
Earth Observation Data to Support Environmental Justice:
Linking Non‐Permitted Poultry Operations to Social
Vulnerability Indices
Mirela G. Tulbure1 , Júlio Caineta1, Brooke Cox1, Stephen V. Stehman2, Ayse Ercumen3,
RebeccaWitter4, Ryan Emanuel5 , Dana E. Powell6, KempBurdette7, SherriWhite‐Williamson8, and
Shea Tuberty9

1Center for Geospatial Analytics, North Carolina State University, Raleigh, NC, USA, 2College of Environmental Science
and Forestry, State University of New York, Syracuse, NY, USA, 3Department of Forestry and Environmental Resources,
North Carolina State University, Raleigh, NC, USA, 4Department of Sustainable Development, Appalachian State
University, Boone, NC, USA, 5Nicholas School of the Environment, Duke University, Durham, NC, USA, 6Graduate
Institute of Medical Humanities, Taipei Medical University, Taipei, Taiwan, 7Cape Fear Riverkeeper, Wilmington, NC,
USA, 8Environmental Justice Community Action Network, Clinton, NC, USA, 9Department of Biology, Appalachian State
University, Boone, NC, USA

Abstract Concentrated Animal Feeding Operations (CAFOs) apply massive amounts of untreated waste to
nearby farmlands, with severe environmental health impacts of swine CAFOs and proximity to disadvantaged
communities well documented in some US regions. Most studies documenting the impacts of CAFOs rely
almost exclusively on CAFO locations known from incomplete public records. Poultry CAFOs generate dry
waste and operate without federal permits; thus, their environmental justice (EJ) impacts are undocumented.
North Carolina (NC), a leading poultry producer, has seen a significant increase in poultry CAFOs, particularly
since the 1997 swine CAFO moratorium. Using literature‐derived heuristics, this study refined the locations of
poultry CAFOs derived based on Earth Observation (EO) data and deep learning, reducing the overestimation of
poultry CAFO density by 54% after heuristic adjustments. We removed 51.8% of misclassified features in NC
and 61.5% across the US, significantly improving data set accuracy. Spatial analysis, including Local Indicators
of Spatial Association, revealed that poultry CAFOs often cluster in census tracts with high Social Vulnerability
Index (SVI) scores, indicating potential EJ issues. Notably, one‐third of NC's census tracts with high poultry
CAFO density also have high SVI, primarily in rural eastern regions. Similar patterns were observed in the
South and Southeast of the US. However, not all high‐density CAFO areas correspond with high SVI,
suggesting a complex relationship between CAFO locations and community vulnerabilities. This study
highlights the critical need for comprehensive, high‐quality data on unpermitted poultry CAFOs derived using
AI algorithms to fully understand their impacts on communities and accurately inform EJ evaluations.

Plain Language Summary This study explores the environmental and social impacts of poultry
concentrated animal feeding operations (CAFOs) across North Carolina and the United States. These
operations, often unregulated, contribute significantly to local pollution levels, particularly in areas with high
social vulnerability. Using literature‐derived heuristics on Earth Observation data and deep learning techniques,
we identified the precise locations of poultry CAFOs and analyzed their distribution in relation to socially
vulnerable communities. The findings reveal a significant concentration of poultry CAFOs in certain regions,
particularly where social vulnerabilities are already high, highlighting potential environmental justice concerns.

1. Introduction
The growth of the affluent human population has skyrocketed the demand for animal products, leading to an
accelerated increase in livestock production and related environmental injustices (Herrero et al., 2015). Over 40%
of US livestock production comes from Concentrated Animal Feeding Operations (CAFOs) (Copeland, 2010),
which produce massive amounts of waste known to contaminate the environment. CAFOs raise large numbers of
animals in confinement, generating hundreds of millions of tons of waste annually, held in lagoons or heaps, and
applied essentially untreated to nearby farmlands, with the 2017 Census of Agriculture identifying several hot-
spots of CAFOs in the American South and Midwest (Food & Water Watch, 2020).
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Animal confinement and waste management practices disseminate contaminants into the environment, including
nutrients, pathogens, and heavy metals, chronically and episodically during extreme weather events (Christenson
et al., 2022; Emanuel, 2018; Niedermeyer et al., 2020; North Carolina Conservation Network, 2021; Wing, 2002;
Wing et al., 2008) creating toxic conditions for nearby communities. An extensive body of research documents
CAFOs' impacts on air and water quality and related consequences for environmental and public health (Bur-
kholder et al., 2007; Casey et al., 2015; Niedermeyer et al., 2020).

Industrialized animal agriculture has cumulative and disproportionate impacts on rural, low‐income communities,
communities of color, and members of Tribal Nations, raising well‐documented concerns about environmental
justice (EJ) (Gilio‐Whitaker, 2019; Miller & Longest, 2020; Nicole, 2013; Wilson et al., 2002; Wing & John-
ston, 2014; Wing, 2005; Wing et al., 2000). In NC, one of the nation's largest poultry producers, most poultry
CAFOs remain unregulated by the state; however, there has been mounting political pressure for change (e.g., H.
B. 722, North Carolina General Assembly, 2023). Over the past decade, impacted communities in NC have
observed a dramatic rise in poultry CAFOs and have expressed concern about their disproportionate negative
environmental and human health impacts on Black, Indigenous, and People of Color (Wagner et al., 2023). A
2023 journalistic investigation by the Charlotte Observer found that more than one billion chickens and turkeys
generating billions of pounds of untreated waste are raised in approximately 4,700 industrialized operations in NC
each year, with an estimated 230,000 people living within one mile of the operations (Off, 2023).

