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Surveillance cameras are a prevalent form of monitoring in modern
cities, with their placement reflecting neighborhood dynamics and social
control. Here, using computer vision and human verification on Google

Street View images across ten densely populated US cities, we assess how
surveillance camera presence varies by neighborhood racial composition.
Contrary to theories predicting high surveillance in predominantly Black
neighborhoods, we find that cameras are most prevalent where racial
diversity is high. Furthermore, over time, increases in racial diversity

when white residents move in are associated with increases in cameras.
These patterns, persisting after accounting for crime rates, suggest that
surveillance cameras in diverse neighborhoods may be used to monitor
and control minority groups by white householders, potentially reinforcing
spatialinequality and eroding social trust. Our findings illustrate the

value of computational methods and visual datain understanding spatial
inequality and highlight the presence of surveillance cameras in diverse and
diversifying neighborhoods.

Surveillance—the collection, monitoring and analysis of data on peo-
ple—is a ubiquitous part of modern life'>. Technologies have trans-
formed the scale and magnitude of surveillance, transforming and
exacerbating inequalities in many domains of social life>*”, including
citizenship®”, the workplace', the criminal legal system'"'? and family
life"*'*. Cameras overseeing public spaces are an increasingly prevalent
form of surveillance; indeed, cameras are now so commonplace as
to become a ‘banal good™®. With the ostensible purpose of providing
information on when and by whom neighborhood normes, rules or
laws are violated, surveillance cameras are used by private businesses
andindividuals as well as by police and other officials to monitor pub-
lic space. Thus, surveillance cameras become an apparatus of social
control, or the means by which individuals and institutions regulate
behavior to maintain social order”.

Surveillance camera allocation is determined by a confluence of
stakeholders, including police, legislators and the public'®, and cameras
areintended to be allocated to maximize effectiveness in preventing
and deterring crime and disorder'>*°. While surveillance cameras may
provide benefits by deterring crime and enhancing residents’ perceived
safety?, they also come with costs. If cameras are concentrated in

certain neighborhoods, even after adjusting for crime rates, this may
contribute to unequal exposure to surveillance, reinforcing disparities
in privacy and policing. Suchdisparities can shape neighborhood expe-
riences and deepen racialized inequalities in urban neighborhoods.
Existing theory provides competing expectations of the rela-
tionship between surveillance cameras and the racial composition
of aneighborhood. Theories of the carceral state highlight that Black
residents are enmeshed in a ‘carceral continuum’ wherein the neigh-
borhoods in which they live are extensions of the carceral system,
thusbecomingincreasingly penalized and surveilled through various
means>?>?*, Surveillance, namely by the police, is but one tool to regu-
late and control Black neighborhoods and their residents**. Insupport
of this, existing research finds that areas with more Black residents
experience greater social control through various state apparatuses,
such as increased arrests, police presence and police violence>* %,
Therefore, according to the carceral state hypothesis, cameras would
be most prevalent in neighborhoods with more Black residents® 2,
Alternatively, surveillance cameras may be fewer inalready racially
homogeneous neighborhoods. Racial threat theory suggests that
dominant groups use various methods to control groups threatening
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their interests®*°. However, in racially segregated neighborhoods,
where minority groups are already isolated from the dominant group,
additional social control measures may be deemed unnecessary>>%*>-,
Rather than policing Black neighborhoods, surveillance cameras may
reflecta dominant group’s boundary-making within aracially hetero-
geneous neighborhood* . In racially diverse gentrifying neighbor-
hoods, white householders may place particular emphasis on enforcing
social order as defined by their norms and values®*°**, often at the
cost of the other residents in a neighborhood**. While some resi-
dents of diverse neighborhoods may perceive their communities as
harmonious**, for white householders, racial diversity may lead to an
erosionof trust**¢, This dynamic s particularly evident in the context
of gentrification, where white gentrifiers are drawn to diverse neigh-
borhoods**¢ but nonetheless institute social control mechanisms in
their new neighborhoods®. This emphasis onsocial order and erosion
of trust in diverse areas may lead white householders to advocate
for or install surveillance cameras to monitor those they perceive
as outsiders. Thus, camera variation may represent a desire to make
moreracially diverse areas feel safer, more ‘habitable’and adequately
‘defended’ for white residents?*%****~*, We note that, while our analysis
focuses on surveillance cameras in the context of increasing racial
diversity ingentrifying neighborhoods, we recognize that surveillance
cantake different formsin other neighborhood change contexts, such
as Black gentrification of Black neighborhoods. We engage with these
distinctions further in the Discussion.

