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METHODS AND SYSTEMS FOR
DETECTING ENVIRONMENT FEATURES IN
IMAGES TO PREDICT LOCATION-BASED
HEALTH METRICS

RELATED APPLICATION

[0001] The present application is a continuation of U.S.
Pat. Application No. 16/119,829, which was filed on Aug.
31, 2018, is assigned to the assignee of the present patent
application, and is incorporated by reference herein.

FIELD OF TECHNOLOGY

[0002] Aspects of the present disclosure generally relate to
location-based and population-based health metric pro-
cesses, and more particularly, to methods and systems for
collecting, analyzing and manipulating built, social, and/or
natural environmental parameters to predict health-related
metrics or outcomes at various geographic scales.

BACKGROUND

[0003] For urban planners, developers, health insurance
companies and elected officials who make decisions about
land use and/or transportation policies, plans and invest-
ments; public health is a topic having a broad array of ben-
efits, drawbacks and trade-offs that can be weighed in order
to adequately and strategically inform such decisions.
Indeed, decision-makers are often tasked with selecting a
policy or planning development that will advance social,
economic or policy goals at a cost to other competing goals.
[0004] In real world scenarios with finite resources and
land, careful thought should be given to land development
and investments to effectively maximize desirable eco-
nomic, social and health benefits while minimizing the
requisite costs. However, this task is complicated by the
fact that the parameters used to calculate these benefits and
costs are often based upon numerous variables, complicat-
ing the analysis and making it difficult to predict outcomes.
Current technologies provide limited options for collecting,
analyzing, and validating parameters related to economic,
social and health benefits associated with land use, zoning
and development. Moreover, the data necessary to make
informed decisions about economic, social and health issues
associated with land use, zoning, and development is highly
fragmented and often contains inaccuracies which can have
a negative impact on the decision-making process. Disad-
vantageously, current technologies lack intelligent, efficient,
and reliable tools and mechanisms for collecting, validating,
and analyzing built, social and environmental factors and
developing environmental measures, land use plans, and
policies that maximize economic, social, and health
benefits.

BRIEF DESCRIPTION OF THE DRAWINGS

[0005] In order to describe the manner in which the above-
recited and other advantages and features of the disclosure
can be obtained, a more particular description of the princi-
ples briefly described above will be rendered by reference to
specific embodiments thereof which are illustrated in the
appended drawings. Understanding that these drawings
depict only exemplary embodiments of the disclosure and
are not therefore to be considered to be limiting of its
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scope, the principles herein are described and explained
with additional specificity and detail through the use of the
accompanying drawings in which:

[0006] FIG. 1 illustrates an example environmental and
health analytics system which can be implemented to collect
environmental parameters for one or more locations, predict
health-related outcomes or other metrics for the one or more
locations, identify changes to one or more environments,
and/or prescribe measures for improving a given health-
related outcome and associated healthcare cost;

[0007] FIG. 2 illustrates an example flow for processing
image data to identify environmental features and generate
prescription measures;

[0008] FIG. 3 illustrates an example configuration of a
neural network as shown in FIG. 1;

[0009] FIG. 4 illustrates an example use of a neural net-
work as shown in FIG. 1, to perform deep learning;

[0010] FIG. 5 illustrates an example method for imple-
menting a computerized tool to automate an environmental
auditing procedure;

[0011] FIG. 6 illustrates an example method for validating
and calibrating computerized measures generated in the
example method shown in FIG. §;

[0012] FIG. 7 illustrates an example method for imple-
menting a prescriptive tool to improve environments for
healthier living;

[0013] FIG. 8 illustrates a flow diagram of an example
method for predicting health-related parameters for one or
more environments and identifying changes to one or more
environments that can be implemented to change a given
health-related parameter;

[0014] FIG. 9 illustrates a flow diagram of example meth-
ods of identifying input metrics and calculating health out-
put metrics;

[0015] FIG. 10 illustrates an example output display
depicting a map associated with a location and various
environment and health parameters associated with the loca-
tion; and

[0016] FIG. 11 illustrates an example computing device in
accordance with various embodiments.

DETAILED DESCRIPTION

[0017] Various embodiments of the disclosure are dis-
cussed in detail below. While specific implementations are
discussed, it should be understood that this is done for illus-
tration purposes only. A person skilled in the relevant art
will recognize that other components and configurations
may be used without parting from the spirit and scope of
the disclosure. Thus, the following description and drawings
are illustrative and are not to be construed as limiting.
Numerous specific details are described to provide a thor-
ough understanding of the disclosure. However, in certain
instances, well-known or conventional details are not
described in order to avoid obscuring the description. Refer-
ences to one or an embodiment in the present disclosure can
be references to the same embodiment or any embodiment;
and, such references mean at least one of the embodiments.
[0018] Reference to “one embodiment” or “an embodi-
ment” means that a particular feature, structure, or charac-
teristic described in connection with the embodiment is
included in at least one embodiment of the disclosure. The
appearances of the phrase “in one embodiment” in various
places in the specification are not necessarily all referring to
the same embodiment, nor are separate or alternative embo-
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diments mutually exclusive of other embodiments. More-
over, various features are described which may be exhibited
by some embodiments and not by others.

[0019] The terms used in this specification generally have
their ordinary meanings in the art, within the context of the
disclosure, and in the specific context where each term is
used. Alternative language and synonyms may be used for
any one or more of the terms discussed herein, and no spe-
cial significance should be placed upon whether or not a
term is elaborated or discussed herein. In some cases, syno-
nyms for certain terms are provided. A recital of one or more
synonyms does not exclude the use of other synonyms. The
use of examples anywhere in this specification including
examples of any terms discussed herein is illustrative only,
and is not intended to further limit the scope and meaning of
the disclosure or of any example term. Likewise, the disclo-
sure is not limited to various embodiments given in this
specification.

[0020] Without intent to limit the scope of the disclosure,
examples of instruments, apparatus, methods and their
related results according to the embodiments of the present
disclosure are given below. Note that titles or subtitles may
be used in the examples for convenience of a reader, which
in no way should limit the scope of the disclosure. Unless
otherwise defined, technical and scientific terms used herein
have the meaning as commonly understood by one of ordin-
ary skill in the art to which this disclosure pertains. In the
case of conflict, the present document, including definitions
will control.

[0021] Additional features and advantages of the disclo-
sure will be set forth in the description which follows, and
in part will be obvious from the description, or can be
learned by practice of the herein disclosed principles. The
features and advantages of the disclosure can be realized and
obtained by means of the instruments and combinations par-
ticularly pointed out in the appended claims. These and
other features of the disclosure will become more fully
apparent from the following description and appended
claims, or can be learned by the practice of the principles
set forth herein.

OVERVIEW

[0022] The disclosed technologies address the foregoing,
unmet needs in the art by providing tools and strategies that
for integrating quantitative analyses of built environment,
social environment (e.g., demographic) and natural environ-
ment parameters into scenario planning tools to predict
health outcomes and economic metrics. In some aspects,
scenario tools according to the disclosure allow a user to
generate models in order to evaluate potential health out-
comes (or other metrics) associated with land use policies
and/or development (e.g., by identifying built, social and/or
environmental parameters that will optimize a selected
health outcome in a given location). The tools described
herein can be used to calculate economic benefits (or
costs) associated with health outcomes that are predicted
to result from changes to the built, social and/or environ-
mental parameters associated with a given location. Accord-
ingly, the present disclosure provides tools that can used to
analyze and model a complex dataset in order to promote
effective decisions regarding land use and development, to
maximize desirable health outcomes and economic benefits
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(or to minimize costs), and to provide various other benefits
as further described and illustrated herein.

[0023] The tools herein can include an automatic environ-
mental auditing tool, which can be validated and calibrated
using environmental audit data from human inputs around
the world. The approaches herein also provide an evidence-
based prescriptive tool to further improve specific environ-
ments, such as urban environments, for enhancing human
health and wellbeing. A smart urban analytics program can
be implemented for developing a next-generation environ-
mental auditing tool and informing future policies and prac-
tices to promote healthier and more active living.

[0024] In some aspects, automatization of neighborhood
environmental audits can enable users (e.g., urban planners,
health practitioners, policy makers, etc.) to identify environ-
mental features (e.g., houses, shops, trees, roads, sidewalks,
bike paths, etc.) that may influence walking/bicycling beha-
vior. The system can extract neighborhood images from the
Internet, and apply a set of computer vision and machine
learning technologies to automate identification and parsing
of environmental objects.

[0025] Self-validation and calibration of computerized
measures can be implemented based on real human inputs.
Users can check the validity of the automatized measures
and calibrate the measures to match real human inputs.
The validation and calibration can done by calculating the
similarity score between computerized audit scores and
human-derived audit scores from a database of environmen-
tal audit data.

[0026] Evidence-based prescriptive tools can improve
environments for healthier living. For example, a prescrip-
tion tool can calculate a deficiency score of environmental
features. The deficiency score can be calculated by measur-
ing the quality and quantity of urban features that promote
human health, such as trees, sidewalks, and streetlights.
Based on the deficiency score, the tool can generate appro-
priate prescriptions to improve specific environmental fea-
tures that enhance health and wellbeing.

[0027] The following description presents a simplified
summary of several aspects of the disclosure in order to
provide a basic understanding of the technologies described
herein. This summary is not an extensive overview of all
contemplated aspects, and is not intended to either identify
key or critical elements of all aspects or delineate the scope
of any or all aspects. Its purpose is to present some concepts
of one or more aspects in a simplified form as a prelude to
the more detailed description that is presented later.

[0028] In a first example, a computer-implemented
method for generating health metrics for a location is pro-
vided. Such methods can include: (a) receiving a request to
predict one or more health metrics associated with a loca-
tion; (b) identifying at least one current built, social and/or
natural environment parameter associated with the location;
(c) calculating one or more predicted health metrics asso-
ciated with the location based upon the at least one current
built, social and/or natural environment parameter asso-
ciated with the location; and (d) displaying the one or
more predicted health metrics associated with the location.
[0029] In some example aspects, methods are provided for
modeling potential changes to the built environment or other
parameters associated with a given location (e.g., allowing a
user to evaluate potential development or policy changes).
Such methods can include: (a) receiving input including at
least one new or modified built environment parameter asso-
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ciated with the location, and calculating one or more pre-
dicted health metrics associated with the location based
upon the new or modified built environment parameter; (b)
calculating one or more economic benefits resulting from a
change in the predicted health metrics associated with the
location based upon the new or modified built environment
parameter; and (c) optionally, displaying the calculated eco-
nomic benefit(s).

[0030] In some example aspects, methods can further
include: (a) receiving input including a cost associated
with the at least one new or modified built environment
parameter and/or an estimated change in health care costs
resulting from changes in the predicted health metrics asso-
ciated with the location as a result of the at least one new or
modified built environment parameter; and (b) displaying
one or more costs or benefits resulting from the at least
one new or modified built environment parameter.

[0031] In some examples, the predicted health metric for
the location can include: (a) physical activity from travel
and/or recreation; (b) body mass index; (c) rate of obesity
and/or overweight; and/or (d) at least one health outcome.
The health outcome can include a likelihood to have a car-
diovascular disease, hypertension, type-2 diabetes, a mental
health issue, and/or any other health condition. In some
cases, the predicted health metric can a mean or median
value for a typical resident or subpopulation of the location.
Moreover, the location can be one or more census block
groups, neighborhoods, boroughs, precincts, communities,
geographic locations, etc.