Human exposure to environmental hazards has typically been explored through statistical analyses of environ-
mental hazard locations and the demographic characteristics of the places nearby (Carrel et al., 2016). Most
research on the disproportionate impacts of CAFO‐related hazards has been in NC and focused primarily on
known swine CAFOs (∼40% of them, which require a permit). These studies found that swine CAFOs are
significantly more likely to be located in places where higher proportions of residents live in poverty and are non‐
white, making industrialized animal agriculture a major problem of EJ (Donham et al., 2007; Edwards &
Ladd, 2001; Ladd & Edward, 2002; Mirabelli et al., 2006; Wing & Johnston, 2014; Wing et al., 2000). However,
research conducted in the Upper Midwest, which has a different social geography, did not find an association
between higher swine CAFO density and social vulnerability (Carrel et al., 2016). Deciphering if and the extent to
which poultry CAFOs may be exacerbating existing or causing new environmental injustices necessitates doc-
umenting the location of these operations.

Public records of poultry CAFO locations are incomplete primarily because only CAFOs that discharge pollutants
into US waters must apply for a National Pollutant Discharge Elimination System permit. Poultry CAFOs do not
need a federal permit because they produce dry waste and do not discharge directly into regulated water bodies
(Environmental Protection Agency, 2011) thus poultry operations across NC remain un‐ or under‐regulated.
Some states have specific regulations that might require permitting under certain conditions (e.g., Oklahoma
(Felder, 2023), Nebraska (University of Nebraska–Lincoln, 2023), and Washington (Washington State Depart-
ment of Ecology, 2023)). Existing regulations may be permissive or nuanced, allowing operating CAFOs to evade
environmental review (Howard, 2019). For example, in Oklahoma, an industrialized poultry operation might not
be considered a CAFO if they move the litter off‐site (Felder, 2023), and in Washington and Nebraska, permitting
could be avoided depending on the number of animals (University of Nebraska–Lincoln, 2023; Washington State
Department of Ecology, 2023). Moreover, while the US Department of Agriculture's National Agricultural
Statistics Service conducts a Census of Agriculture every five years, they only publish results in aggregate at the
county or state level due to confidentiality and mask results in small counties (USDA, National Agricultural
Statistics Service, 2019).

The lack of CAFO location data has led several agencies and organizations (e.g., EPA, Waterkeeper Alliance,
Environmental Working Group) to employ individuals to scan satellite images and determine CAFO locations
manually (Martin et al., 2018) in addition to on the ground monitoring that Waterkeepers and concerned citizens
also conduct. However, such manual approaches are logistically difficult, non‐systematically acquired, and time‐
consuming—it could take over seven years to classify the entire US for a fixed‐time data set (Handan‐Nader &
Ho, 2019).

Most studies rely on CAFO locations known from public records, which are incomplete (Martin et al., 2018) thus,
understanding of industrialized agriculture's negative impacts also remains incomplete. The problem of unknown
CAFO locations is exacerbated in the context of poultry CAFOs, which remain undocumented and unregulated in
states like NC, along with their potential impacts on marginalized communities. More than a decade ago, the
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Government Accountability Office noted that the lack of reliable historical data on CAFOs has limited our un-
derstanding of changes in agricultural practices and associated environmental impacts over time (United States
Government Accountability Office, 2008).

In response to this dearth of basic knowledge of CAFO location data, researchers have sought to manually label
CAFO locations in satellite or aerial data (Handan‐Nader & Ho, 2019; Martin et al., 2018) and to try to automate
CAFO detection (Chugg et al., 2021; Handan‐Nader & Ho, 2019; Maroney et al., 2020; Patyk et al., 2020;
Robinson et al., 2022). Still, no nationwide data set records of permitted and non‐permitted poultry CAFO lo-
cations and characteristics exist. Therefore, the EPA does not have accurate information to regulate them (United
States Government Accountability Office, 2008).

Despite the importance of knowing CAFO locations and their characteristics for environmental governance,
surprisingly, little research has been conducted in this space using machine learning (ML) and EO data (Handan‐
Nader & Ho, 2019). Recent advances in remote sensing and computer vision have made strides in several do-
mains, including environmental compliance, particularly for automatic CAFO mapping (Handan‐Nader &
Ho, 2019; Handan‐Nader et al., 2021). Mapping CAFOs in satellite data is non‐trivial because CAFO facilities are
variable in size (i.e., several barns for poultry or several barns and manure lagoons for swine CAFOs, Figure 1),
their density in the landscape varies considerably, and other identifying features (e.g., cylindrical feeding tanks)
are not always visible (Ho & Troncoso, 2019). The Microsoft for Good AI team recently developed a poultry
CAFO data set across the US based on ML. However, this data set has several types of false positives (see
Section 2.1.1; Robinson et al., 2022).