To examine these expectations, we need to know where surveil-
lance cameras are, but datawere previously limited. In this Article, we
test the relationship between neighborhood racial composition and
change and surveillance camera presence by extending dataand meth-
ods developed by Shenget al.” for surveillance cameraidentification.
Specifically, our analysis focuses on traditionally mounted surveillance
cameras, such as those affixed to buildings, poles and streetlights, that
are visible in Google Street View (GSV) imagery. Residential doorbell
cameras (for example, Ring and Nest), which are not often visible in
street-level imagery, are notincluded in our analysis.

Whereas Sheng et al.” identified camera prevalence and observed,
but did not explore, a U-shaped relationship between the presence of
minority groups and camera prevalence, our study investigates the
sociological and demographic patterns behind these patterns by test-
ing competing theoretical expectations aboutracialized surveillance.
Using computer vision and human verification with a large corpus of
GSVimages, crime dataand Census and American Community Survey
data, we estimate how the camera prevalence and increase relates to
theracial composition and diversity of neighborhoodsin the ten most
densely population US cities with at least 500,000 residents.

Using these data, we answer two main research questions. First,
cross-sectionally, how does the presence and number of surveillance
cameras relate to neighborhood racial demographics? In particular,
we advance existing empirical and theoretical literature by consider-
ing how racial composition and diversity matter in a neighborhood.
Second, how are changes in neighborhoods’ racial composition and
diversity associated with increases in camera density?

We observe a negative relationship between the share of Black
residentsinaneighborhood and camera prevalence. However, rather
than simply being concentrated in all non-Black or predominantly
white neighborhoods, we find that cameras are most prevalent where
racial diversity is high, and diversity relates to camera prevalence even
when conditioning on crime. Furthermore, as neighborhoods become
morediverse, thereis anincrease in average camera density, associated
with the entrance of white residents into non-white neighborhoods.

Our findings highlight how surveillance cameras are most present
inracially heterogeneous neighborhoods, challenging notions of har-
monious, diverse neighborhoods. Furthermore, our results underscore
the value of computational methods and visual datain understanding
spatial inequality.

Results

Bivariate relationships

We begin by presenting the bivariate relationship between camera
prevalence, the presence of white and Black residents and neighbor-
hood diversity (Fig.1). Inthe figure, we present natural spline fits with
two degrees of freedom, which allows us to better capture nonlineari-
ties in the data. We also present the linear fit in Supplementary Fig. 4.

In Fig. 1 (left), the spline regression fit reveals a quadratic rela-
tionship between the share of a neighborhood that is Black and the
camera identification rate. Cameras are most frequently detected in
neighborhoods where approximately 25% of residents are Black, with
identification rates (the density of cameras detected per block group,
asfurther detailedin the Methods) tapering offin areas with both lower
and higher percentages of Black residents.

InFig. 1 (middle), the spline regression fit shows a similar quad-
ratic relationship between the percentage of white residents in a cen-
sus block group (our operationalization of a neighborhood) and the
cameraidentificationrate. The highest cameraidentification rates are
observed in neighborhoods where about 50% of residents are white,
confirming earlier findings by Sheng et al.”. Next, Fig. 1 (right) illus-
trates the relationship between camera prevalence and block-group
diversity. The spline fit demonstrates a clear positive, monotonic
relationship: more diverse neighborhoods tend to have higher rates
of cameradetection.

Cross-sectional regression results

We now further explore these relationships using multivariate regres-
sion models to account for additional neighborhood characteristics
and potential confounders. Figure 2 illustrates the estimated camera
identificationrate asafunction of the racial composition of neighbor-
hoods, specifically focusing on the percentage of non-Hispanic Black
and non-Hispanic white residents and crime rates (see the correspond-
ing table, Supplementary Table 2). Given the parabolic relationships
observedinthebivariate models, thismodelincludes quadratic terms
for both Black and white residents. The predictions are derived froma
zero-inflated Poisson regression model, and the shaded areas represent
95% confidenceintervals. Continuousindependent variables are stand-
ardized to a zero mean and unit standard deviation within each city.

Figure 2a (left) shows the estimated relationship between the
percentage of non-Hispanic Black residents in a neighborhood and
the cameraidentification rate conditional on the crime rate. Here, we
observe anegative association: neighborhoods with a higher percent-
age of non-Hispanic Black residents have lower cameraidentification
rates after accounting for crime rates.