[0032] In some examples, a method can include calculat-
ing a population-weighted aggregation of predicted health
metrics for (a) all of the census block groups neighborhoods,
boroughs, precincts, etc., associated with one or more loca-
tions; (b) a subset of the neighborhoods, boroughs, or pre-
cincts; and/or (c) a user-selected subset of the neighbor-
hoods, boroughs, or precincts. The method can further
include displaying the population-weighted aggregation of
predicted health metrics via a computing display device. In
some cases, one or more of the predicted health metrics
associated with a location can be displayed in a tabular
and/or geographic form.

[0033] In some aspects, the at least one current, new or
modified built environment parameter can include a residen-
tial density, an intersection density, a retail floor area ratio, a
land use mix, a transit proximity, a walkability metric, a
regional accessibility, and/or a pedestrian environment.
Moreover, the at least one built environment parameter can
include a parameter associated with a regional accessibility,
a walkability, and/or a pedestrian environment.

[0034] In some aspects, the at least one social parameter
can include a gender, a race/ethnicity, an age, a number of
vehicles owned per household, an income, housing and
transportation costs per year per household, a distance to
parks, and/or ozone concentration. Moreover, the at least
one natural environment parameter can include an area of
developed open space, a percent land area with tree canopy
coverage, an ozone concentration, and/or a distance to
parks.

[0035] In some aspects, the at least one current built,
social and/or natural environment parameter associated
with the location can be identified by accessing a local data-
base or received from a remote electronic source.

[0036] In some aspects, a calculated economic benefit can
include direct, indirect, and/or induced health effects pre-
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dicted by an econometric analysis, a cost-of-illness calcula-
tion that accounts for direct health care costs and indirect
productivity costs, input-output modeling, a value of statis-
tical life methodology, and/or directly measured relation-
ships between built environment parameters and health
care or productivity costs.

[0037] In some examples, the method can further include:
receiving one or more new or modified built, social and/or
natural environment parameters selected by a user; generat-
ing at least one scenario that includes a model of the location
based upon the new or modified built, social and/or natural
environment parameters selected by the user; calculating
one or more predicted health metrics associated with the
location modeled in the scenario; and optionally displaying
the one or more predicted health metrics associated with the
location modeled in the scenario. In some cases, a plurality
of scenarios can be generated and predicted health metrics
can be calculated and displayed for each scenario.

[0038] In some examples, the method can further include:
calculating one or more economic benefits resulting from
changes to the predicted health metrics associated with the
location modeled in the scenario, and displaying (i) at least
one cost and/or benefit associated with the location based
upon a user-provided budget to fund the new or modified
built, social and/or natural environment parameters; and
(i1) an estimated change in health care costs resulting from
the changes in the predicted health metrics associated with
the location modeled in the scenario. In some aspects, the
scenario can include a model of the location under current
conditions or potential conditions selected by the user.
[0039] In still further aspects, the disclosure provides
computer-implemented methods for optimizing health
metrics for a location. In some cases, an example method
can include: (a) receiving a request to optimize one or
more health metrics and/or economic benefits associated
with a location; (b) generating at least one scenario which
includes a model of the location based upon one or more
selected or constrained built, social and/or natural environ-
ment parameters; (¢) selecting an optimal scenario that max-
imizes the one or more health metrics and/or economic ben-
efits associated with the location; and (d) displaying the one
or more predicted health metrics or economic benefits asso-
ciated with the location and/or the optimal scenario’s built,
social and/or natural environment parameters.

[0040] In some aspects, the optimal scenario is selected by
a routine that includes: (a) a global optimization of a health
metric or economic benefit metric with all modifiable built,
social, and/or natural environment parameters; or (b) an
optimization of a health metric or economic benefit based
upon user-selected restrictions including an identification
of at least one built, social, and/or natural environment para-
meter associated with the location which can be modified by
the optimization routine and/or a requirement to maximize
one or more user-specified health metrics while minimizing
user-provided or predicted implementation costs associated
with modifications to the built environment.

[0041] In still further aspects, the disclosure provides sys-
tems comprising an electronic memory and at least one pro-
cessor configured to perform any of the methods described
herein. The disclosure also provides non-transitory compu-
ter readable media storing computer-executable instructions
for performing any of the methods described herein.
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DESCRIPTION OF EXAMPLE EMBODIMENTS

[0042] The disclosed technologies provide systems, meth-
ods, and computer-readable media for integrating quantita-
tive analyses of built, social and natural environment para-
meters into scenario planning tools to predict health
outcomes and economic metrics. The disclosed technologies
also provide prescriptive tools for enhancing health and
wellbeing through automatic detection and deficiency scor-
ing of urban environmental features. The present technolo-
gies will be described in the following disclosure as follows.
The disclosure begins with an introductory discussion of
example planning and predictive tools for calculating health
outcomes and costs and generating environment recommen-
dations. A discussion of example methods and tools for
automating environmental auditing procedures, validating
and calibrating computerized environmental measurements,
generating prescriptions to implement specific urban fea-
tures, and predicting health-related parameters and metrics,
as shown in FIGS. 1-10 will then follow. The discussion
concludes with a description of an example computing
device architecture, as illustrated in FIG. 11, including
example hardware components suitable for running compu-
ter tools and performing computing operations in accor-
dance with the present disclosure.

[0043] The disclosure now turns to the introductory dis-
cussion of example planning and predictive tools for calcu-
lating health outcomes and costs and generating environ-
ment recommendations.

[0044] As previously explained, the approaches herein can
assist urban planners and other decision-makers that
develop and implement policies, and provide development
strategies using machine learning tools and location-based
data and routines (e.g., geographic information system
(GIS) locational data and routines). The term “built environ-
ment” as used herein refers to a term of art in urban planning
referring to buildings and/or other man-made structures.
[0045] The approaches herein can provide methods, sys-
tem, and/or planning tools for producing health behavior(s),
health outcome(s), health metrics, and evidence-based pre-
scriptive tools for improving urban environments and
enhancing human health and wellbeing. In addition to built
environment measurements, health measures can draw upon
social environment (e.g., demographics) and/or natural
environment measurements. In some aspects, phenomena
such as greenhouse gas emissions, walkability, and/or phy-
sical activity can be evaluated or estimated to predict or gen-
erate health-related parameters, metrics or outcomes at one
or more geographic scales. For example, health-related
parameters can take into account factors such as surround-
ing sidewalks, street connectivity, neighborhood safety, sur-
roundings (e.g., buildings, greenery, parks, commercial
establishments, gas stations, public transportation systems,
schools, hospitals, police stations, uninhabited buildings,
etc.), pedestrian volumes, visual enclosure (e.g., rate of
access to the sky), living standards, satisfaction metrics,
crime rates, etc.

[0046] Scenario planning tools can also be implemented to
model various changes to built, social and/or environmental
parameters (e.g., to optimize health outcomes, economic
benefits or other metrics). For example, a user may evaluate
how potential changes in community design might impact
outcomes such as employment, transportation, energy use,
land consumption, etc. Scenario planning tools can include
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GIS data and/or routines, machine learning functionalities
(e.g., data collection, feature abstraction, data and/or feature
analysis, predictive analysis, validity checks, etc.), and pre-
dictive equations, and may be used to assist national, regio-
nal and local planning efforts.

[0047] The scenario planning tools can allow local/regio-
nal governments or government agencies to analyze the
impact of different land use scenarios. In some cases, the
scenario planning tools can be used to integrate and/or
extend existing urban design or planning methods or tools.
For example, scenario planning methods can be integrated,
in whole or in part, into existing scenario planning platforms
or computer systems. While the disclosed planning tools and
methods may be provided as a standalone software package,
in some aspects, one or more features of the software tools
and methods described herein may alternatively be incorpo-
rated into one or more larger software packages as an inter-
mediary component. For example, one or more of the pre-
sent methods may be used as a subroutine to calculate and/or
optimize parameters for a given location (e.g., one or more
cities) as part of a larger software package or computer tool
that may, for example, provide scenario planning for a
whole region (e.g., a state)

[0048] Various aspects described herein can implement
methods, systems and/or tools to predict health-related out-
comes and other metrics from a number of factors that may
include built, social, and/or natural environment parameters.
In some aspects, coefficients that are estimated using statis-
tical analysis can be used to internally predict parameters,
health outcomes or other metrics. For example, physical
activity (e.g., transportation, exercise, or recreation) and/or
body mass index may be predicted as a related health risk
factor, and used to predict final health outcomes. In some
examples, the predicted health outcomes or outputs can be
prevalence rates (e.g., the rate of diabetes in the adult popu-
lation, the rate of certain diseases of individuals in a parti-
cular area, crime rates, education rates, employment rates,
obesity rates, etc.). The term “prevalence rate,” as used
herein refers to the number of people in a group with a
new or old diagnosis, condition, or characteristic divided
by the population of that group. For example, diabetes pre-
valence is 9% among U.S. adults older than 18, meaning
that 9 out of 100 U.S. adults report having diabetes. In
some cases, predicted health outcomes can be calculated
for individuals, groups, and/or subgroups.

[0049] In some aspects, given a location (e.g., a street
address), the disclosed strategies may identify one or more
physical, social, and/or natural environment indicators, and
may predict a related suite of population-based health
metrics for the given location. In some cases, the disclosed
process can be used for current conditions and/or applica-
tions for future scenarios at a variety of geographic scales
(e.g., a neighborhood, a census tract, or a census block
group).

[0050] In some example aspects, built, social, and/or
environmental data can be manipulated to predict health-
based outcomes at a small geographic scale. For example,
the health-based outcomes may be one or more location-
based population health metrics. A location and one or
more physical, social, and/or natural environment para-
meters can be identified and used to predict or determine a
related suite of population-based health metrics for the loca-
tion. In some aspects, the disclosed strategies can be used as
part of a generic land-use toolset (e.g., allowing a user to
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calculate various predicted metrics which may or may not
include health-related outcomes). In other aspects, the pre-
sent strategies can be incorporated into software that is spe-
cifically directed to health outcome prediction.

[0051] Smaller regions, such as geographic and/or politi-
cally-defined regions, can also be analyzed and/or modeled
using the presently disclosed approaches. For example, the
approaches herein can be used to analyze individual neigh-
borhoods, boroughs or census tracts. The more granular ana-
lysis in this example can be advantageous in scenarios
where an analysis of a greater area or region may be unsui-
table. It is understood that the geographic unit or scales of
locations analyzed using the present approaches will vary
depending upon the intended application or implementation.
[0052] In some cases, a location selected for analysis can
include an aggregate of multiple geographic and/or politi-
cally-defined regions (e.g., a location may include a plural-
ity of census tracts, multiple towns or cities, etc.). These
regions may be adjacent regions, but may be distributed or
non-adjacent in other cases. Geographically remote areas
may be included in a single location in some instances
(e.g., neighboring towns separated by an unincorporated
area). In some cases, the disclosed approaches can be
applied to current condition(s). Moreover, the present
approaches can also be used to model future scenarios.
Future scenarios can include, without limitation, models
that account for potential built environment changes (e.g.,
activity resulting from rezoning or subsequent development
of a previously undeveloped plot of land), natural environ-
ment changes (e.g., health outcome effects in a location due
to global warming), or social environment changes (e.g.,
demographic changes due to changes in land use policies).
[0053] In some example aspects, location-based and popu-
lation-based health metrics can be used to estimate reduced
health care expenditures and increased health productivity;
direct, indirect and induced economic activity; costs and
benefits; and/or relative trade-offs (e.g., costs/benefits)
from one or more co-benefits such as the costs to implement
the changes to environment, land or property values.
[0054] Location-based built, natural and social environ-
ment (e.g., demographic) parameters can also be used to
calculate estimated environmental scores (e.g., walkability,
accessibility, greenery, etc.). Such calculations may be
based on current environmental parameters or future/poten-
tial parameters modeled for a given location.