Based primarily on the experience and research conducted by and with communities living in the affected regions
in NC, we know that there has been an increase in poultry CAFOs in these same geographies (Quincin, 2024).
However, the relationship between poultry CAFO location and social vulnerabilities has not been studied sys-
tematically. This is likely due to the undocumented locations of poultry CAFOs, a knowledge gap enabled by the
state's lack of regulation over this industry. This article describes a quantitative analysis of the association be-
tween social vulnerability (as measured by the Social Vulnerability Index or SVI; Flanagan et al., 2011) and
poultry CAFOs at the census tract level. The specific objectives of this work were to (a) Use heuristics from the
literature on poultry CAFO barn types on a recent EO‐based poultry CAFO data set to produce a refined data set
of poultry CAFO barns, (b) Validate the data set before and after applying the heuristics across NC and apply the
heuristics US‐wide, and (c) Examine the social implications of CAFOs through a quantitative analysis of the
empirical relationships between EO‐derived poultry CAFO density with census tract level social vulnerability
indices, both in NC and US‐wide.

Figure 1. Examples of false positives in the poultry CAFO barn data set (Robinson et al., 2022). From left to right, these include swine CAFO barns (a), airport strips and
hangars (b), and plant nurseries (c). Yellow polygons represent polygons misidentified as poultry CAFO barns. The base maps are subsets from National Agriculture
Imagery Program (NAIP) data acquired over NC in 2016 (USDA Farm Production and Conservation ‐ Business Center, Geospatial Enterprise Operations, 2016).
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2. Methods
2.1. Data Sets

2.1.1. Robinson Data Set

We used the first national map of poultry CAFOs (Robinson et al., 2022) created using a deep‐learning model.
This data set consists of geolocated polygons representing poultry CAFOs. However, this effort used training data
only from the Delmarva Peninsula (on the East coast of the US, occupying the vast majority of the state of
Delaware and parts of the Eastern Shore of Maryland and Eastern Shore of Virginia), which lacks representa-
tiveness when applied US‐wide. The data set thus produced several types of false positives (e.g., airstrips, dirt
roads, swine CAFOs, plant nurseries, boats and docks in coastal or lacustrine areas, and industrial or mobile home
parks, Figure 1). Given that the data set's main drawback was many false positives, we did not expand upon the
data set but focused our efforts on refining the poultry CAFO data set by post‐processing the results to eliminate a
large number of these false positives by applying a series of literature‐derived heuristics (Section 2.4).

2.1.2. National Agriculture Imagery Program (NAIP) Data

The original data set (Robinson et al., 2022) used NAIP imagery from 16 May 2016, to 4 September 2016. NAIP
data have been regularly acquired in the US since 2001, with∼1 m resolution and four bands (red, green, blue, and
near‐infrared) every few (∼3) years (USDA, 2009). We used the NAIP aerial imagery taken from 23 May 2016 to
11 September 2016, to perform the validation process by visually identifying poultry CAFOs for our refined data
set. We accessed and downloaded the NAIP imagery as compressed county mosaics via the USDA Geospatial
Data Gateway for all counties where we sampled census tracts for validation (Figure 2).

2.1.3. Environmental Justice (EJ) Indicators

We examined the environmental justice implications of poultry CAFOs using poultry CAFO barn density and the
Center for Disease Control and Prevention (CDC) SVI per census tract. The SVI measures a community's ability
to respond to environmental disasters, and it incorporates 16 factors, including poverty, unemployment, housing,
education, age, gender, race, ethnicity, and transportation data (Flanagan et al., 2011). We utilized the 2020 data
set, made available by the CDC (Centers for Disease Control and Prevention/Agency for Toxic Substances and
Disease Registry/Geospatial Research, Analysis, and Services Program, 2021). We computed poultry CAFO barn
area density per census tract as the total footprint area of barns within each tract divided by the corresponding tract
area to account for the fact that larger barns will host more chickens and consequently have a higher environ-
mental and social vulnerability impact.

2.2. Data Analysis

2.2.1. Moran's I

We used Local Moran's I to quantify the spatial co‐occurrence of statistically significant SVI and poultry CAFO
density clusters at the census tract level. Local Moran's I—also known as Localized Indicator of Spatial Analysis

Figure 2. The distribution of the five strata and the randomly selected census tracts used for validation.
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(LISA)—is a statistic for measuring spatial autocorrelation, that is, the extent to which a geolocated variable is
clustered, dispersed, or randomly distributed at each location within a study area (Anselin, 1995). We computed
Local Moran's I using the PySAL library in Python (Rey & Anselin, 2007). The five SVI variables—the index
itself and the four themes that it comprises—and poultry CAFO density data were standardized (z‐score stan-
dardization) before a spatial weights matrix was computed utilizing queen contiguity. This matrix was then used
to compute the Local Moran's I values. For each variable, we visualized the results as LISA clusters, grouped into
five categories of spatial clustering or dispersion, including High‐High (HH), high values surrounded by high
values (Hotspots); High‐Low (HL), high values surrounded by low values (spatial outlier); Low‐High (LH), low
values surrounded by high value (spatial outlier); Low‐Low (LL), low values surrounded by low values (Cold-
spots), and not significant, no statistically significant spatial autocorrelation (i.e., p‐value less than 0.05). These
clusters were computed at the census tract level, whereby the first quantifier—High/Low, that is, above or below
the mean, respectively—refers to the value of each variable in a given tract. The second quantifier refers to the
values of the same individual variable in the adjacent tracts (i.e., following queen contiguity).