Conversely, Fig. 2a (middle) reveals a nonlinear relationship
between the percentage of non-Hispanic white residents and the esti-
mated camera identification rate: the camera identification rate is
constant with the percentage of non-Hispanic white residents up to
acertain point (around the city mean) after which it starts to decline,
although estimates are noisy. Thus, neighborhoods with low-to-mod-
erate proportions of white residents appear to have higher camera
detection rates than those with very high proportions of white resi-
dents. Finally, Fig. 2a (right) shows the relationship between crime and
cameraidentificationrates. As expected, areas with higher total crime
rates exhibit higher camera identification rates, even conditional on
the racial composition.

Next, in a separate model in Fig. 2b, we test how the diversity of
thelarger spatial context relates to camera prevalence conditional on
crime. Asshown, camera detectionis monotonically positively related
to neighborhood diversity, indicating that more diverse neighbor-
hoodstend to have higher rates of cameradetection. Infact, asshown
in Fig. 2b (right), the relationship is stronger between diversity and
cameras than between crime and cameras, the ostensible purpose
of cameras. The positive relationship between diversity and cameras
holds even when controlling for reported crime rates, so we suspect
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Fig.1|Bivariate relationships between cameraidentification rate (cameras perimage) and the share of the block group that is non-Hispanic Black (left), the
share of the block group that is non-Hispanic white (middle) and neighborhood diversity (right) across all cities in 2015. The shaded areas represent the 95%

confidence intervals around the fit regression line.

that cameras may be used as ameans of protection or threatin racially
heterogeneous areas.

Because of the observed relationship between diversity and cam-
eraplacement, we nextinvestigate how the relationship betweenracial
composition and camera prevalence varies across different levels
of diversity. We examine whether unique racial dynamics emerge in
diverse settings that could influence where cameras are placed. For
instance, in more diverse neighborhoods, the presence of white or
Black residents might lead to distinct social interactions, perceptions
of safety or collective actions that affect camera prevalence differently
thanin more homogeneousareas. Thus, next, we testif neighborhood
diversity moderates the relationship between the (residualized) shares
of white and Black residents and cameraidentification ratesin Fig. 2c.

InFig. 2c (left), the results indicate that areas with lower diversity
exhibit a negative relationship between the percentage of Black resi-
dents and the cameraidentification rate. By contrast, where diversity
is high, there is a positive relationship between camera identification
rates and the percentage of Black residents. Figure 2c (right) shows
that the relationship between the percentage of white residents and
the cameraidentification rateis more pronounced inareas with higher
diversity. Higher diversity strengthens the positive relationship, while
lower diversity weakens it.

Note that, given that we do not control for the share of Hispanic
and Asian residents in a neighborhood in our models, it may be that
ourentropy measureis capturing merely the presence of these groups.
Thus, in Supplementary Table 1, we present the correlations between
entropy and the percentages of Black, white, Hispanic and Asian resi-
dents within each city and in the overall sample, showing that overall
correlations are lower than 0.500 for all groups. However, because of
theslightly high correlation between the percentage of Asian residents
and entropy (0.414), we also include a robustness check (Supplemen-
tary Table 3) that controls for the Asian share inaneighborhood when
considering entropy. Results are robust to the inclusion of this control.

Altogether, these results undermine the carceral state hypothesis
asitrelates tosurveillance cameras. Diversity, more so than the share
of Black residents, is related to camera placement and modifies how
racial composition matters. In the most diverse areas in a city, the
shares of Black and white residents relate positively to camera pres-
ence. These findings may indicate two alternative stories: surveillance
cameras may be used for social controlin ethnoracially diverse areas by
white householders as suggested by previous research*>*, or diversity
fosters coalition-building for safety, where residents in more diverse

neighborhoods collectively advocate for cameras. While we cannot
directly determine who advocates for or installs cameras, we next
consider the dynamic process of increasing cameras within aneighbor-
hood to adjudicate between these explanations.

Neighborhood change results

Tofurther explore the relationship between diversity and cameras, we
present the expected change in cameraidentificationrate asafunction
of changesinneighborhood diversity (Fig. 3and Supplementary Table
5). Overall, change in diversity, as measured by entropy, is positively
related to the probability of gaining cameras within ablock group. This
finding providesinsightinto why cameras are most prevalentin more
diverse areas; as neighborhoods become more diverse, more cameras
are situated and, thus, surveillance is entrenched in the most diverse
neighborhoods.