[0055] In addition to using location-based and population-
based health metrics, the disclosed approaches may incorpo-
rate health, safety and climate considerations (e.g., trips that
are linked with energy, emissions, pollution and associated
costs).

[0056] In some example aspects, the location-based and
population-based health metrics can be modified to include
a personal health metric that is customized to include perso-
nalized demographic and/or health factors. For example, the
personalized demographic and/or health factors can include
or provide a personal physical activity score and/or health
score.

[0057] Metrics related to the pedestrian environment, also
referred to as “pedestrian micro scales” (e.g., micro-geo-
graphic scales), can also be integrated in the environmental
and/or health parameters implemented. For example, the
location-based and population-based health metrics can
include characteristics of the one or more micro scales,
such as presence/absence of street lights, benches, curb
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cuts at intersections, traffic signals, marked crosswalks;
width, condition and continuity of sidewalk; distance from
sidewalk and height of buildings, including presence and
location of windows; width of intersection crossings and
roads between intersections; etc.

[0058] In some aspects, the present approaches can also
use demographic or subdemographic information or data.
For example, the location-based and population-based
health metrics may generate, provide, or include outcomes
based on pre-specified populations, e.g., youth, elderly, or a
pre-defined age group.

[0059] In some aspects, a user may select or provide a
location (e.g., a neighborhood in New York City) and the
disclosed technologies can populate a map of the given loca-
tion by importing: (a) built environment parameter(s), (b)
social environment (e.g., demographic) parameter(s), and/
or (c) natural environment parameter(s). For example,
“access to bike paths” can be one of the above-mentioned
environment parameters. Health-related outcomes for indi-
viduals living at this location can also be predicted by apply-
ing various algorithms to one or more built, social, and/or
natural environment parameters. For example, a location
may have a built environment that provides more options
for physical activity resulting in a predicted lower rate of
morbidity for individuals living at the location (e.g., access
to bike paths nearby may promote more exercise). In some
implementations, a number of potential parameters can be
accounted for to give a fine-tuned prediction.

[0060] In some examples, computer systems and/or
machine learning tools can be implemented to predict loca-
tion-based population health outcomes from built, natural,
and/or social environment (e.g., demographic) parameters.
For example, a computer system can obtain and process a
request for a location assessment (e.g., from a user), esti-
mate one or more travel behaviors (e.g., minutes spent in
active and/or recreational travel), and predict one or more
health outcomes (or other metrics) based upon a plurality
of the built, natural, and/or social environment (e.g., demo-
graphic) parameters associated with the given location. In
some cases, travel minutes and health metrics may be
based upon the weights of the built, natural, social environ-
ment (e.g., demographic) parameters previously determined
using an analysis of representative travel and/or health sur-
veys. In another aspect, the computer system may return or
display the health-based outcome(s) in a geographic and/or
tabular form.

[0061] In some example aspects, a built environment para-
meter described herein can include a population density,
street connectivity, and/or land-use mix. In another aspect,
at least one additional built environment parameter may
capture or indicate the availability of green space, transit,
and/or other considerations related to the given location. In
some examples, the built environment parameter(s) may be
previously calculated and/or saved in a computer-readable
medium or device (e.g., a computer memory), calculated in
real time within a routine (e.g., a location health outcome
routine), or provided by an end user (e.g., a real estate or
urban planning professional).

[0062] In some aspects, social (e.g., demographic) para-
meters can include age(s), race(s), household income(s),
gender(s), etc. In some examples, such parameters may be
previously calculated and/or saved in a computer-readable
medium or device (e.g., a computer memory), calculated in
real time by software implementing the present approaches,
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or provided by the end user (e.g., a real estate or a urban
planning professional).

[0063] In some aspects, the calculated health metric may
be returned in tabular and/or geographic form as a single
metric. The tabular and/or geographic presentation may
identify the built, natural and/or social (e.g., demographic)
environment parameter(s) used in the computation. The tab-
ular and/or geographic form may be returned with compar-
isons of one or more health metrics assigned to at least one
additional location. For example, the one or more health
outcome metrics assigned to at least an additional location
may further include a second health outcome metric calcu-
lated used for a larger geographic area (that encompass the
requested/identified location), where the second health out-
come metric is calculated by using a weighted average of the
process for all locations within the larger geographic region.
In some cases, the one or more health outcome metrics
assigned to at least an additional location can include a
health outcome metric for another similar and/or nearby
location.

[0064] In some examples, a computerized program can be
implemented to automate detection of urban features and
offer environmental prescription to enhance health and well-
being. Built and natural environment features play an impor-
tant role in shaping human activity and perceptions, thus
influencing human health and quality of life. Various strate-
gies can be implemented to measure attributes of both objec-
tive and perceived neighborhood environment. One exam-
ple strategy is a neighborhood environmental audit, which
allows for quantifying various urban features known to
influence human health and quality of life. In some cases,
humans can be used to assist with environmental audits.
However, one example difficulty with use of humans to
complete the auditing process is that there are substantial
time and costs associated with relying on humans. There
are also potential biases caused by cognitive and personal
differences among individuals.

[0065] To address these and other problems, the present
technologies can implement computer vision and machine
learning technology to automate the environmental auditing
process and offer evidence-based environmental prescrip-
tions. This approach can leverage already collected environ-
mental audit data around the world to validate and calibrate
the automatic tool. The wealth of such data can be used to
successfully compare computerized measures against the
audited measures based on human inputs. Furthermore, the
approaches herein can provide a set of environmental pre-
scriptions to enhance human health and wellbeing. The pre-
sent technologies can offer health authorities and municipa-
lities a cost-effective solution to assess neighborhood
quality and inform policies and practices to enhance health
and wellbeing for urban residents.

[0066] The environmental auditing process can implement
various types of auditing procedures. For example, neigh-
borhood walkability audits can capture perceived built
environment features that are likely to influence walking
behavior. A Neighborhood Environment Walkability Scale
(NEWS) can capture individuals’ perceptions of the neigh-
borhood in terms of sidewalks, street connectivity, safety,
surroundings, overall satisfaction, etc. The NEWS instru-
ment can be used in different languages (e.g., English, Chi-
nese, and Japanese) and for different population subgroups
(e.g., adults and youth). The NEWS instruments can be
adapted and translated for use in various countries with
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acceptable test-retest reliability and concurrent validity
with respect to objective built environment measures.
Detailed assessment of perceived neighborhood environ-
ment through the NEWS approach can be effective and use-
ful to offer evidence-based policy recommendations to
improve walkability and neighborhood quality of life.
[0067] However, there are many challenges in conducting
a large-scale NEWS tool in a timely and a cost-effective
manner. Accordingly, other approaches can be utilized to
address some or all of the challenges faced by NEWS-
based approaches. For example, other technologies such as
Google Street View can offer options to supplement the
actual field audit process. Instead of physically going to a
site to conduct environmental audit, a web-based tool using
Google Street View can allow people to browse through the
neighborhood and conduct the auditing process in a web
environment. However, these tools still require human
labor and costs associated with having to rely on humans
to rate the built environment according to predefined
metrics. Because the environmental audit in such approach
is still done by humans, cognitive differences and personal
characteristics may influence the scoring results, potentially
leading to errors and human biases. Moreover, people’s per-
ception about the environment can vary between different
socio-economic groups and socio-cultural factors. Thus, it
is challenging to develop a comparable metrics that can be
applied across different population subgroups and to cover a
larger geographic area.

[0068] The computerized tools and strategies herein can
offer a feasible alternative to relying entirely on humans to
evaluate built environment features. For example, computer
vision and machine learning technology can be implemen-
ted to reduce or remove reliance on humans. For applica-
tions in the built environment audit, Google Street View
images and similar technologies can be used to score safety
and such measures can be validated based on crowd-sourced
human inputs. Google Street View and similar technologies
can also be used to detect pedestrian volumes and street-
level urban greenery. Machine learning tools can be imple-
mented to quantify visual enclosure, defined as a proportion
of sky ahead the street and across the street. Although it is
often difficult to validate such measures derived from com-
puter tools, it is, however, possible to train computers to
closely match the audit results and improve the machine’s
performance to simulate human-derived measures as closely
as possible.

[0069] The approaches herein offer an automatic environ-
mental auditing tool and allow for validating and calibrating
the automated tool using environmental audit data from
human inputs around the world. An evidence-based pre-
scriptive tool can also be implemented to further improve
the urban environments for enhancing human health and
wellbeing. The analytics techniques herein can be applied
to develop a next-generation environmental auditing tool
and inform future policies and practices to promote healthier
and more active living.

Automatization of Neighborhood Environmental
Audits

[0070] The automatic environmental auditing tools herein
allow users (e.g., urban planners, health practitioners, policy
makers, etc.) to identify environmental features (e.g., house,
shops, trees, roads, sidewalks, bike paths, etc.) that may



US 2023/0207135 Al

influence walking/bicycling behavior based on environmen-
tal auditing methods. The system can extract neighborhood
urban images from the Internet, and apply a set of computer
vision and machine learning technologies to automate iden-
tification and parsing of urban environmental objects.

Self-Validation and Calibration of Computerized
Measures

[0071] Users can check the validity of the automatized
measures and the measures can be calibrated to match real
human inputs. The validation and calibration can be done by
calculating the similarity score between computerized audit
scores and human-derived audit scores from a database of
environmental audit data.

Evidence-Based Prescriptive Tool

[0072] A prescription tool to improve urban environments
for healthier living can calculate deficiency scores of urban
environmental features. A deficiency score can be calcu-
lated by measuring the quality and quantity of urban fea-
tures that promote human health, such as trees, sidewalks,
and streetlights, for example. Based on the deficiency score,
this tool can offer users prescriptions to improve specific
urban features that enhance health and wellbeing.

Monetization of Health Care Costs

[0073] The relationship between aggregate costs of dis-
ease and disease prevalence rates is such that average ‘per
case’ (per person) costs are reported or can be calculated.
Multiplying the number of cases by annual per case costs
provides an estimate of the current costs associated with
each disease of interest. The number of cases of various dis-
eases can be calculated based on built, natural and social
environment variable values for a given study area.

[0074] A scenario planning tool, as further described
below, and/or a user can also specify a change/future sce-
nario for which new health outcome values should be calcu-
lated. The number of avoided cases can then be defined as
(1) all cases of disease at baseline or (2) the difference in
expected cases between the future scenario and baseline.
Various modeling approaches as well as specific methodo-
logical concerns that may be accounted for in the planning
tool development process are addressed herein.

Modeling Approaches

[0075] The modeling process for monetizing health
impacts from the built and natural environment and active
transportation can include estimating census block group
(CBG) level physical activity and health outcomes asso-
ciated with multiple built, natural and social environment
conditions/scenarios; applying a cost of illness (COI) to
CBG-level disease counts; and/or comparing multiple sce-
narios to determine relative levels of health outcomes and
costs.

Sources for Cost of Illness (COI) Estimates

[0076] COI estimates can be sourced from peer-reviewed
literature and federal agency reports. For each disease end-
point, the COI literature can be searched and the most recent
COI ascertained.
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Addressing Comorbidities

[0077] COI studies seek to isolate the additional cost attri-
butable to the disease of interest and thus control for com-
mon comorbidities. Care should be taken to understand
study assumptions when summing multiple illnesses
together in an application according to various aspects of
the disclosure.