We also compared the LISA clusters of HH poultry CAFO area density and the HH clusters from each one of the
SVI variables (SVI itself plus the four themes). We assessed the spatial overlap between the HH clusters of the
CAFO area density and each of the SVI variables by computing the number and total area of the intersecting
census tracts where both variables exhibited HH clustering.

2.3. Study Area

2.3.1. North Carolina (NC)

We used NC (Figures 2 and 3) as a testbed to validate our literature‐derived heuristics. NC is among the four
highest poultry‐producing states in the US (Figure 4) and has an established record of environmental injustices
related to CAFOs (Miller & Longest, 2020; Wing et al., 2000). The vast majority of NC CAFOs are located in
NC's inner Coastal Plain (southeastern NC), an area with a significant representation of low‐income and minority
populations (African American, Latine, Indigenous) with established records of existing, historical, underlying
health disparities and social vulnerabilities (Emanuel, 2019; Lowery, 2010; Miller & Longest, 2020; Wing
et al., 2000). Compounding these underlying risks, the area has experienced unprecedented flooding from hur-
ricanes, projected to increase in frequency and intensity due to climate change (Christenson et al., 2022; Ema-
nuel, 2018; Powell et al., 2024; USGCRP, 2017).

2.3.2. US‐Wide

Once our literature‐derived heuristics were validated for NC, we applied them to the US‐wide data set to highlight
the areas of high poultry CAFO density across the US. Using Moran's I, we assessed the spatial co‐occurrence of

Figure 3. Barn centroid locations (top) before (left) and after (right) applying our literature‐derived heuristics for NC and heat maps (using a 10 km radius) identifying
high CAFO barn density areas in NC (bottom).
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high poultry CAFO density with the overall 4‐Theme SVI and each theme individually (i.e., Socioeconomic
Status, Household Characteristics, Racial and Ethnic Minority Status, Housing Type and Transportation) across
NC and US‐wide. Each one of the four themes of the SVI summarizes several variables. For example, the 2020
Socioeconomic Status theme used here includes five variables: Below 150% Poverty, Unemployed, Housing Cost
Burden, No High School Diploma, and No Health Insurance (Centers for Disease Control and Prevention/Agency
for Toxic Substances and Disease Registry/Geospatial Research, Analysis, and Services Program, 2020).

2.4. Literature‐Derived Heuristics

We established the need to refine the Robinson et al. (2022) data set because, for example, there were false
positives corresponding to roads being misclassified as poultry barns and poultry barns occurring in water near the
coastline or within inland water bodies (Figure 1). To achieve this, we conducted a literature review on poultry
CAFO characteristics (Table 1), paired with several geospatial data sets (e.g., water bodies and roads). This
enabled us to find where poultry CAFO barns intersected with or were close to those features (e.g., waterbodies,
roads), to mark locations where poultry CAFO barns should not be present, and to remove false positives. We also
constrained the area of poultry CAFO barns between 1,000 and 4,000 m2, the width between 10 and 30 m, the
length between 100 and 200 m, and the aspect ratio between 3.4 and 18. We then adjusted these ranges to
reconcile differences among the references and our observations (deriving histograms to ensure most or all
CAFOs were captured, followed by visual inspection and exploratory analysis of the distributions of barn
characteristics distributions), ensuring suitability for a broad geographic area (US‐wide).

2.5. Validation

We used after‐heuristics (AH) poultry CAFO barn area density per NC census tract to construct the strata for
our validation sampling design. We partitioned the tracts into five strata: the top 15% of poultry CAFO area
density (“high CAFO density”), the bottom 50% (“low CAFO density”), every tract between the 15% and

Figure 4. Barn centroid locations (top) before (left) and after (right) applying our literature‐derived heuristics across the US and heat maps (using a 100 km radius)
identifying high CAFO barn density areas in the US (bottom).
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bottom 50% of area density (“medium CAFO density”), urban census tracts, and no poultry CAFO barns
(Figure 2). The urban stratum was defined based on the 2019 National Land Cover Database (NLCD; Dewitz &
U.S. Geological Survey, 2024), such that the most represented land cover classification within those tracts was
either medium‐ or high‐intensity developed areas, not including tracts with no CAFO barns. In each of the five
strata, we randomly selected 25 census tracts with equal probability (i.e., simple random within each stratum).
Given that the urban stratum only had 22 census tracts, we used all 22 for sampling. In comparison, each of the
other four strata had 25 census tracts randomly selected, leading to 122 census tracts being used for validation
as part of our ground truth (GT) data set. The GT data set was used to compare the improvement in our poultry
CAFO data before and after applying the heuristics. Our GT reference data used to assess the accuracy of the
poultry CAFO data set before and after applying the heuristic satisfied the requirements of reference classi-
fication/ground truth data in remote sensing (Olofsson et al., 2014). The standard for reference data is that it
must be of higher quality than the map itself. That is, the reference labels can use the same imagery as the
product (so “equal” in that sense, in our case, NAIP data), but the interpreter labels are of higher quality
because of the intense effort to interpret them visually.