While we donotdirectly observe who advocates for theinstallation
of cameras, to understand which racial changes in the neighborhood
might explain this relationship, we analyze whether an influx of white
or Black residents is associated with increased camera installation in
Fig. 3. We present the expected change in cameraidentification rates
asafunction of changesin the share of white (Fig. 3a) and the share of
Black (Fig. 3b) residents in the neighborhood.

For changes in the white population, we examine the interaction
with the baseline presence of non-white residents. As shown in Fig.
3a,inneighborhoods with large preexisting non-white shares, greater
increasesinwhiteresidentsrelate toincreasesin cameraidentification
rates. However, in areas with lower baseline non-white residence, this
relationship is weaker. In Fig. 3b, we focus on the interaction between
the changesinthe Black populationand the baseline presence of white
residents. This focus highlights the potential role of white house-
holders in camera allocation, the presumed dominant group in the
neighborhood (we also explore the interaction between non-white
and Black population changes, detailed inSupplementary Table 6). We
observe an overall negative relationship between the increase in Black
residents and camera prevalence, which does not vary by the baseline
presence of white residents.

Therefore, in combination with the earlier results, this suggests
thattheincreasesindiversity thatlead to more cameraprevalence are
driven by white residents moving into non-white neighborhoods. This
suggests that new white residents are using surveillance cameras as
ameans of social control in the neighborhoods that they move into,
undermining a coalition-building argument.
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Fig.2|Estimated cameraidentification rate for various models. a, The
relationships for amodelincluding racial composition and crime.b, The
relationships for amodel including diversity and crime. ¢, The relationships
foramodel testing how diversity moderates the relationship between camera
identification for shares of Black and white. The shaded areas represent 95%

confidence intervals. Throughout, the estimated values were obtained from
zero-inflated Poisson regression models adjusted for modal zone, population,
household income, housing vacancy rate, median home value, city fixed effects
androad length, with the log of image count used as weights.

Toinvestigate the role of nearby neighborhood changes in surveil-
lance camera prevalence, we also estimated models incorporating
spatial lags of the change in diversity and the shares of white and Black
residents. As detailed in Supplementary Table 10, these results show
that increases in racial diversity in nearby neighborhoods are associ-
ated withincreasesin cameras and increases in nearby Black residents
arerelated to decreasesin cameras. However, increases in the share of
whiteresidentsin nearby neighborhoods are unrelated to aneighbor-
hood’sincreasein cameras.

Discussion

For decades, scholars of surveillance have discussed the dispropor-
tionate, racialized use of surveillance technologies. However, the the
number, placement and growth of surveillance cameras, key parts of
the surveillance apparatus in the USA, have been hitherto unknown.
By utilizing advancesin computer vision with longitudinal street-level

imagery, we estimate where surveillance cameras are and how their
placement relatestoneighborhood racial composition. Our results indi-
cate that neighborhood diversity isanimportant determinant of where
cameras are, beyond the share of Black residents in a neighborhood.
Notably, surveillance cameras are most common in racially diverse
neighborhoods experiencing aninflux of white residents, suggesting
that white householders are instituting this means of social control as
they move into or gentrify non-white neighborhoods.

Contrary to expectations drawn from prior research on the car-
ceral state, we do not find evidence of disproportionate camera preva-
lenceinBlack neighborhoods. Infact, we find that Black neighborhoods
have fewer surveillance cameras than comparable neighborhoods.
This suggests that surveillance cameras differ from other forms of
surveillance, suchasincreased police presence, which have historically
targeted Black communities. Surveillance cameras may, instead, be
aneighborhood amenity that is either refused by or denied to Black
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Fig.3|The expected change in cameraidentification rate as afunction

of changes in neighborhood diversity and racial composition. a, The
relationship between entropy and change in cameras. b, Changes in racial
composition, as measured by changes in white and Black residents with varying
baseline racial compositions. The lines represent predicted values (model
estimates from a zero-inflated Poisson regression), and shaded areas represent

95% confidence intervals around those predictions. The estimated values
were obtained from a zero-inflated Poisson regression model that includes
lagged values and changes in diversity (entropy), total crime rate, population,
household income, housing vacancy rate and fixed effects for city and modal
zone, with the log of image count used as weights.

neighborhoods, whilebeingembraced oradvocated forinmore diverse
settings with more Black householders. We emphasize that cameras
arebut oneapparatus of the surveillance machine, and other forms of
surveillance may be deployed disproportionately in Black neighbor-
hoods. Furthermore, while our findings highlight that the prevalence
andincreaseinsurveillance cameras arerelated toincreasing diversity
as white residents move into non-white areas, we do not claim that
surveillanceis absentinother neighborhood change contexts, such as
Black gentrification. Prior research has documented how Black gentri-
fiers can also surveil incumbent Black residents*’ and these forms of
surveillance may differ from the surveillance cameras we examine here.