Choosing a Monetary Base Year

[0078] Because multiple COI studies with multiple base
years may be applied, COI amounts can be standardized to
a single year. In some examples, the Bureau of Labor Sta-
tistics (BLS) Consumer Price Index (CPI) Inflation Calcula-
tor can be applied. The CPI includes sub-categories includ-
ing a medical category. The “medical care” portion of the
index can be used to transform COI into a single base year.

Choosing a Geography to Aggregate

[0079] There is little literature to guide how costs vary
across a region. Average costs across the U.S. (or if avail-
able, across a state) can be applied.

Applying Cost of Illness

[0080] Health outcome specific COI study results can be
used. COI estimates can be adjusted to a common year using
the general CPI Inflation Calculator provided by the U.S. for
the Bureau of Labor Statistics. The relationship between
aggregate cost and prevalence rates is such that average
‘per case’ costs are reported or can be calculated. Multiply-
ing the number of cases by annual per case costs provides an
estimate of the current costs associated with each disease for
a given location.

[0081] In addition to individual medical cost savings,
businesses also benefit from an increase in employee pro-
ductivity from reduced illness attributable to increased phy-
sical activity. Those who are not active at least 150 minutes
each week miss on average 0.63 days of work each year.
Using the methodology for avoided healthcare expenditures,
the number of fewer absentee days by an inactive person for
each health district can be normalized on a “per mile
walked” and “per mile biked” basis.

[0082] The results can be used as inputs to input/output
models across industries to determine the wider economic
impact. These models can be used to compute each worker’s
daily productivity (output per worker per day), which in turn
can be combined with other multipliers and number of
absentee days not taken to estimate total impacts.

[0083] The estimated absentee reduction value per rider
mile can be based on the output per employee per day and
the annual absentee days not taken per mile. The output per
employee per day is an input/output model generated indus-
try output per employee divided by the number of days
worked.

[0084] The disclosure now turns to a description of exam-
ple methods and tools for environmental auditing proce-
dures, validating and calibrating computerized environmen-
tal measurements, generating prescriptions to implement
specific urban features, and predicting health-related para-
meters and metrics. The examples and concepts described
in the description below will be described with reference
to the appended drawings and are intended as a description
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of various non-limiting configurations. The description
below includes specific details for the purpose of providing
a thorough understanding of various concepts. However, it
will be apparent to those skilled in the art that these concepts
may be practiced without certain details.

[0085] Several aspects of planning tools or routines will
now be presented with reference to various systems and
methods. These methods and systems will be described in
the following detailed description and illustrated in the
accompanying drawings by various blocks, modules, com-
ponents, circuits, steps, processes, algorithms, etc. (collec-
tively referred to as “elements”). These elements may be
implemented using electronic hardware, as shown in FIG.
11, computer software, or any combination thereof. Whether
such elements are implemented as hardware or software
depends upon the particular application and design con-
straints imposed on the overall system.

[0086] FIG. 1 illustrates an example environmental and
health analytics system 100 (hereinafter “system 1007)
which can be implemented to collect environmental para-
meters for one or more locations, predict health-related out-
comes or other metrics for the one or more locations, and/or
identify changes to one or more environments and which
can be used to increase a given health-related outcome or
other metric. For example, the system 100 can be used to
predict a location-based population health outcome from
measures of built, natural, and/or social (e.g., demographic)
environment parameters. As will be further described below,
the system 100 can computerized environment auditing
tools which can implement machine learning technologies
for collecting environment parameters; analyzing environ-
ment parameters; generating audit scores; generating recom-
mendations or prescriptions for implementing environment
features to improve health, wellbeing, and healthcare costs;
etc.

[0087] In some examples, the system 100 can include an
image collection engine 102. The image collection engine
102 can query, crawl, retrieve, and/or store environmental
images from one or more sources, such as the Internet 120,
for a designated geographic area/region or within a user-
selected buffer. In some cases, the image collection engine
102 can obtain images for a geographic area from an Inter-
net application or source such as GOOGLE STREET
VIEW, and store any collected images on data storage 116
for current or future use and access.

[0088] Image analysis engine 104 can apply vision and
machine learning technology 110 to identify specific envir-
onmental features in the images collected by the image col-
lection engine 102. Non-limiting examples of environmen-
tal features can include houses, shops, benches, trees, roads,
sidewalks, bike paths, streetlights, people, vehicles, foun-
tains, parks, bodies of water, sunlight, crowds, empty
spaces, traffic, animals, and/or any environmental features
which may affect human activity and behavior such as walk-
ing or bicycling. In some cases, the image analysis engine
104 can implement neural network 112 to identify environ-
mental features in images. The neural network 112 can
allow the image analysis engine 104 to recognize objects
in images, as further described with reference to FIG. 4.
[0089] The validation and calibration engine 108 can
obtain environmental audit data from users 118 and use the
environmental audit data from the users 118 to perform self-
validation and/or self-calibration of computerized environ-
mental audit measures generated by the system 100. For
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example, the users 118 can check the validity of automati-
cally-generated environmental measures and calibrate such
measures to match human inputs from the users 118. In
some cases, the validation and calibration can be performed
by calculating the similarity score between computerized
audit scores generated by the system 100 and user-derived
audit scores (e.g., audit scores from users 118). Computer-
ized audit scores and/or user-derived audit scores can be
stored in the data storage 116 for use and access by the sys-
tem 100.

[0090] The system 100 can also include a prescription
engine 106 that calculates and generates prescriptions for
implementing specific environmental features that can
improve environments, human health and wellbeing, and
healthcare costs and efficiency. The prescription engine
106 can be an evidence-based computer tool for predicting
or suggesting measures for healthier living. The prescription
engine 106 can calculate deficiency scores of environmental
features and use the deficiency scores to generate prescrip-
tions for improving environmental features known or
believed to improve health and wellbeing. In some cases,
the deficiency scores can be calculated by measuring the
quality and quantity of environmental features that promote
health and wellbeing, such as, without limitation, trees, side-
walks, streetlights, bike paths, water resources, sunlight, etc.
[0091] A presentation engine 114 can use the data from
prescription engine 106, as well as any other data collected
or generated by the system 100 such as statistics or map
information, to display environmental features, statistics,
prescriptions, audit scores, healthcare costs, and/or other
health or environment related data for one or more locations.
For example, the presentation engine 114 can generate an
interface or graphical view of such data for display at one
or more display devices (e.g., local display device on the
system 100 and/or remote display device on a different sys-
tem). The presentation engine 114 can configure and/or for-
mat data for presentation based on user preferences, system
preferences, system capabilities, type of data being pre-
sented, various available formatting options, etc. For exam-
ple, the presentation engine 114 can format the data in tab-
ular form, geographic or map form, as a chart or graph, in
textual form, and/or any other graphical or animated form.

[0092] The data storage 116 can be used to store images
from the image collection engine 102, features identified
from the collected images, computerized and/or human
audit scores, validation and/or calibration data or statistics,
prescription data generated by the prescription engine 106,
presentation data generated by the presentation engine 114,
inputs from users 118, map or geographic data, logs, data
and/or statistics obtained from the Internet 120, changes in
environmental features or data, metadata, health and/or
environmental metrics, information about environmental
and/or health-related features, health and/or environmental
goals for one or more locations, health and disease factors,
disease prevalence rates, health/disease and environmental
correlation data, cost and/or health impacts associated with
one or more variables, etc.

[0093] FIG. 2 illustrates an example flow for processing
image data to identify environmental features and generate
prescription measures. In this example, image collection
engine 102 obtains an image 202 of a specific geographic
location, such as an urban neighborhood, a city, a town, or
any other geographic region. The image collection engine
102 can obtain the image 202 from one or more sources,
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such as the Internet 120, data storage 116, a user (118), a
remote server, an application, etc. For example, the image
collection engine 102 can obtain the image 202 from a map
or satellite application, such as GOOGLE STREET VIEW.
As another example, the image collection engine 102 can
obtain the image from one or more government sources,
such as a city website or database. In some cases, the
image collection engine 102 can obtain metadata of the
image 202 and/or additional information about the location
associated with the image 202, such as crime statistics,
demographics data, landmark information, descriptive
information, government-provided data and/or statistics,
neighborhood data, etc.

[0094] The image 202 and any other data collected by the
image collection engine 102 can be provided as input 204 to
image analysis engine 104. Image analysis engine 104 can
use the input 204 to identify environmental features in the
image 202. For example, the image analysis engine 104 can
use neural network 112 and computer vision technology to
recognize objects in the image 202. For example, the image
analysis engine 104 can analyze pixels and/or regions in the
image 202 and intelligently recognize objects based on iden-
tified patterns and/or attributes.

[0095] The image analysis engine 104 can generate output
206 which can include recognized environmental features
from the image 202. Prescription engine 106 can receive
the output 206 from the image analysis engine 104 and use
the recognized environmental features in the output 206 to
generate a prescription 208. The prescription 208 can iden-
tify environmental features that may be implemented in the
given location to improve the environment, human health
and wellbeing, and/or healthcare costs associated with the
environment. The prescribed environmental features can
include environmental features known or believed to influ-
ence human health and wellbeing, such as greenery,
benches, parks, sidewalks, bike paths, streetlights, access
to sunlight, etc.

[0096] FIG. 3 illustrates an example configuration 300 of
neural network 112. In this example, the neural network 112
includes an input layer 302 which includes input data, such
as collected images (e.g., image 202). In one illustrative
example, the input layer 302 can include data representing
the pixels of one or more input images.

[0097] The neural network 112 includes hidden layers
304A through 304N (collectively “304” hereinafter). The
hidden layers 304 can include n number of hidden layers,
where n is an integer greater than or equal to one. The num-
ber of hidden layers can be made to include as many layers
as needed for the given application. The neural network 112
further includes an output layer 306 that provides an output
resulting from the processing performed by the hidden
layers 304. In one illustrative example, the output layer
306 can provide a classification and/or localization of one
or more objects in an input image (e.g., 202). The classifica-
tion can include a class identifying the type of object (e.g., a
person, a dog, a cat, a car, a tree, a sidewalk, a bench, a lake,
a house, a sunset, or any other object) and the localization
can include a bounding box indicating the location of the
object.

[0098] The neural network 112 is a multi-layer deep learn-
ing network of interconnected nodes. Each node can repre-
sent a piece of information. Information associated with the
nodes is shared among the different layers and each layer
retains information as information is processed. In some
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cases, the neural network 112 can include a feed-forward
network, in which case there are no feedback connections
where outputs of the network are fed back into itself. In
some cases, the neural network 112 can include a recurrent
neural network, which can have loops that allow informa-
tion to be carried across nodes while reading in input.
[0099] Information can be exchanged between nodes
through node-to-node interconnections between the various
layers. Nodes of the input layer 302 can activate a set of
nodes in the first hidden layer 304A. For example, as
shown, each of the input nodes of the input layer 302 is
connected to each of the nodes of the first hidden layer
304A. The nodes of the hidden layer 304A can transform
the information of each input node by applying activation
functions to the information. The information derived from
the transformation can then be passed to and can activate the
nodes of the next hidden layer (e.g., 304B), which can per-
form their own designated functions. Example functions
include convolutional, up-sampling, data transformation,
pooling, and/or any other suitable functions. The output of
the hidden layer (e.g., 304B) can then activate nodes of the
next hidden layer (e.g., 304N), and so on. The output of the
last hidden layer can activate one or more nodes of the out-
put layer 306, at which point an output is provided. In some
cases, while nodes (e.g., node 308) in the neural network
112 are shown as having multiple output lines, a node has
a single output and all lines shown as being output from a
node represent the same output value.