In each of the 122 sampled census tracts, two analysts visually counted and digitized poultry CAFO barns in QGIS
(QGIS Development Team, 2024), creating rectangular polygons around the perimeter of apparent poultry CAFO
barns. To avoid bias, the analysts were unaware of the strata to which the census tracts belonged. While iden-
tifying poultry CAFOs from NAIP aerial imagery was relatively straightforward, to ensure the classifications
were consistent between the two analysts, both analysts counted and digitized the poultry CAFO barns for the
same first 25 tracts (randomly selected) and compared the results. Disagreement between the two analysts was
rare. The team consulted and provided feedback at the end of digitizing the 25 tracts to ensure consistency be-
tween the analysts, who continued digitizing the remaining 97 tracts separately. Further, when the analysts were
unsure of their digitizing, those examples were reviewed and agreed upon across the team to maintain consistency
in counting and digitizing. The characteristics used for visually identifying poultry CAFO barns included their
shape (i.e., long and thin rectangular barns), color and texture (to exclude abandoned barns), the presence of feed
silos, truck roads to the barns, other barns in their vicinities (most CAFOs have multiple barns), propane tanks
used for heating mainly in western NC, and absence of manure lagoons, which are characteristic for swine
CAFOs.

To assess per census tract accuracy, we used three primary metrics, including mean deviation (MD), mean ab-
solute deviation (MAD), and root mean square error (RMSE, see formulas below). For the formulas, we defined
yk = GT (ground truth) value and xk = BH (before heuristics) or AH (after heuristics) value for census tract k, and
N = number of census tracts in the full population. The formulas below are presented in terms of the population
parameter of the accuracy metric, which we then estimated from the stratified sample.

Mean deviation (MD): MD = 1
N ∑

N

k=1
( xk − yk)

Mean absolute deviation (MAD): MAD = 1
N ∑

N

k=1
|xk − yk|

Root mean square error (RMSE): RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N ∑

N

k=1
( xk − yk)

2
√

MAD and RMSE remove the impact that the after‐heuristic and before‐heuristic values can be greater than or less
than the ground‐truth values so that large positive and large negative differences with ground‐truth will cancel in
the MD metric. RMSE weights outliers (large deviations) more heavily than MAD because the deviations are
squared. The stratified estimator of the population mean of zk is shown below, where zh is the sample mean of zk in
stratum h and Nh is the number of census tracts in stratum h (i.e., the stratum size of the population). zk is defined
differently to estimate each agreement measure, as shown in Supporting Information S1.

Ẑ =
1
N
∑
H

h=1
Nhzh
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3. Results
3.1. Refined Data Set

We applied a series of heuristics on an EO‐based data set that mapped poultry CAFOs across NC and the US. The
heuristics used were chosen based on existing literature, which described the characteristics of poultry CAFO
barns (Table 1). These characteristics included area, width, length, and aspect ratio of poultry barns. Across NC,
we removed 14,242 poultry CAFO barns (51.8% of the original 27,514 polygons) that were identified as false
positives based on our heuristics across NC. Based on the validation sample data and the reference classification
of poultry CAFO barns, the estimated number of barns was 12,847 for the AH classification compared to 12,216
based on the GT classification for NC (Table 2). Based on the BH classification, the estimated number was more
than double the total count from the GT labels. Across the US, the number of poultry CAFO barns removed was
221,915 (61.5% of the original 360,857 polygons). After applying our literature‐derived heuristics, the total
number of poultry CAFO barns was 13,272 for NC and 138,942 for the US. The results indicate that the barn
geometry criteria (width, length, area, and aspect ratio; see Table 1) effectively removed outliers, as evidenced by
the similar mean values and the reduced standard deviation of barn area per tract AH when compared to BH, both
in NC and in the US (see Table S1 and Table S2 in Supporting Information S1).

3.2. Validation

The sample validation demonstrated an accuracy improvement in all three features measured: number of poultry
CAFO barns, area of barns, and barn area density estimates before and after applying heuristics. Applying
heuristics reduced the overestimation of poultry CAFO density per census tract by 54%, aligning the AH density
estimates much closer to the GT estimates than the agreement of the BH estimates with the GT estimates.
Specifically, the Mean Deviation (MD) for the total count declined from 13,060 for BH to 631 for AH, indicating
a substantial decrease in the overall bias. Similarly, the Mean Absolute Deviation (MAD) and Root Mean Square
Error (RMSE) metrics showed that AH values were more accurate, with MAD decreasing from 13,711 (BH) to
3,627 (AH) and RMSE reducing substantially as well. These metrics from the accuracy assessment support that
the heuristics corrected large discrepancies in the BH product for the number of barns, area of barns, and barn
density; therefore, the refined AH data set better reflects the actual conditions on the ground.

3.3. Poultry CAFO Area Density in NC and the Contiguous United States (CONUS)

Descriptive mapping of poultry CAFO barn density at the census tract scale suggests a non‐random and uneven
distribution of poultry CAFOs in NC and across CONUS (Figures 3 and 4). In NC, most poultry CAFOs are
located in the eastern, south‐central, and western parts of the state, with higher densities than the rest of NC. The
lowest densities of poultry CAFOs in NC are found in areas surrounding NC's larger cities, including Raleigh‐
Durham, Charlotte, and Asheville. Across the US, high densities of poultry CAFOs are found predominantly
in rural areas of the US South, Southeast, and the Midwest, including NC, the Delmarva Peninsula, north central
Iowa, eastern Oklahoma, northern and southern parts of Georgia, Alabama, Mississippi, Louisiana, and western
Arkansas.

