify. The most common of these were
mines, quarries, and construction sites, where piles of rubble or stones can appear similar
to piles of trash. After several iterations, we have in total nearly 37,000 validated site-year
observations across 93 countries and more than 84,000 control site-year observations. Figure
A3 shows the distribution of our training data worldwide.

Satellite Data: Our primary sources of data are Sentinel-2 and Sentinel-1 satellite imagery.
The European Space Agency has operated both of these satellites with consistent coverage
since 2017. Sentinel-2 is an optical satellite constellation with a spatial resolution of 10m
and a revisit frequency of 3-5 days. Sentinel-1 is a radar satellite that provides all-weather

5Submission form available at: https://www.ban.org/plastic-waste-transparency-project-hub/the-atlas-of-plastic-waste.

50ur complete training dataset and list of sources are available from:
https://github.com/atlas-of-plastic-waste/atlas-of-plastic-waste.

"We begin our satellite analysis in 2017 when Sentinel 2-B was launched.



and day-and-night coverage. The multi-spectral coverage of Sentinel-2 allows us to capture
re ectance in the visible and near-infrared wavelengths, which have been previously used to
di erentiate between plastics and other materials (Biermann et al. 2020; Kruse et al. 2023;
Cobzar et al. 2024). Radar imagery of Sentinel-1 collects information on the texture and
smoothness of land cover, which helps di erentiate between waste sites and other objects
made of similar materials (e.g., plastic roofs or greenhouses).

For each pixel located within our training data polygons, we download satellite data using
Google Earth Engine for each year from 2017 2021, keeping cloud-free, non-water pixels
across all image&. This results in over 7.7 million 10m pixels.

The features used to train the model include each of the 13 bands of Sentinel-2, many derived
indices from these bands, and all Sentinel-1 bands collected in interferometric wide swath
mode and derived indices. For a complete list of satellite bands and derived indices, see
Appendix Tables A1 and A2. For each band and/or derived index, we take the median,
mean, minimum, and maximum value across all the images from each year. We also utilize
focal statistics, taking the mean and standard deviation of each band and index in a 3 pixel
radius around each pixel to include information on nearby areas' shapes and characteristics.
This allows the model to use information on surrounding pixels in classi cation, much
like a convolutional neural network, although we use a model that is simpler and less
computationally intensive to train.

In addition to the satellite data, we use the Dynamic World predictions of major land use
categories that Google derives for Sentinel-2 (2022). We also calculate the population density
within 5km and the distance to the nearest port for each pixel (Earth Science Data Systems,
NASA 2024; National Geospatial-Intelligence Agency 2019).

3.2 Other Data

Here we detail other data sources, not used in training the machine learning model, but in
other parts of the analysis.

Trade Flows: We use the BACI trade database to collect data on the value and mass of

waste traded between countries (Gaulier and Zignago 2010). We collect data on products
banned by the National Sword Policy, including waste plastics, paper, textiles, and minerals
(vanadium slag)® Our main treatment measure uses waste plastics (HS 3915) and unsorted

8We use Google's Cloud Score+ and de ne clear pixels as those with a clear-sky score of at least 65%
(Pasquarella et al. 2023). We use Dynamic World to mask out water pixels (Brown et al. 2022).

9China banned imports of the following: waste minerals/vanadium slag (HS codes 2619 and 2620), waste
plastics (HS code 3915), waste paper (HS code 4707.90), and waste textiles (HS codes 5103, 5104, 5202,
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waste paper (HS 4707.90) as these codes map best to the ban, are most likely to end up
in open dumps, and account for over 84% of China's pre-ban imported tonnage in banned
headings. BACI reanalyzes UN Comtrade data to attempt to correct for reporter reliability.
This is important for our use case, since some waste may be improperly categorized, especially
in countries with import restrictions and while we acknowledge that BACI's reconciliation
methods may not address all systematic HS-code misclassi cations, it is a step in the right
direction. The BACI trade data clearly show a decline in imports in China after the waste
ban, and a corresponding increase in many other countries (Appendix Figure Al).