[0100] In some cases, each node or interconnection
between nodes can have a weight that is a set of parameters
derived from the training of the neural network 112. For
example, an interconnection between nodes can represent a
piece of information learned about the interconnected
nodes. The interconnection can have a numeric weight that
can be tuned (e.g., based on a training dataset), allowing the
neural network 112 to be adaptive to inputs and able to learn
as more data is processed.

[0101] The neural network 112 can be pre-trained to pro-
cess the features from the data in the input layer 302 using
the different hidden layers 304 in order to provide the output
through the output layer 306. In an example in which the
neural network 112 is used to identify objects in images,
the neural network 112 can be trained using training data
that includes both images and labels. For instance, training
images can be input into the neural network 112, with each
training image having a label indicating the classes of the
one or more objects in each image (basically, indicating to
the network what the objects are and what features they
have).

[0102] In some cases, the neural network 112 can adjust
the weights of the nodes using a training process called
backpropagation. Backpropagation can include a forward
pass, a loss function, a backward pass, and a weight update.
The forward pass, loss function, backward pass, and para-
meter update is performed for one training iteration. The
process can be repeated for a certain number of iterations
for each set of training images until the neural network
112 is trained enough so that the weights of the layers are
accurately tuned.

[0103] For the example of identifying objects in images,
the forward pass can include passing a training image
through the neural network 112. The weights can be initially
randomized before the neural network 112 is trained. The
image can include, for example, an array of numbers repre-
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senting the pixels of the image. Each number in the array
can include a value from 0 to 255 describing the pixel inten-
sity at that position in the array. In one example, the array
can include a 28 x 28 x 3 array of numbers with 28 rows and
28 columns of pixels and 3 color components (such as red,
green, and blue, or luma and two chroma components, or the
like).

[0104] For a first training iteration for the neural network
112, the output can include values that do not give prefer-
ence to any particular class due to the weights being ran-
domly selected at initialization. For example, if the output
is a vector with probabilities that the object includes differ-
ent classes, the probability value for each of the different
classes may be equal or at least very similar (e.g., for ten
possible classes, each class may have a probability value
of 0.1). With the initial weights, the neural network 112 is
unable to determine low level features and thus cannot make
an accurate determination of what the classification of the
object might be. A loss function can be used to analyze
errors in the output. Any suitable loss function definition
can be used.

[0105] The loss (or error) can be high for the first training
images since the actual values will be different than the pre-
dicted output. The goal of training is to minimize the
amount of loss so that the predicted output is the same as
the training label. The neural network 112 can perform a
backward pass by determining which inputs (weights)
most contributed to the loss of the network, and can adjust
the weights so that the loss decreases and is eventually
minimized.

[0106] A derivative of the loss with respect to the weights
can be computed to determine the weights that contributed
most to the loss of the network. After the derivative is com-
puted, a weight update can be performed by updating the
weights of the filters. For example, the weights can be
updated so that they change in the opposite direction of the
gradient. A learning rate can be set to any suitable value,
with a high learning rate including larger weight updates
and a lower value indicating smaller weight updates.
[0107] The neural network 112 can include any suitable
deep network. One example includes a convolutional neural
network (CNN), which includes an input layer and an output
layer, with multiple hidden layers between the input and out
layers. The hidden layers of a CNN include a series of con-
volutional, nonlinear, pooling (for downsampling), and fully
connected layers. In other examples, the neural network 112
can represent any other deep network other than a CNN,
such as an autoencoder, a deep belief nets (DBNs), a Recur-
rent Neural Networks (RNNs), etc.

[0108] FIG. 4 illustrates an example use of neural network
112 to perform deep learning. In this example, the neural
network 112 includes an input layer 302, a convolutional
hidden layer 304A, a pooling hidden layer 304B, fully con-
nected layers 304C, and output layer 306. The neural net-
work 112 can identify specific environmental features (e.g.,
house, shops, benches, trees, roads, sidewalks, bike paths,
streetlights, etc.) in an image (e.g., 202). First, each pixel
in the image is considered as a neuron that has learnable
weights and biases. Each neuron receives some inputs, per-
forms a dot product and optionally follows it with a non-
linearity function. The neural network 112 can also encode
certain properties into the architecture by expressing a sin-
gle differentiable score function from the raw image pixels
on one end to class scores at the other to extract specific
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environmental features from the target image. After identi-
fying objects in the image as specific environmental fea-
tures, the neural network 112 can generate a mean score
(or z-score) of each feature and take the average of the
scores within the user-defined buffer.

[0109] In some examples, the input layer 304A includes
data representing an image (e.g., 202). For example, the
data can include an array of numbers representing the pixels
of the image, with each number in the array including a
value from 0 to 255 describing the pixel intensity at that
position in the array. The image can be passed through the
convolutional hidden layer 304A, an optional non-linear
activation layer, a pooling hidden layer 304B, and fully con-
nected hidden layers 306 to get an output at the output layer
306. The outputs 402, 404, 406, 408 can indicate a class of
an object (e.g., car, tree, sidewalk, sunset) or a probability of
classes that best describes the objects in the image.

[0110] The convolutional hidden layer 304A can analyze
the image data of the input layer 302A. Each node of the
convolutional hidden layer 304A can be connected to a
region of nodes (pixels) of the input image. The convolu-
tional hidden layer 304A can be considered as one or more
filters (each filter corresponding to a different activation or
feature map), with each convolutional iteration of a filter
being a node or neuron of the convolutional hidden layer
304A. Each connection between a node and a receptive
field (region of nodes (pixels)) for that node learns a weight
and, in some cases, an overall bias such that each node
learns to analyze its particular local receptive field in the
input image.

[0111] The convolutional nature of the convolutional hid-
den layer 304A is due to each node of the convolutional
layer being applied to its corresponding receptive field. For
example, a filter of the convolutional hidden layer 304A can
begin in the top-left corner of the input image array and can
convolve around the input image. As noted above, each con-
volutional iteration of the filter can be considered a node or
neuron of the convolutional hidden layer 304A. At each
convolutional iteration, the values of the filter are multiplied
with a corresponding number of the original pixel values of
the image. The multiplications from each convolutional
iteration can be summed together to obtain a total sum for
that iteration or node. The process is next continued at a next
location in the input image according to the receptive field
of a next node in the convolutional hidden layer 304A. Pro-
cessing the filter at each unique location of the input volume
produces a number representing the filter results for that
location, resulting in a total sum value being determined
for each node of the convolutional hidden layer 304A.
[0112] The mapping from the input layer 302 to the con-
volutional hidden layer 304A can be referred to as an acti-
vation map (or feature map). The activation map includes a
value for each node representing the filter results at each
locations of the input volume. The activation map can
include an array that includes the various total sum values
resulting from each iteration of the filter on the input
volume. The convolutional hidden layer 304A can include
several activation maps in order to identify multiple features
in an image. The example shown in FIG. 4 includes three
activation maps. Using three activation maps, the convolu-
tional hidden layer 304A can detect three different kinds of
features, with each feature being detectable across the entire
image.
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[0113] In some examples, a non-linear hidden layer can be
applied after the convolutional hidden layer 304A. The non-
linear layer can be used to introduce non-linearity to a sys-
tem that has been computing linear operations.

[0114] The pooling hidden layer 304B can be applied after
the convolutional hidden layer 304A (and after the non-lin-
ear hidden layer when used). The pooling hidden layer 304B
is used to simplify the information in the output from the
convolutional hidden layer 304A. For example, the pooling
hidden layer 304B can take each activation map output from
the convolutional hidden layer 304A and generate a con-
densed activation map (or feature map) using a pooling
function. Max-pooling is one example of a function per-
formed by a pooling hidden layer. Other forms of pooling
functions be used by the pooling hidden layer 304B, such as
average pooling or other suitable pooling functions. A pool-
ing function (e.g., a max-pooling filter) is applied to each
activation map included in the convolutional hidden layer
304A. In the example shown in FIG. 4, three pooling filters
are used for the three activation maps in the convolutional
hidden layer 304A.

[0115] The pooling function (e.g., max-pooling) can deter-
mine whether a given feature is found anywhere in a region
of the image, and discard the exact positional information.
This can be done without affecting results of the feature
detection because, once a feature has been found, the exact
location of the feature is not as important as its approximate
location relative to other features. Max-pooling (as well as
other pooling methods) offer the benefit that there are fewer
pooled features, thus reducing the number of parameters
needed in later layers.

[0116] The fully connected layer 304C can connect every
node from the pooling hidden layer 304B to every output
node in the output layer 306. The fully connected layer
304C can obtain the output of the previous pooling layer
304B (which should represent the activation maps of high-
level features) and determine the features that correlate to a
particular class. For example, the fully connected layer
304C layer can determine the high-level features that most
strongly correlate to a particular class, and can include
weights (nodes) for the high-level features. A product can
be computed between the weights of the fully connected
layer 304C and the pooling hidden layer 304B to obtain
probabilities for the different classes.

[0117] In some examples, the output from the output layer
306 can include an n-dimensional vector, where n can
include the number of classes that the program has to choose
from when classifying the object in the image. Other exam-
ple outputs can also be provided. Each number in the n-
dimensional vector can represent the probability the object
is of a certain class.

[0118] FIG. S illustrates an example method for imple-
menting a computerized tool to automate an environmental
auditing procedure. The computerized tool can implement
machine learning techniques to identify features in collected
images. For example, the computerized tool can implement
the neural network 112 as described in FIG. 4.

[0119] At step 502, the method obtains images associated
with a location (e.g., a designated geographic area or within
a user-selected buffer). In some cases, the method can col-
lect images via the image collection engine 102. The image
collection engine 102 can collect images from the Internet or
any other source.
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[0120] At step 504, the method can recognize objects in
the images associated with the location. The method can
recognize objects via the image analysis engine 104 and
neural network 112 as previously described. For example,
as previously described, the neural network 112 can identify
specific environmental features (e.g., house, shops, benches,
trees, roads, sidewalks, bike paths, streetlights, etc.) in an
image (e.g., 202). First, each pixel in the image is consid-
ered as a neuron that has learnable weights and biases. Fach
neuron receives some inputs, performs a dot product and
optionally follows it with a non-linearity function. The
neural network 112 can also encode certain properties into
the architecture by expressing a single differentiable score
function from the raw image pixels on one end to class
scores at the other to extract specific environmental features
from the target image.

[0121] At step 506, the method can generate scores for the
objects recognized in the images. For example, after identi-
fying objects in an image as specific environmental features,
the neural network 112 can generate a mean score (or z-
score) of each feature and take the average of the scores.
[0122] At step 508, the method can output data (e.g., 402,
404, 406, 408) identifying the objects recognized in the
images associated with the location. In some examples, the
method can display the output data via a presentation engine
(e.g., 114) on a display device.

[0123] FIG. 6 illustrates an example method for validating
and calibrating computerized measures generated in the
example method shown in FIG. §.

[0124] At step 602, the method can build a database of
computerized environmental measures from existing envir-
onmental audit measures. At step 604, the method can check
the internal validity of the computerized measures. In some
cases, the method can check the internal validity by cross-
validation.

[0125] At step 606, the method can check the external
validity of the computerized measures based on the existing
environmental audit data. For example, the method can
check the external validity of the computerized measures
by performing Pearson’s correlation and k-Nearest Neigh-
borhood likelihood computation against the original envir-
onmental audit measures.