3.4. Association Between Areas of High Poultry CAFO Density and SVI

We found that poultry CAFOs cluster in certain NC and USA regions. We applied Local Indicators of Spatial
Association (LISA) and Local Moran's I to identify clustering patterns of poultry CAFOs. Our analysis revealed
that these facilities tend to cluster in regions of NC characterized by high racial and minority populations and low
socioeconomic status, as defined by SVI's themes, and high social vulnerability, particularly in the southeastern
part of the state (Figure 5). We have also produced similar maps for the other two SVI themes (Household
Characteristics and Housing Type, and Transportation; see Supporting Information S1). Socioeconomic Status
and Racial and Minority Status were the themes with more discernible spatial clusters that match the barn area
density in NC (Figure 5). Across the US, these high densities of poultry CAFOs are located in areas with pop-
ulations of high social vulnerability in eastern NC, eastern Oklahoma, and southern Georgia, among others
(Figure 6). When comparing HH poultry CAFO area density census tracts with census tracts of HH SVI, we
identified areas of significant spatial correlation between the variables. In NC, one‐third of the HH poultry CAFO
area density census tracts overlapped with census tracts of HH SVI, whereas for the CONUS, this overlap is only
17%. For both NC and the US, tracts of HH SVI's Theme 3, Racial and Ethnic Minority Status, overlapped the
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most (30%) with areas of HH poultry CAFO area density. In terms of area, 36% and 21% of the total area of census
tracts of HH poultry CAFO area density overlapped with census tracts of HH SVI across NC and the US,
respectively. Among the SVI themes, Theme 3, Racial and Ethnic Minority Status, had the highest area overlap
(43%) across NC, followed by SVI's Theme 2, Socioeconomic Status (31%). Across the US, SVI's Theme 2,
Household Characteristics, had the highest area overlap (29%), followed closely by Racial and Ethnic Minority
Status and Socioeconomic Status, each with 26% area overlap.

4. Discussion
We used literature‐derived heuristics (Table 1) to remove the large proportion of false positives in a US‐wide
poultry CAFO data set that was developed based on a deep‐learning model trained on the Delmarva Peninsula
and applied across the entire US using NAIP data (Robinson et al., 2022). Applying the heuristics improved
the AH data set as quantified by our validation, which showed a 54% reduction in the overestimation of
poultry CAFO density per census tract compared to the BH data set (Table 2). For example, Figure 7 shows
that the majority of AH barn density estimates have lower errors than BH estimates per census tract. The
larger errors are in the BH estimates, specifically in the urban tracts and in some of the high‐density tracts.
The improvement in the CAFO density estimates was more prominent in urban areas (Figure 7), likely due to
urban areas having a higher density and overall more features that can be misidentified as poultry CAFO
barns. We used the AH data set to identify co‐occurrence clusters of areas of high poultry CAFO density and
high CDC SVI in NC and US‐wide. We chose NC to validate our data because NC is one of the largest
poultry‐producing states in the US, experiences environmental injustices amplified by climate‐driven hazards
such as increased hurricane flooding, and has a high proportion of private well water users who are at risk of
drinking water contamination by CAFO waste.

Poultry production in NC in CAFOs was not evenly distributed in space. There are three clusters of High‐High
(HH), high poultry CAFO density per census tract surrounded by other high poultry CAFO density (Hotspots) in
NC, including the state's southeastern part and the central and western parts of NC (Figures 2 and 3). This pattern
differs from the geographic distribution of swine CAFOs, which are concentrated in the eastern part of the state
(Montefiore et al., 2022). Poultry CAFO concentrations are more widespread across the state compared to swine
CAFOs, and they tend to be clustered in rural regions. The clusters of HH poultry CAFO density in the Coastal
Plain of NC occurred in areas of low socioeconomic status and high SVI (Figure 5), similar to what others have
found in the literature for NC (Donham et al., 2007; Edwards & Ladd, 2001; Ladd & Edward, 2002; Mirabelli
et al., 2006; Wing & Johnston, 2014; Wing et al., 2000). Specifically, when overlapping HH poultry CAFO area
density tracts with tracts of HH SVI and HH themes scores, Racial and Ethnic Minority Status had the highest
overlap in NC in terms of both by number (30%) and area (43%) of census tracts, and one‐third of HH poultry

Table 2
Comparison of GT, BH, and AH Estimates of Total Count and Total Area of Poultry CAFO Barns Based on the Sample, As
Well As Estimates of Mean (Per Census Tract) Count, Mean Area, and Mean Density in NC

COUNT Estimated total SE Estimated mean SE

Ground truth 12,216 1,647 4.57 0.62

Before heuristics 25,276 3,164 9.46 1.18

After heuristics 12,847 1,615 4.81 0.6

AREA (m2) Estimated total SE Estimated mean SE

Ground truth 2.748 × 107 3.855 × 106 10,287 1,443

Before heuristics 5.218 × 107 6.651 × 106 19,532 2,489

After heuristics 3.335 × 107 4.269 × 106 12,485 1,598

DENSITY Estimated mean SE

Ground truth 9.1 × 10− 5 8.4 × 10− 6

Before heuristics 2.81 × 10− 4 5.21 × 10− 5

After heuristics 1.28 × 10− 4 5.8 × 10− 6
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CAFO area density tracts overlapped with tracts of HH SVI. Similar relationships were observed between swine
CAFO exposure and race and income in Mississippi (Wilson et al., 2002). Socioeconomic status and racial
minorities are among the four themes of variables that comprise the SVI, and they have been documented as
important in characterizing social vulnerabilities (Tate et al., 2021); such vulnerabilities are further compounded
by the ecological risks shouldered by these communities, who reside in lowland regions increasingly impacted by
hurricane and flooding events, heat indices, and loss of biodiversity.