One limitation of our study is the potential for endogeneity in
these relationships. Specifically, although we suggest that cameras are
installed in response to increasing diversity, alternative explanations
may hold. It is possible, for example, that preexisting surveillance
cameras influence patterns of racial change. We take several steps to
mitigate this concern: our models control for prior camera prevalence
to ensure that our estimates capture changes in surveillance cameras
rather than simply reflecting areas that already had more cameras. In
addition, weincorporate lagged measures of racial diversity and other
neighborhood characteristics to check that demographic changes
precede changes in camera prevalence rather than occurring simul-
taneously. Despite these steps, we acknowledge that surveillance

and neighborhood racial composition may be mutually reinforcing
over time.

Arelated consideration is therole of crime in shaping surveillance
patterns. Our models include reported crime rates, but we empha-
size that reported crime is not a neutral measure of criminal activity.
Instead, reported crimereflects differential reporting practices across
neighborhoods shaped by racial composition, perceptions of disorder
and other social processes. Thus, in our context, crime should not be
viewed as an exogenous predictor of surveillance but rather as part of
the same social process that drives camera placement. Future research
could explore quasi-experimental approaches to better isolate the
dynamics between crime perceptions, crime reporting and camera
placement.

Our findings suggest several other pathways for future research.
First, we call on future research to examine the patterns we observe
within cities’ political and historical contexts. With our dataset and
approach, we cannot determine who owns cameras, whether they
are functional or who is viewing the footage of the cameras. Thus,
while we observe the distribution of surveillance infrastructure, we
cannot directly observe the motivations behind their placement or
how frequently cameras are used. The process of surveillance camera
placement and increase is unknown to us but may be very revealing
in the mechanisms underlying uneven surveillance; future research
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could benefit from data that distinguish between cameraowners and
functionality to better understand the relationship between surveil-
lance cameras and neighborhood dynamics. Furthermore, given that
weare using street-levelimagery and that some of our years of analysis
predate the preponderance of doorbell cameras, small cameras and
indoor cameras are not detectable and, thus, are notincluded in our
analysis. This exclusion raises the question of whether the prevalence
of doorbell camerasin certain neighborhoods may relate to the instal-
lation of traditionally mounted surveillance cameras, and thus we may
underestimate the true degree of surveillance in neighborhoods. As
image quality improves, allowing better detection of small features,
we call on future research to examine the usage of these smaller
cameras as a means of social control enabled by our methodology.
In particular, future research could clarify whether doorbell cameras
reinforce or reshape existing patterns of camera placement. The
role of policies in shaping the distribution of surveillance cameras
also warrants further attention. Given the potential for surveillance
cameras to reinforce spatial inequalities, policy interventions could
include greater community involvement in decision-making of where
cameras are placed or regulations managing the deployment of sur-
veillance cameras to ensure they are not disproportionately placed
in certain communities.

Scholars have forewarned that the widespread adoption of sur-
veillance technologies may exacerbate racial inequality, but this was
previously untestable at scale. Using ten large US cities, our findings
indicate that the usage of surveillance cameras is, in fact, related to
neighborhood racial demographics. Our findings suggest that cameras
may be a neighborhood amenity for white residents to exert social
control in racially heterogeneous settings. This may entrench racial
inequality and erode social trust indiverse neighborhoods. As we have
done here, we are hopeful that computational methods and visual data
can intervene in other remaining questions about neighborhoods,
social control and racialized spatial inequality.

Methods

We estimate the presence of visible surveillance cameras using ameth-
odology that builds upon Sheng et al.>. Whereas their study aimed to
detect cameras, we expand the approach by incorporating a longitu-
dinal approach to assess changes in surveillance presence over time
and integrating sociological theory to test how racial composition
and demographic change predict surveillance camera prevalence and
expansion. Our method identifies surveillance cameras mounted on
buildings, street poles and other fixed structures in public spaces. It
doesnotdetectresidential doorbell cameras, which are often smaller
and not consistently visible in GSVimagery.