[0126] At step 608, the method can calibrate the compu-
terized measures by computing weights based on environ-
mental audit measures from different countries, cities, age
groups, etc. The computerized measures can thus be cali-
brated using actual measures as a reference.

[0127] FIG. 7 illustrates an example method for imple-
menting a prescriptive tool (e.g., prescriptive engine 106)
to improve environments for healthier living.

[0128] At step 702, the method can estimate a deficiency
level for each environmental feature identified for a given
location (e.g., output features 402, 404, 406, 408). In some
examples, the method can estimate a deficiency level for
each identified environment feature known to enhance
health and wellbeing, such as trees, benches, sidewalks,
bike paths, streetlights, and etc. To estimate a deficiency
level, the method can calculate an entropy index that can
measure disorder or uncertainty.

[0129] At step 704, the method can compute a final defi-
ciency score based on the richness and abundance of health-
promoting environment features. In some examples, the
final deficiency score can be computed as follows:
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Where, H refers to Shannon’s entropy index, and D refers to
Simpson’s index. p; denotes the proportion of specific
health-promoting environment feature i divided by the num-
ber of all environment features; R is the number of environ-
ment features. Both indices measure similar phenomenon,
but Shannon’s index is more affected by minor feature (rich-
ness) whereas Simpson’s index gives more weight to domi-
nant environment feature (abundance). Combination of the
two indices gives a reliable measure of built environment
richness and abundance.

[0130] In some examples, the method can combine and
normalize the two indices, and convert the result into a per-
centage-based score to make it comparable across the data-
base. The final deficiency score can be computed by sub-
tracting the normalized percentage score from 100.

[0131] At step 706, the method can generate a prescriptive
solution to increase the provision of identified health-pro-
moting environment features based on the final deficiency
score. In some examples, the suggested provision level can
be estimated in percentage, and the method can display an
appropriate recommendation. For example, the method can
display “X % of more trees is needed to promote moderate-
and-vigorous physical activity level by Y %”. The provision
level needed to achieve the desired level of health outcomes
can be obtained by estimating pooled elasticity of certain
environment features known to enhance health and
wellbeing.

[0132] FIG. 8 illustrates an example flow diagram for an
example method to predict health-related outcomes or other
metrics for one or more locations, and/or to identify changes
to one or more environments that can be implemented to
increase a given health-related outcome or other metric.
For example, the flow diagram can represent a method for
predicting location-based population health outcome from
measures of built, natural, and/or social (e.g., demographic)
environment parameters using a computing system such as
system 100.

[0133] For the sake of clarity, the method is described in
terms of system 100, as shown in FIG. 1, configured to prac-
tice the method. The steps outlined herein are exemplary
and can be implemented in any combination thereof, includ-
ing combinations that exclude, add, or modify certain steps.
[0134] In some examples, a user can supply hypothetical
built environment changes and/or health-related outcomes
that should be improved or maximized. For example, the
disclosed method may model a proposed change to the
built, social and/or natural environment of a given location
(e.g., a “scenario”) and calculate changes to one or more
health-related outcomes that account for the variables mod-
eled in the scenario.

[0135] In some aspects, the user may select a desired
health-related outcome to decrease/increase (or minimize/
maximize) and a system (100) implementing the present
methods can be used to identify one or more recommended
changes to the current built environment parameters that
promote or optimize the user-selected health outcome. For
example, a user may want to improve diabetes prevalence
rates, and the present methods may suggest built environ-
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ment changes that result in greater likelihood of exercise
(e.g., by outputting proposed changes that increase the walk-
ability of the location).

[0136] At Step 1 (block 802), a user may select, provide,
or identify a location (e.g., a neighborhood in New York
City).

[0137] In this example, at Step 2 (block 804), the user may
specify one or more optimization preferences (e.g.,
improve/minimize diabetes prevalence rates). Optimization,
in some aspects, may be determined by maximizing the dif-
ference between benefits and costs. In some aspects, a user
may select one or more constraints (e.g., fiscal constraints)
that should be accounted for in the optimization calculation.
For example, a system (100) implementing the present
methods may be used to select optimal built environment
parameters for a given location that increase or maximize
a desired a health outcome (e.g., a reduction in average
body mass index (BMI)) to the extent possible while taking
into account a budget constraint (e.g., a $10 million budget)
and costs associated with various incremental built environ-
ment changes that may be potentially implemented (e.g.,
costs associated with creating a new intersection or train
station, developing a bike path, etc.).

[0138] In still further aspects, optimization may take into
account temporal restraints. For example, a user may be
interested in determining the optimal built environment con-
figuration that increases or maximizes a health outcome
within a certain time period in order to accomplish near-
term or long-term policy goals. Such calculations may
include constraints related to temporal limitations, such as
a predicted annual budget during the time period of interest
and/or construction times associated with potential built
environment changes (e.g., a new highway may require sev-
eral years of development).

[0139] At Step 3 (block 806), built, natural and/or social
(e.g., demographic) environment parameters may be identi-
fied or determined for the location selected at Step 1 (block
802) (e.g., internally by the tool discussed herein) and/or for
a scenario (e.g., a scenario X provided by the user). For
example, a user may provide or identify hypothetical built
environment changes and/or health-related outcomes that
may be improved or maximized. In some cases, the environ-
ment parameters can be identified using machine learning
techniques as shown in FIG. 4.

[0140] At this stage, the method may proceed to either
Step 4 (block 808) to perform optimization, or to Step 6
(block 812) to predict health outcomes without
optimization.

[0141] At Step 4 (block 808), the system 100 can identify
one or more built environment parameter(s) that have a sig-
nificant impact on the desired health outcome for the user-
selected scenario (e.g., the scenario X provided by the user
at Step 3 (block 806)). In some aspects, the identification of
significant built environment factors may take into account
one or more of the social environment parameters associated
with the location. In some aspects, only a single most sig-
nificant built environment factor is identified. In others, any
arbitrary cut-off may be implemented (e.g., the optimization
routine may be limited to the five most significant built
environment factors).

[0142] At Step 5 (block 810), the system 100 can use the
significant built environment parameter(s) identified at Step
4 (block 808) to generate an optimal built environment (to
the extent possible in view of any user-supplied or other
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constraints), which may be saved as another scenario (e.g.,
Scenario X-2). At this stage, the system 100 can display the
optimal built environment as output (i.e., by proceeding to
Step 8, block 818). Alternatively, the optimized scenario
may be used as input for Step 6 (block 812).

[0143] At Step 6 (block 812), the system 100 can calculate
predicted health outcomes (e.g., physical activity from tra-
vel and recreation, body-mass index (BMI), or other health
outcomes) and associated healthcare costs from such out-
comes using predictive equations. As illustrated by this
example, the prediction may be based on the built, natural
and/or social (e.g., demographic) environment parameters
identified at Step 3 (block 806) (examples are shown in
FIG. 9), or optimized at Step 5 (block 810).

[0144] The system 100 can analyze multiple locations
within a larger region of interest (e.g., via system 100). In
this case, at block 814, the method may include a step of
determining whether all of the locations in a given region
of interest have been calculated for the scenario. If so, the
method may proceed to Step 7 (block 816). If not, the pro-
cess may return to Step 2 (block 804).

[0145] At Step 7 (block 816), the system 100 can generate
a population-weighted aggregation of health metrics for all
locations within the region of interest. In some instances,
this step may account for the relative population of a sub-
area (e.g., a census block group) compared to the total popu-
lation of the entire study area of interest (e.g., county).
[0146] Finally, at Step 8 (block 818), the system 100 can
display the predicted health outcomes(s) for the location or
for multiple locations and/or an entire region (e.g., via pre-
sentation engine 118). The predicted health outcomes may
be for a current location, a given scenario for a location and/
or optimized built environment parameters for the location,
as discussed in the various aspects provided herein. The
built environment recommendation for optimized locations
or scenarios may be provided in a tabular form, a geographic
form, or any other format.

[0147] To be clear, FIG. 8 represents an example aspect of
the methods described herein. Other permutations that
include some or all of these steps or other steps described
herein may be implemented without departing from the
spirit of the disclosure.

[0148] FIG. 9 illustrates a flow diagram illustrating addi-
tional details regarding Step 3 (block 806) and Step 6 (block
812) of FIG. 8, which relate to the identification of environ-
mental parameters and prediction of a health outcome and
associated healthcare costs for the location. For the sake of
clarity, the steps in the flow diagram are described in terms
of system 100, as shown in FIG. 1, configured to practice the
steps. The steps outlined herein are exemplary and can be
implemented in any combination thereof, including combi-
nations that exclude, add, or modify certain steps.

[0149] At Step 3 (block 902), built, social, and/or natural
environment parameters can be identified for a given loca-
tion. In this particular example, the location is provided by
the user at Step 1 (block 802) in FIG. 8.

[0150] At Step 3A (block 904), temporal characteristics of
the scenario (e.g., provided by the user) can be determined.
[0151] At Step 3B (block 906 or block 908), if the sce-
nario is a current condition, the system 100 can obtain para-
meters for the current condition. In some examples, the
input environmental parameters can be pre-identified and/
or calculated, or called from one or more internet sources
in real time or near real time. Alternatively, if the scenario
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is a future condition or application, the system 100 obtains
parameters for the future condition or application. In some
examples, the environmental parameters here can be sup-
plied by the user through a user interface and/or a third
party scenario-planning tool.

[0152] At Step 3C (block 910), the system 100 can pro-
vide built, social, and/or natural environment parameters
(e.g., via system 100) that may be used as inputs for Steps
6A, 6B, 6C and/or 6D (blocks 912, 914, 916 and/or 918). In
some cases, the parameters can be unique or different for
each block/step and health outcome.

[0153] At Step 6A (block 912), the system 100 can calcu-
late a first predicted health outcome (e.g., expected physical
activity for travel and recreation using predictive equations
that may include built, social, and/or natural environment
parameters from Step 3 (block 806) in FIG. 8).

[0154] At Step 6B (block 914), the system 100 can calcu-
late a second predicted health outcome (e.g., predicted BMI
using pre-determined predictive equations that may include
physical activity from Step 6A (block 912) and one or more
built, social, and/or natural environment parameters from
Step 3 (block 806) in FIG. 8). Note that in this particular
example, the second predicted health outcome is based on
both environmental parameters and the associated predicted
health outcome calculated at Step 6A (block 912). This step
illustrates that in some cases, methods according to the dis-
closure may calculate a plurality of predicted health out-
comes wherein some predicted health outcomes are used
as intermediates to calculate additional predicted health out-
comes by leveraging data (e.g., positive or negative correla-
tions) between various predicted health outcomes.

[0155] At Step 6C (block 916), the system 100 can calcu-
late predicted health metrics using pre-determined predic-
tive equations that may include one or more previously-
determined predicted health outcomes. In this example, phy-
sical activity (calculated at Step 6A, block 912), BMI (cal-
culated at Step 6B, block 914), and one or more built, social,
and/or natural environment parameters from Step 3 (block
806) in FIG. 8 can be leveraged to arrive at a third predicted
health metric.

[0156] At Step 6D (block 918), the system 100 can calcu-
late predicted healthcare costs based on the one or more pre-
viously-determined predicted health outcomes. In this
example, physical activity (calculated at Step 6A, block
912), BMI (calculated at Step 6B, block 914), predicted
health metrics (calculated at Step 6C, block 916) and one
or more built, social, and/or natural environment parameters
from Step 3 (block 806) in FIG. 8 can be leveraged to arrive
at predicted healthcare costs.