Figure 5. LISA clusters in NC of (a) poultry CAFO barn density, (b) the CDC Social Vulnerability Index (SVI) for 2020,
(c) SVI's Socioeconomic Status scores, and (d) SVI's Racial and Ethnic Minority Status scores. All variables are aggregated
by the 2020 U.S. Census Tracts. LISA clusters show high values surrounded by high values (red, High‐High, also termed
hotspots); high values surrounded by low values (orange, High‐Low, spatial outliers); low values surrounded by high values
(light blue, Low‐High, spatial outliers); and low values surrounded by low values (dark blue, Low‐Low, also termed
coldspots). The remaining areas do not have statistically significant spatial autocorrelation (light gray). The names of the 10
most populous cities are included for reference.
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Poultry production in CAFOs is spatially clustered in certain areas of the US. We identified several clusters of
HH poultry CAFO density nationally across the US, including the Coastal Plain in southeastern NC, the
Delmarva Peninsula, Iowa, and several areas of the US south and southeast (Figures 4 and 6). Only some HH
poultry CAFO density areas coincided with areas of HH clusters of SVI, particularly in the eastern NC, but not
in the major urban areas or areas of the western NC, which also have high poultry CAFO barn densities but not
high SVI. When overlapping HH poultry CAFO tracts with tracts of HH SVI, the overall overlap was 17% and
21%, respectively, by number and area of census tract. Among the four SVI themes, similar to NC, Racial and
Ethnic Minority Status had the highest overlap by area and the second highest, together with Socioeconomic
Status by number of census tracts overlapped. The presence of poultry CAFOs can provide economic benefits
to operators and some members of local communities who may be directly employed in the industry or who
may benefit indirectly via CAFO‐related economic activity (e.g., providing infrastructure or purchasing feed
and supplies; Environmental Protection Agency, 2001). However, occupational studies acknowledge that jobs
directly associated with CAFOs are accompanied by elevated health and safety risks (e.g., Mitloehner &
Calvo, 2008; Moore et al., 2021; Ramos et al., 2016).

Although our work indicates potential for environmental injustice, other factors should also be considered. First,
the fact that not all locations of high poultry CAFO densities are associated with areas of high social vulnerability
could suggest that accounting for places where manure is sprayed or discarded, which can be further away from a

Figure 6. LISA clusters in the contiguous US of CAFO barn density (top left), the CDC Social Vulnerability Index (SVI) for 2020 (top right), SVI's Socioeconomic
Status scores (bottom left), and SVI's Racial and Ethnic Minority Status (bottom right) scores. All variables are aggregated by the 2020 U.S. Census Tracts. LISA
clusters show high values surrounded by high values (red, High‐High, also termed hotspots); high values surrounded by low values (orange, High‐Low, spatial outliers);
low values surrounded by high values (light blue, Low‐High, spatial outliers); and low values surrounded by low values (dark blue, Low‐Low, also termed coldspots).
The remaining areas do not have statistically significant spatial autocorrelation (light gray). The 2‐letter state codes and their boundaries (black) are included for
reference. The states mentioned in the text are outlined in green.
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CAFO, may be important. Poultry CAFOs store dry waste in open heaps, which is then often applied to agri-
cultural lands as fertilizer—the distance between the CAFO and the point of application is typically greater than
15 km (Miralha et al., 2022). Poultry CAFOs are not approved for discharging into US waters, and they do not
typically need a federal permit to operate, thus potentially leading to further inequalities.

Second, while most studies, primarily conducted in NC and areas of the US South and mainly focused on swine
CAFOs, demonstrated a positive association between areas of high CAFO density and high SVI, this rela-
tionship does not hold throughout the US. For example, a study focused on swine CAFOs in Iowa did not find a
significant relationship between swine CAFOs and hotpots of poverty and non‐white populations, unlike in NC
(Carrel et al., 2016). The authors attributed this to the different geography and demography of Iowa, as well as
other parts of the Upper Midwest, where minorities are located mainly in urban areas rather than rural areas
such as in the southeastern US (e.g., NC), with rural areas having high revenue due to their corn and soy
production (Carrel et al., 2016).

Third, EJ is not usually a factor of one polluting industry but multiple compounded social, economic, and
environmental hazards and inequities captured in the SVI. This research underscores the critical need to
understand the EJ implications of poultry CAFO locations to effectively document and address the accu-
mulation and exacerbation of social and environmental harms, particularly in areas where swine CAFOs and
their impacts have already been established (e.g., eastern NC), as well as emerging new areas. For example,
NC's Governor's Office recently committed (see Executive Order 292; Office of the Governor of North
Carolina, 2023) to advancing EJ across state agencies, including developing an EJ mapping tool and cu-
mulative impact assessment. This commitment highlights the urgency of incorporating data on poultry CAFO
locations. Such inclusion is essential for prioritizing regulatory efforts and for comprehensive EJ assessments.
Furthermore, the expansion of poultry CAFOs across NC, known for hazardous waste issues and potential
aggravation of existing environmental injustices—especially in hurricane‐prone eastern NC—calls for a
regulatory review to mitigate new and ongoing harms in vulnerable communities. This work provides
foundational data for guiding policy decisions and further research into the spatial dynamics of CAFO impacts
within diverse ecological and social landscapes.