Here, we briefly describe the approach to detecting cameras in
urban environments developed by Sheng et al.”>. For a full technical
account of the pipeline, we refer readers to that prior work. We note
also that the methods described here builds upon the contribution of
Turtiainenetal.”’, who were among the first to suggest using computer
visionalgorithms and street view data to identify surveillance cameras.

We analyze data from the ten most densely populated cities with
populations over 500,000 residents in the USA: Baltimore, Boston,
Chicago, Los Angeles, Milwaukee, New York City, Philadelphia, San
Francisco, Seattle and Washington, DC. We focus on the densest cities
to examine surveillance camera patterns in areas where population
concentration and the built environment create a higher likelihood of
surveillance camera deployment. Imagery data come from the Google
Static Streetview application programming interface for each city. We
also source road network data from OpenStreetMap°'*. To develop
alabeled dataset for training and evaluating our detection model,
we obtained verified camera locations from the Electronic Frontier
Foundation (EFF) in San Francisco® and data from Mapillary Vistas, a
global collection of street-level imagery with a small but diverse set of
labeled surveillance cameras™.

For aset of confirmed surveillance cameras identified by EFF, we
pull the closest GSV images. We supplement these data with camera
instances from Mapillary Vistas. We partition the positive imagesinto
training (70%), validation (15%) and test (15%) sets split by location. To
account for instances where surveillance cameras may look like similar
urban features, we also include cases where cameras were listed in the
EFF dataset but are not visible.

Next, we sample 100,000 points chosen uniformly from the road
network in the year 2015. At each sampled point, we capture a 360°
panoramaand asingle 90°field of view, oriented perpendicular to the
road’s direction, to maximize visibility of nearby structures that could
have surveillance cameras.

Finally, we run our cameradetection model on the resulting set of
100,000 imagesineach of the ten cities. Our detection model uses the
architecture of DeepLab V3+°*° with an EfficientNet-b3 backbone™.
Despite its accuracy, the model is subject to certain error patterns,
including false positives (occasionally detecting objects with features
visually similar to cameras, such as fixtures or street signs) and under-
counting (when multiple cameras are clustered in a single image). To
addressthese issues, we use human verification to review and confirm
valid camera detections as the final step. We rely only on images with
cameras verified by ahuman annotator.

Ourmodelisalsosubject to false negatives, where actual cameras
arenot detected by the model. To assess the extent of thisissue, we ran
our trained model on the held-out validation dataset and estimated the
model’'srecall as 0.63. This overall recall value estimates that approxi-
mately 63% of actual surveillance cameras were detected; thus, our
results should be interpreted recognizing that we may be slightly
underestimating camera prevalence.

We undergo a similar process to compile a longitudinal dataset.
However, for each uniformly sampled point along the road network,
we now identify the earliest and the latest available image and limit
each city to 50,000 earliest (median year of 2007) and 50,000 latest
(medianyear of 2019) images. For anillustration of this pipeline, from
the raw image to segmentation and bounding boxes to human verifi-
cation, see fig. 7 in the work of Sheng et al.”. See Supplementary Fig. 1
for examples of verified camera detections and Supplementary Fig. 2
for detection maps, along with the population and road length, inour
ten cities of analysis.