[0157] In some aspects, methods in accordance with this
aspect of the disclosure may output a final predicted health
outcome, a plurality of predicted health outcomes (e.g., dis-
playing various intermediary predicted health outcomes as
illustrated by FIG. 9), and/or predicted healthcare costs. It is
understood that this configuration may be generalized to any
of the alternative exemplary aspects described herein.

Example Implementation

[0158] Step 1. The following hypothetical provides an
illustrative and non-limiting example of a method according
to the disclosure used in one example context. Assume that a
city planner wishes to understand the health impacts of a
proposal to redevelop a location is interested in understand-
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ing how to best improve the health of the residents of the
location while redeveloping a large number of parcels. The
city planner, having access to scenario planning tool (e.g.,
system 100) implementing an aspect of the disclosure, may
provide the tool (e.g., 100) with the geographic boundaries
of the location of interest. The tool (100) in turn may present
a list of built environment, natural environment, and social
environment parameters to the city planner (hereinafter,
“user”) that could potentially be changed. The tool (100)
may have this data stored locally or may have downloaded
it from a remote database in response to the user’s identifi-
cation of the location of interest.

[0159] The user may then choose, for example, population
density, household income, land use mix including types
residential housing, commercial space, and green space —
and employment density, as environmental parameters of
interest. The tool (100) may then, accordingly, provide cur-
rent conditions for each user-selected environmental para-
meter and associated health metrics of interest. In this exam-
ple, a feature of this and subsequent steps is that the spatial
variation in both environmental parameters and health
metrics within the area of interest would be displayed in a
map as illustrated in FIG. 10. Tabular and graphical repre-
sentations of the data may also be provided to show indica-
tors for the entire area and the variation within the area.
[0160] Step 2. The next step is defining the proposed
changes to the area. In user-defined mode, the tabular, gra-
phical, and mapping process in Step 1 supports the user in
defining and refining a proposal. Within the tool (100), the
user can define proposed new levels of population density,
household income, land use mix, and employment density.
For example, this could be done by inputting numerical
levels or by indicating a percent change for each factor.
[0161] Step 3. Upon defining the elements of their propo-
sal in Step 2, the tool (100) may then provide in real time
projected health and economic metrics. Metrics would be
available at both fine-scale geography and full area aggrega-
tion. Presentation of the results may be provided in map
form to understand spatial variation and in tabular and gra-
phical form to understand larger area averages.

[0162] Step 4. Additionally, the tool (100) may display the
change in health metrics and the monetized healthcare ben-
efits associated with that change. For example, if the dia-
betes prevalence rate is currently 8% and, with the changes
in the levers projected to be reduced to 7%, then the tool
(100) may present the difference in prevalence rates (1%),
the number of diabetes cases avoided, and the healthcare
costs avoided from implementing the proposal.

[0163] The process defined in Steps 2-4, could be repeated
in rapid succession, allowing the user to efficiently review
the health and economic implications of various combina-
tions of environmental factors.

[0164] In another example aspect, the tool (100) could
provide pre-packaged baskets of environmental changes.
For example, it might have multiple choices such as “com-
pact urban core”, “standard suburban”, or “compact subur-
ban” that would pre-package definitions required in Step 2.
[0165] In another embodiment, the user could select a
“goal mode” instead of Step 2. The user would then be
prompted to choose the health outcome or other metric
upon to optimize. For example, the user could choose to
reduce hypertension rates by 3%. Using only the environ-
ment parameters selected in Step 1, the software would cal-
culate combinations and levels of increased population den-

Jun. 29, 2023

sity, household income types, land use mix, and
employment density to meet the goal. The tool (100)
would display the spatial variation of the factors in map
form as well as aggregated change in tabular and graphical
form. It may also display additional predicted health out-
comes such as incidence of diabetes or economic metrics
such as decreased healthcare cost or fewer days of missed
work.

[0166] In another example aspect, the user could select
“optimization mode” instead of Step 2. This mode would
prompt the user to assign practical ranges and expense asso-
ciated with the environmental parameters chosen within
Step 1. For example, if in Step 1 the user selected bicycle
and pedestrian facilities, this mode would ask about the den-
sity or length of various facility types and the associated cost
with each. The tool (100), using the predicted health out-
comes and associated economic metrics could then propose
a combination of facilities that maximize the difference
between cost of implementing the facilities and healthcare
cost benefits.

[0167] It is expressly understood that the preceding exam-
ple, and variants thereof, are non-limiting and provided
solely to illustrate potential implementations of the methods
described herein.

[0168] While, for purposes of simplicity of explanation,
the methods discussed herein are shown and described as a
series of acts, it is to be understood and appreciated that the
methods (and further methods related thereto) are not lim-
ited by the order of acts, as some acts may, in accordance
with one or more aspects, occur in different orders and/or
concurrently with other acts from that shown and described
herein. For example, it is to be appreciated that a method
could alternatively be represented as a series of interrelated
states or events, such as in a state diagram. Moreover, not all
illustrated acts may be required to implement a method in
accordance with one or more features described herein.
[0169] Itis to be understood that the specific order or hier-
archy of steps in the methods disclosed is an illustration of
example processes. Based upon design or implementation
preferences, it is understood that the specific order or hier-
archy of steps in the methods may be rearranged. The
accompanying method claims present elements of the var-
ious steps in a sample order, and are not meant to be limited
to the specific order or hierarchy presented unless specifi-
cally recited therein.

[0170] FIG. 10 illustrates an example display 1000 depict-
ing a map 1002 and spatial variations in environmental para-
meters 1006 and health metrics 1008 within an area of inter-
est. The area of interest is represented by the map 1002. The
map 1002 can be coded (e.g., based on colors, patterns,
labels, etc.) to display a distribution of prevalence rates
1004, such as obesity prevalence rates. The display 1000
can present specific environmental parameters 1006 as
inputs for ascertaining specific health metrics 1008 or out-
comes as output.

[0171] It should be noted that the environmental para-
meters 1006 and health metrics 1008 in display 1000 are
non-limiting examples provided for explanation purposes.
Other amounts and/or types of environmental parameters
and health metrics can be presented in display 1000 depend-
ing on the specific implementation and preferences. More-
over, other formats for displaying the location depicted by
map 1002, the environmental parameters 1006, and/or the
health metrics 1008 are also contemplated herein. For exam-
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ple, environmental parameters, location information, preva-
lence rates, healthcare costs, health outcomes, etc., can be
formatted in tabular form, in chart or graph form, and/or any
other textual and/or graphical form.

[0172] The disclosure now turns to FIG. 11 which illus-
trates an example computing system architecture 1100
including components in electrical communication with
each other using a connection 1105, such as a bus. System
1100 includes a processing unit (CPU or processor) 1110
and a system connection 1105 that couples various system
components including the system memory 1115, such as
read only memory (ROM) 1120 and random access memory
(RAM) 1125, to the processor 1110. The system 1100 can
include a cache of high-speed memory connected directly
with, in close proximity to, or integrated as part of the pro-
cessor 1110. The system 1100 can copy data from the mem-
ory 1115 and/or the storage device 1130 to the cache 1112
for quick access by the processor 1110. In this way, the
cache can provide a performance boost that avoids proces-
sor 1110 delays while waiting for data. These and other
modules can control or be configured to control the proces-
sor 1110 to perform various actions. Other system memory
1115 may be available for use as well. The memory 1115 can
include multiple different types of memory with different
performance characteristics. The processor 1110 can include
any general purpose processor and a hardware or software
service, such as service 1 1132, service 2 1134, and service 3
1136 stored in storage device 1130, configured to control the
processor 1110 as well as a special-purpose processor where
software instructions are incorporated into the actual proces-
sor design. The processor 1110 may be a completely self-
contained computing system, containing multiple cores or
processors, a bus, memory controller, cache, etc. A multi-
core processor may be symmetric or asymmetric.

[0173] To enable user interaction with the computing
device 1100, an input device 1145 can represent any number
of input mechanisms, such as a microphone for speech, a
touch-sensitive screen for gesture or graphical input, key-
board, mouse, motion input, speech and so forth. An output
device 1135 can also be one or more of a number of output
mechanisms known to those of skill in the art. In some
instances, multimodal systems can enable a user to provide
multiple types of input to communicate with the computing
device 1100. The communications interface 1140 can gen-
erally govern and manage the user input and system output.
There is no restriction on operating on any particular hard-
ware arrangement and therefore the basic features here may
easily be substituted for improved hardware or firmware
arrangements as they are developed.

[0174] Storage device 1130 is a non-volatile memory and
can be a hard disk or other types of computer readable media
which can store data that are accessible by a computer, such
as magnetic cassettes, flash memory cards, solid state mem-
ory devices, digital versatile disks, cartridges, random
access memories (RAMs) 1125, read only memory (ROM)
1120, and hybrids thereof.

[0175] The storage device 1130 can include services 1132,
1134, 1136 for controlling the processor 1110. Other hard-
ware or software modules are contemplated. The storage
device 1130 can be connected to the system connection
1105. In one aspect, a hardware module that performs a par-
ticular function can include the software component stored
in a computer-readable medium in connection with the
necessary hardware components, such as the processor
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1110, connection 1105, output device 1135, and so forth, to
carry out the function.

[0176] For clarity of explanation, in some instances the
present technology may be presented as including individual
functional blocks including functional blocks comprising
devices, device components, steps or routines in a method
embodied in software, or combinations of hardware and
software.

[0177] In some embodiments the computer-readable sto-
rage devices, mediums, and memories can include a cable
or wireless signal containing a bit stream and the like. How-
ever, when mentioned, non-transitory computer-readable
storage media expressly exclude media such as energy, car-
rier signals, electromagnetic waves, and signals per se.
[0178] Methods according to the above-described exam-
ples can be implemented using computer-executable
instructions that are stored or otherwise available from com-
puter readable media. Such instructions can comprise, for
example, instructions and data which cause or otherwise
configure a general purpose computer, special purpose com-
puter, or special purpose processing device to perform a cer-
tain function or group of functions. Portions of computer
resources used can be accessible over a network. The com-
puter executable instructions may be, for example, binaries,
intermediate format instructions such as assembly language,
firmware, or source code. Examples of computer-readable
media that may be used to store instructions, information
used, and/or information created during methods according
to described examples include magnetic or optical disks,
flash memory, USB devices provided with non-volatile
memory, networked storage devices, and so on.

[0179] Devices implementing methods according to these
disclosures can comprise hardware, firmware and/or soft-
ware, and can take any of a variety of form factors. Typical
examples of such form factors include laptops, smart
phones, small form factor personal computers, personal
digital assistants, rackmount devices, standalone devices,
and so on. Functionality described herein also can be embo-
died in peripherals or add-in cards. Such functionality can
also be implemented on a circuit board among different
chips or different processes executing in a single device,
by way of further example.

[0180] The instructions, media for conveying such
instructions, computing resources for executing them, and
other structures for supporting such computing resources
are means for providing the functions described in these
disclosures.