Figure 7. Comparison of the absolute errors of both barn area density estimates, after heuristics (AH, y‐axis) and before
heuristics (BH, x‐axis), per census tract. The color and shape of the points show their strata. The dashed line represents the
1:1 line. The density estimates are log‐transformed for better visualization, showing the larger errors occurring in BH
estimates within census tracts of Urban areas, and of High CAFO density. It also shows that most BH estimates have higher
errors than the AH estimates.
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Fourth, ideally, a finer‐scale analysis at the census block might be preferable over census tracts to capture
finer spatial links to SVI. The size of census tracts is a function of the number of people in a tract (on
average, a tract represents 4,000 people); thus, their size can vary. If census tract sizes are large and het-
erogeneous, they can mask those effects by averaging across a larger area. In contrast, a census block is the
smallest geographic unit used by the United States Census Bureau, typically bounded by visible features such
as streets and roads or non‐visible boundaries like property lines. However, SVI data at the block level are
lacking compared to data at the tract level.

Understanding the impacts of CAFOs on community health relies on updated, high quality and publicly available
data on the location of poultry CAFOs. EO data and ML represent one of the few ways to quantify the presence of
CAFOs, their expansion over time, and facility establishment and closing. While the data set utilized here relied
on NAIP imagery, a source of imagery only available in the US, the approach could be applied to other areas
worldwide where high numbers of CAFOs occur (e.g., Western Europe, Australia, New Zealand) using other
sources of high‐resolution satellite imagery, such as PlanetScope data. This is important given the increase in
intensive industrialized farming worldwide (Ilea, 2009). This global applicability highlights the role of integrating
regional‐specific EO data with global environmental monitoring efforts to enhance the efficacy of policy‐making
(Tulbure et al., 2022). The lack of readily available data on unpermitted and unregulated poultry CAFO locations
highlights the importance of EO‐derived data using artificial intelligence algorithms. Our work highlights the
importance of a full record of high‐quality, openly accessible data of non‐permitted poultry CAFO locations to
assess their environmental impacts and intersections with social vulnerabilities accurately. Moreover, it closes the
widely documented “technology gap” between the public (NGOs, civil society, and regulators) and private sectors
(Newcombe, 2018) regarding access to EO‐derived data sets.

Future work could use this or similar data sets to link CAFO locations to water quality and community health
impacts. Contaminants released from CAFO waste reach shallow, unconfined aquifers (Miller &
Longest, 2020) and are discharged into wetlands, streams, and coastal waters used for recreation (Burkholder
et al., 2007; Karr et al., 2001). Ground‐ and surface waters impacted by CAFOs have increased levels of
nitrate (Amato et al., 2020; Hubbard et al., 2020; Mallin et al., 2015; Mallin & McIver, 2018) and microbes
(Christenson et al., 2022; Mallin et al., 2015; Mallin & McIver, 2018), threatening aquatic ecosystems and
human health (Burkholder et al., 2007; Casey et al., 2015; Wing et al., 2000). However, most studies rely on
publicly available CAFO locations to investigate associations with water quality and may underestimate
impacts due to exposure misclassification because of incomplete data on CAFO locations. Using complete and
accurate CAFO locations to understand water quality impacts is particularly important in areas where resi-
dents use private wells for drinking water. For example, NC has over 3 million private well users, the second
highest of all US states (George et al., 2023; Gibson & Pieper, 2017), with many residents in disadvantaged
communities relying on untreated drinking water from private wells that the Safe Drinking Water Act does
not regulate. Well owners are expected to conduct their own testing but rarely have access to the information
and resources needed to do so (Fizer et al., 2018; Stillo et al., 2019). Accurate spatial data can help identify
communities where CAFO exposure, socioeconomic vulnerability, and water quality risks co‐occur.

5. Summary
In this study, we identify the regions in NC and across CONUS—based on the 2020 census tracts—that are
more exposed to environmental justice issues driven by the prevalence of poultry CAFOs. We achieved this
goal by structuring this research in two stages. In the first stage, we refined a deep‐learning generated data set
of poultry CAFO barns by applying a set of heuristics to remove different types of misclassified features,
including swine CAFOs, dirt roads, and storage facilities, that otherwise would hinder further analyses. In the
second stage, we analyzed the environmental justice impact of the locations of these poultry CAFOs using the
CDC's SVI. We utilized Moran's I, a spatial statistics technique, to identify clusters of census tracts with a
high density of poultry CAFO barns and high SVI scores. Identifying vulnerable communities can help local
environmental justice organizations better understand residents' problems and allocate appropriate funding for
solutions.
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Data Availability Statement
The data sets used in this study are freely available. The original poultry CAFO data set is provided by Robinson
et al. (2022) at the following GitHub page: https://github.com/microsoft/poultry‐cafos/, and the Social Vulner-
ability Index is available from the Center for Disease Control (Centers for Disease Control and Prevention/
Agency for Toxic Substances and Disease Registry/Geospatial Research, Analysis, and Services Program, 2021).
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