Throughout, we operationalize a ‘neighborhood’ as a census
block group. Census block groups contain 600-2,000 residents on
average and are nested within census tracts. Our volume of images
enables measurement and analysis at this finer scale. For each block
group, we calculate a static number of cameras (based on 2015) and
whether camerasincreased over the full analysis period (2007-2021).
To estimate the cross-sectional relationship between camera count and
neighborhood characteristics, we use zero-inflated Poisson regression
given that we are modeling count data and our dependent variable,
block-group level camera count, is overdispersed. We also expect
excess zeros to be generated by a separate process from counts®. We
include an offset term for the road length in kilometers within each
block group and a weight for the image count. This choice reflects
our data collection process: because our sampling is based on GSV
images captured along the road network, neighborhoods with longer
roadsinherently yield more sampled images and, thus, more detected
cameras. Usingroad length as an offset allows us to accurately estimate
the density of surveillance cameras per unit of public space available
for monitoring. To estimate how neighborhood change relates to the
change in camera prevalence over time, we similarly fit zero-inflated
Poisson models where the outcome is camera count in the latest year,
controlling for the initialnumber of cameras. We rely on the 2015-2019
American Community Survey for all neighborhood-level character-
istics for cross-sectional models. When estimating the relationship
between camera gain and change in neighborhood characteristics
over time, we use the2006-2010 and 2015-2019 American Community
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Surveys, as these correspond to the median years of the earliest and
latestimages for eachlocation in our dataset. In all multivariate models,
we control for population, median home value, median household
income, housing vacancy rate and the most prevalent zoning in each
block group sourced from each city’s publicly available zoning data.
However, results are substantively similar in models excluding them
(asshownin Supplementary Table 3) and models where we control for
population density instead of total population. Each of these controls is
intended to account for socioeconomic and structural characteristics
of aneighborhood that may relate to racial composition and camera
prevalence, thus potentially confounding the key relationships of inter-
est. Because the placement and location of surveillance cameras is a
city-specific process, allmultivariate modelsinclude city fixed effects.
For the change models, we include the baseline levels and change in
each control but assume that modal zoning remains constant. The
zero component accounts for the city and road length in all models.
We estimate all regression modelsinR.

Our focal characteristics are racial composition, diversity and
crime. For racial composition, we focus on non-Hispanic Black and
white (throughout, ‘Black’ and ‘white’, respectively). residents within
aneighborhood. Although urban neighborhoods are composed of
groups beyond these, this focus is driven by the theoretical perspec-
tives that we intend to test; research on surveillance highlights the
racial biases that disproportionately affect Black communitiesin urban
settings, while white residents are frequently viewed as the domi-
nant group within aneighborhood. However, we also testhow camera
prevalencerelates to neighborhood diversity, which considers groups
beyond Black and white residents. In particular, to measure diversity,
we use the Shannon entropy measure

R
H=-73 pinp;,
{i=1}

where p; refers to the proportion of individuals in the spatial unit
belonging to the ith group. The racial categories comprising R are
white, Black, Asian, Hispanic and other. The minimum value the meas-
ure can take is zero, where only one group is present; higher values
indicate greater diversity. We use the Shannon measure instead of other
diversity measures (for example, Simpson) because it captures both
therichness and the evenness of racial composition, thus considering
the relative abundance of each group.

Note that this measure is derived from the percentages that
define racial composition; thus, to distinguish their effects, we residu-
alize the measures of racial composition when we include themin a
model with entropy by first regressing the percentages of the racial
groups on entropy and then using the residuals in the model. There-
fore, we capture therelationship between cameraidentificationand
the share of Black and white residents independent of these shares’
contribution to entropy. However, as shown in Supplementary Table
3, the results are similar to those of models that do not residualize
these measures.

Throughout, we also consider how the presence of cameras and
theirincreaserelateto crimeassurveillance cameras are purportedly
deployedtorespondto crime. We source crime data for several of our
cities from the Crime Open Database*’. We use publicly available crime
datafor citiesnot availablein the Crime Open Database and categorize
allcrimes accordingto the National Incident-Based Reporting System.
We include all types of crime, including property, violent and other
crimes against persons or society, and generate a per-capitatotal crime
rate (to account for population differences across neighborhoods) at
the block-group level. These crime rates may not reflect all crimein a
neighborhood given that many crimes go unreported®’. However, we
intentionally use the total crime rate because cameras are a response
notjusttothetruelevel of crimeinaneighborhood, butalso towhere
crime is perceived as a problem. Thus, the total crime rate captures

social processes that are of interest to us. As a robustness check, we
also estimated a per-capita crime rate for violent crimes and motor
vehicle thefts, which are more consistently reported. This measure
is highly correlated with total reported crime, and our results remain
nearly identical when using them (Supplementary Tables 4 and 7).
Given this correlation and our theoretical interest in crime reporting
as asocial process, we proceed with the total per-capita crime rate as
our primary measure.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All datasets used in the analysis for this study are publicly avail-
able via the Stanford Digital Repository at https://doi.org/10.25740/
jr882ny4955 (ref. 61). Derived crime measures are included in our
dataset, but original data on crime are available via the Crime Open
Database at https://osf.io/zyaqn/. Google Street View imagery data
cannot be made publicly available here due to copyright restrictions,
butare accessible via Google.

Code availability

All code used in the analysis for this study is publicly available via
GitHub at https://github.com/Changing-Cities-Research-Lab/
surveillance-replication.
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