[0181] Although a variety of examples and other informa-
tion was used to explain aspects within the scope of the
appended claims, no limitation of the claims should be
implied based on particular features or arrangements in
such examples, as one of ordinary skill would be able to
use these examples to derive a wide variety of implementa-
tions. Further and although some subject matter may have
been described in language specific to examples of struc-
tural features and/or method steps, it is to be understood
that the subject matter defined in the appended claims is
not necessarily limited to these described features or acts.
For example, such functionality can be distributed differ-
ently or performed in components other than those identified
herein. Rather, the described features and steps are disclosed
as examples of components of systems and methods within
the scope of the appended claims.
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[0182] The previous description is provided to enable any
person skilled in the art to practice the various aspects
described herein. Various modifications to these aspects
will be readily apparent to those skilled in the art, and the
generic principles defined herein may be applied to other
aspects. Thus, the claims are not intended to be limited to
the aspects shown herein, but is to be accorded the full scope
consistent with the language of the claims, wherein refer-
ence to an element in the singular is not intended to mean
“one and only one” unless specifically so stated, but rather
“one or more.” Unless specifically stated otherwise, the term
“some” refers to one or more. A phrase referring to “at least
one of” a list of items in the claims and/or specification
refers to any combination of those items, including single
members or multiple members. As an example, “at least
one of a, b, and ¢” is intended to cover a; b; ¢; a and b; a
and ¢; b and ¢c; or a, b and c.

What is claimed is:

1. A computer-implemented method comprising:

receiving arequest to predict one or more health metrics ofa
population associated with a location;

acquiring at least one image of the location via a network,
by one or more processors;

identifying a plurality of built environment micro scale
parameters associated with the location, based on analy-
sis of pixels of the at least one image of the location using
computer vision and a machine learning tool, by the one
ormore processors, to classify an objectin the atleast one
image in one of a number n classes of the built environ-
ment parameters, wherein an output of the machine
learning tool includes at least one n-dimensional vector,
where each number in the at least one n-dimensional vec-
tor represents a probability that the object is of a certain
class;

calculating, via the one or more processors, a quantitative
measure of at least one predicted health metric of the
population associated with the location based on a char-
acteristic of at least one of the plurality of the identified
built environment parameters associated with the loca-
tion using at least one predictive equation correlating
the characteristic of the identified built environment
parameter and the one or more predicted health metrics;
and

displaying, via the one or more processors, the at least one
predicted health metrics associated with the location.

2. The method of claim 1, further comprising:

receiving input comprising at least one new or modified
built environment micro scale parameter associated
with the location, selected by a user;

calculating one or more predicted health metrics associated
with the location based on the at least one new or modi-
fied built environment parameter;

calculating one or more economic benefits resulting from a
change in the predicted health metrics associated with the
location, based upon the new or modified built environ-
ment parameter; and

presenting the one or more economic benefits.

3. The method of claim 2, further comprising:

receiving input comprising at least one of a cost associated
with the at least one new or modified built environment
parameter and an estimated change in health care costs
resulting from changes in the one or more predicted
health metrics associated with the location as a result of
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the at least one new or modified built environment para-
meter; and

displaying, via the one or more processors, one or more

costs or benefits resulting from the at least one new or
modified built environment parameter.

4. The method of claim 2, wherein the at least one new or
modified built environment parameter comprises at least one
of:

a presence or absence of street lights, benches, curb cuts at

intersections, traffic signals, and/or marked crosswalks;
awidth, condition and/or continuity of a sidewalk;

a distance from a sidewalk;

a height of a building;

a presence and/or location of windows on a building;

a width of an intersection crossing;

aroad between intersections; and/or

a pedestrian environment.

5. The method of claim 1, wherein the location comprises at
least one of a census block group, aneighborhood, a borough,
and a precinct, the method further comprising:

calculating a population-weighted aggregation of pre-

dicted health metrics for at least one of:

the census block group, the neighborhood, the borough,
or the precinct;

a subset of the neighborhood, the borough, or the pre-
cinct; and

a user-selected subset of the neighborhood, borough, or
precinct; and displaying the population-weighted
aggregation of predicted health metrics.

6. The method of claim 1, wherein the at least one predicted
health metric for the population associated with the location
comprises at least one of:

physical activity:

body mass index;

rate of obesity; and

at least one health outcome, wherein the health outcome

comprises alikelihood to have atleast one of a cardiovas-
cular disease, hypertension, type-2 diabetes, and a men-
tal health issue;

wherein the predicted health metric is a mean or median

value for a typical resident or a subpopulation of the
location.

7. The method of claim 1, wherein the built environment
parameter comprises a parameter associated with at least
one of:

a presence or absence of street lights, benches, curb cuts at

intersections, traffic signals, and/or marked crosswalks;
awidth, condition and/or continuity of a sidewalk;

a distance from a sidewalk;

a height of a building;

a presence and/or location of windows on buildings;

a width of intersection crossings;

aroad between intersections; and/or

pedestrian environment.

8. The method of claim 1 further comprising:

identifying a social environment parameter comprising at

least one of:

gentler;

race/ethnicity;

age;

number of vehicles owned per household;

income; and

housing and transportation costs per year per household;
and

calculating, via the one or more processors, one or more

predicted health metrics associated with the location
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based on the social environment parameter and the char-
acteristic of the identified built environment parameter
associated with the environment.
9. The method of claim 1, further comprising:
identifying a natural environment parameter, associated
with the location, from the at least one image of the loca-
tion using computer vision and a machine learning tool,
the natural environment parameter comprising:
area of developed open space in the location;
a percent land area with tree canopy coverage in the
location;
ozone concentration in the location; and/or
a distance to parks from the location; and
calculating, via the one or more processors, one or more
predicted health metrics associated with the location
based on the natural environment parameter and the char-
acteristic of the identified built environment parameter
associated with the location.
10. The method of claim 1, further comprising:
calculating one or more predicted health metrics of the
population associated with the location based on the at
least one new or modified built environment scale para-
meter: and
calculating one or more economic benefits resulting from a
change in the predicted health metrics associated with the
location, based upon the at least one new or modified
built environment parameter,
wherein the one or more economic benefits comprise at
least one of direct, indirect, and induced health effects
predicted by at least one of:
an econometric analysis;
a cost-of-illness calculation that accounts for direct
health care costs and indirect productivity costs:
input-output modeling;
avalue of statistical life methodology: and
directly measured relationships between built environ-
ment parameter and health care or productivity costs.
11. The method of claim 1, further comprising:
receiving the at least one new or modified built environ-
ment parameters selected by a user;
generating at least one scenario comprising a model of the
location based upon the new or modified built environ-
ment parameters selected by the user;
calculating one or more new predicted health metrics asso-
ciated with the location modeled in the scenario: and
displaying the one or more new predicted health metrics
associated with the population of the location modeled
in the scenario.
12. The method of claim 11, further comprising:
calculating one or more economic benefits resulting from
changes to the one or more new predicted health metrics
associated with the location modeled in the scenario; and
displaying at least one of a cost and benefit associated with
the location based upon a user-provided budget to fund
the new or modified built environment parameters, and
an estimated change in health care costs resulting from
changes in the one or more new predicted health metrics
associated with the location modeled in the scenario.
13. The method of claim 1, wherein the health metric 1s a
health metric.
14. A system comprising:
one or more processors; and
at least one computer-readable storage medium storing
instructions which, when executed by the one or more
processors, cause the system to:

17
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receive a request to optimize at least one of one or more
health metrics and one or more economic benefits of
the one or more health metrics of a population asso-
ciated with a location, the one or more health metrics
including at least one physical health metric and/or at
least one mental health metric;

acquire at least one image of the location, by one or more
processors, wherein the image includes an array of
numbers representing an intensity of each pixel of the
image and color components;

identifying a built environment micro scale parameter
associated with the location, based on analysis of the
pixels of the at least one image of the location using
computer vision and a machine learning tool, by the
ONe Of MOTe Processors;

generate a plurality of scenarios comprising a respective
model of the location based on the built environment
parameter, via the one or more processors, wherein the
built environment parameter is varied from one sce-
nario to another scenario, via the one or more
processors;

calculating one or more predicted health metrics asso-
ciated with the location for each scenario based on a
correlation between each varied built environment
parameter and a respective health metric, via the one
or more processors; and

calculating one or more economic benefits of each sce-
nario, based on a correlation between each economic
benefit and each predicted health metric, via the one or
more Processors;

select a scenario among the plurality of scenarios that
maximizes at least one of the one or more predicted
health metrics and/or the one or more economic bene-
fits associated with the location, via the one or more
processors; and

display (i) the one or more predicted health metrics and/
or the one or more economic benefits associated with
the location and (ii) a respective built environment
parameter associated with the scenario selected, and
upon which a displayed predicted health metric or eco-
nomic benefitdepends, via the one or more processors.
15. The system of claim 14, wherein the generation of the
plurality of scenarios is further based on a natural environ-
ment parameter and/or a social environment parameter of
the location, and the scenario is selected by at least one of:
a global optimization of a health metric or economic benefit
metric with modifiable built, social, or natural environ-
ment parameters: and
an optimization of the predicted health metric or economic
benefitbased upon user-selected restrictions comprising:
an identification of the at least one built, social, and/or
natural environment parameter associated with the
location which can be modified by the optimization;
and

a requirement to maximize one or more user-specified
health metrics while minimizing user-provided or pre-
dicted implementation costs associated with modifica-
tions to a respective built environment.

16. The system of claim 14, wherein the at least one com-
puter-readable storage medium stores additional instructions
which, when executed by the one or more processors, cause
the system to:

determine a validity of the one or more built environment
parameters based on a comparison with existing
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environment audit data to yield a comparison, via the one
or more processors; and

calibrate the machine learning software tool based on the

comparison, via the one or more processors.

17. A non-transitory computer-readable medium storing
computer-executable instructions which, when executed by
one Or more processors, cause the one or more processors to:

estimate coefficients of statistical correlations between

health metrics ofa population and at least one built envir-
onment micro scale parameter, via the one or more pro-
cessors, wherein the health metrics include at least one
physical health metric and/or at least one mental health
metric:

receive a request to predict one or more health metrics of a

population associated with a location;

acquire at least one image of the location, by one or more

processors;

identify a built environment micro scale parameter asso-

ciated with the location, based on analysis of pixels of
the at least one image of the location using computer
vision and machine learning tool using a multi-layer
deep learning neural network of interconnected nodes,
by the one or more processors, trained using training
images including labels indicating the classes of the one
or more objects in each image:

identify at least one of the built environment parameter

associated with the location;

calculate one or more predicted health metrics of the popu-

lation associated with the location based on the at least
one predictive equation, via the one or more processors;
and

display the one or more predicted health metrics associated

with the location.

18. The non-transitory computer-readable medium of
claim 17, storing additional computer-executable instructions
which, when executed by the one or more processors, cause
the one or more processors to:
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receive input comprising at least one new or modified built
micro scale environment parameter associated with the
location;

calculate one or more new predicted health metrics of the

population associated with the location based on the at
least one new or modified built environment parameter;

calculate one or more economic benefits resulting from a

change between the one or more predicted health metrics
and the one or more new predicted health metrics asso-
ciated with the location; and

present the one or more economic benefits.

19. The non-transitory computer-readable medium of
claim 18, storing additional computer-executable instructions
which, when executed by the one or more processors, cause
the one or more processors to:

receive input comprising at least one of a cost associated

with the at least one new or modified built environment
parameter and an estimated change in health care costs
resulting from changes in the one or more predicted
health metrics associated with the location as a result of
the at least one new or modified built environment para-
meter; and

display one or more costs or benefits resulting from the at

least one new or modified built environment parameter.

20. The method of claim 2, further comprising receiving a
second input comprising at least one new or modified second
built environment parameter associated with the location,
selected by a user, the second built environment parameter
including at least one of:

residential density;

intersection density;

retail floor area ratio;

land use mix;

transit proximity;

walkability metric;

regional accessibility; and/or

pedestrian environment.
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