Pollution, Fires, and Weather: We measure ambient ne particulate matter (PM  ,.5)
using the satellite-derived surface concentration estimates of Donkelaar et al. (2019), which
combine satellite aerosol optical depth retrievals with chemical transport modeling and
ground-monitor calibration on a 0.01° (1km) global grid. This allows for estimates of
particulate matter concentrations in regions where ground monitors are sparse, which includes
most of the world. We use the NASA VIIRS Active Fire Detection product to detect res in
open dumps (Schroeder et al. 2025). This product is available at 375m resolution globally
and uses satellite based sensors to detect res. We overlay VIIRS re detections with our
veri ed dumps to estimate the prevalence of global garbage res. Finally, we use monthly
mean wind elds (10m u- and v-components) from the ERAS reanalysis, available on a
0.25° grid from the Copernicus Climate Data Store, to measure the prevailing wind direction
around dump sites (Hersbach et al. 2020).

Administrative Data on Dumps: In Brazil and California, we compare our dump
detections to existing administrative datasets. For Brazil, we use the registry of land Ils and
dumps from the Sistema Nacional de Informacdes sobre Saneamento (SNIS) for 2017 2022.
For the United States, we use the EPA's Land Il Methane Outreach Program (LMOP)
database, which reports the location and area of municipal solid waste land lls. These
comparisons allow us to assess the coverage of o cial data and to identify dumps missed by
both sources.

GDP and Population: We use World Bank data on GDP per capita (current US$) and
country-level population density (World Bank 2024). We classify countries as high-income
using the World Bank threshold of $13,935 GDP per capita. We measure population density
at the pixel level using the Gridded Population of the World (GPW v4.11) dataset, which
provides population estimates on a 1km grid for 2010, 2015, and 2020 (Earth Science Data
Systems, NASA 2024).

5505, 6310). See https://www.laregionalagency.us/comprehensive-list-of-banned-materials/.
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4 Dump Detection and Active Learning

4.1 Machine Learning Model

We train a gradient boosted tree model using the training sites and satellite data described
above (Chen and Guestrin 2016; Guillame-Bert et al. 2023). Gradient boosted tree models
are useful for their relative computational e ciency and their robustness to over tting, given

a limited number of hyperparameters available for tuning compared with neural networks.
The algorithm builds an ensemble of tree-based models, similar to random forest, however
it builds the trees sequentially using gradient descent, so that each tree tries to correct the
errors of the previous trees.

For model development, we split our sites into training, testing, and validation sites. We
split our sites into 500 global clusters using a k-means algorithm based on their coordinates.
We set aside 20% of our clusters for calculating out-of-sample accuracy metrics, and use
the other 80% for choosing hyperparameters. This restricts the model from learning about
similar dumps that are geographically close together so that the out-of-sample accuracy
metrics we report are not based on the model having seen pixels from within the same
dump, or even the same region or country in many cases.

During training, we assign control pixels a relative weight of 332. This re ects a guess
about the relative prevalence of waste pixels we expected to encounter when deploying
our model out of the training sample, which we calibrated based on our early iterative
experiments. We choose our model hyperparameters to maximize the cross-validated area
under the receiver-operating characteristic curve (AUC) in the training data, a metric that

is robust to heavily unbalanced classes. The nal model builds an ensemble of 100 decision
trees with a maximum depth of 25 splits'°

Assessed on the hold-out data, the nal model has an AUC of 0.96 out of the maximum
possible value of 1. Setting a classi cation threshold that maximizes accuracy, we calculate
balanced accuracy at 90%, precision at 92%, and recall at 85%.

OHyperparameter values tried and chosen are shown in Appendix Table A3. AUC is a metric that
incentivizes correctly ranking observations by the probability that they are a dump, but it may lead
to miscalibrated probabilities, especially for unlikely cases. We thus apply a sigmoid recalibration to the
resulting predictions: p = (1 +exp(alog(p i=(1 pi)))) 1 where p are the original predictions, and we
set the coe cient a = 3:15 to minimize log loss in the hold-out sample. This transformation rescales
probabilities without changing their relative ranking.
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