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SYSTEMS AND METHODS FOR DYNAMICALLY GENERATING PATROL
SCHEDULES BASED ON HISTORIC DEMAND EVENT DATA

SBACKGROUND

Priority

[001]  This application claims priority under 35 U.8.C. § 118 {o United
States Provisional Patent Application No. 62/238,088, filed on October 8, 2015,

which is herein incorporated in its entirety by reference.

Technical Field

[002] The present disclosure relates generally {o systems and methods
for dynamically generating and updating patrol schedules based on historic

demand event data and other information.

Background

{003]  The United States has mors than 18,000 stale and {ocal law
enforcement agencies. Current budget constraints and recruitment difficulties
make it ever more important for police chiefs and command staff within these
agencies to leverage existing resources to achieve policing objeclives. Patrol
assignments must be made astutely {o ensure that response-time targels are
maet for new cails for police assistance, timely backup is provided to police
officers responding to calls when the number of officers needed for the call
increases (calls that “escalate™), neighborhood policing is achieved, crime is
proactively deterred, and the probability of apprehending criminals is

maximized. Currently, however, police chiefs have no readily available tool to
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dynamically forecast demand for service from historical databases of police
incident reports {i.e., reports on requesis for police assistance), and then to

assign patrol officers to optimally service that anticipated need.

[004] Law enforcement agencies serve a critical role in society by
providing a number of important first-responder operations ranging from health
and welfare checks to priority-one response to incidents where danger to the
public is imminent. As demand for police services continues o increase and
agencies struggle to fill thelr ranks with gualified personnel, law enforcement
agencies are facing a growing challenge to achieve deparimental goals and
meet taxpayers’ expectations in the context of flat-line budgets, or even budget
cuts, resulting in layoffs, hiring freezes, training cutbacks, and various other
operational losses. The result is an overabundance of agencies that are highly

resource~-consirained and being told to "do more with less.”

(0051 To address manpower and budge! issues, some agencies have
filled positions with citizen-volunteer programs, but not all jobs in public safety
may be filled in such a manner. What is needed is a means for analyzing vast
amounts of data very quickly and prescribing optimal patrol plans {0 maximize

the utility of available resources.

[008]  Beyond the problem of constrained resources, agencies find it
incredibly difficult, if not impossible, {o exiract timely, actionable information
from large databases of historic incidents to accurately forecast demand in real-
time. Without timely, dynamic information, patrol plans can be significaniiy

inefficient, with officers driving on main thoroughfares in uncoordinated patiermns

]
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through their cities or sectors with limited insight regarding how to re-plan their
routes in response o service calls. With the severity of the resource constraints
describad above, tools are needed to help agencies achieve their objeclives,
such as minimizing response times to new calls and escalating calls, ensuring

sufficient region revisit rates, and allowing time for community policing.

[007] The disclosed methods and apparatus are directed {o
overcoming one or more of the problems set forth above and/or other problems

or shortcomings in the prior arnt.

BRIEF DESCRIPTION OF DRAWING(S)

[008] The accompanying drawings, which are incorporated in and
constitute a part of this specification, iliustrate the disclosed embodiments and
together with the description, serve to explain the principles of the various

aspecis of the disclosed embodiments. In the drawings:

[009]  FIG. 1is a flow diagram illustrating an exemplary method for
dynamically generating patrol schedules based on historic demand event data

and current event data consistent with embodiments of the present disclosure;

[010]  FIG. 2A Hlustrates a first exemplary expected-demand map,

(014} FIG. 28 illustrates a second exemplary expecied-demand map;

012]  FIG. 3 iHusirates an exemplary patrol schedule display;

[013] FIG. 4A illustrates a first exemplary assigniment display;

[014] FIG. 4B iHlustrates a second exemplary assignment display,

[#)
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(015]

[0186)

[017]

[018]

(018}

PCT/US2016/055843

FIG. 5 fllustrates an exemplary compliance-data display;

FIG. 8 illustrates an exemplary compliance-value display,

FIG. 7 illustrates an exemplary proximity display;

FiG. B illustrates an exemplary event map;

FIG. g illustrates an exemplary patrol scheduling system for

implementing methods and systems consistent with the present disclosure,; and

1020}

schedules.

1021]

FIG. 10 illustrates an exemplary system for generating patrol

it is to be understood that both the foregoing general description

and the following detailed description are exempiary and explanatory only and

are not restrictive of the claims.

DESCRIPTION OF EXEMPLARY EMBODIMENTS

[022]

Reference will now be made o certain embodiments consistent

with the present disclosure, examples of which are illustrated in the

accompanying drawings. Wherever possible, the same reference numbers are

used throughout the drawings to refer to the same or like parts.

[023]

The present disclosure describes systems and methods for

dynamically generating patrol schedules based on historic demand event data.

An event {or incident) may be any type of occurrence for which police may be

called, such as for criminal activity, domestic disturbances, {raffic accidents, or

persons in need of assistance. Such a system may apply big-data machine-
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learning technigues to predict rates of calls for service In various geographic
regions of a sector and then to make those predictions actionable to command
staff by providing optimized assignments of officers to patrol routes within a
region or sector. Feature-aided machine learning may be used to more
accurately predict crime and incident rates by time, type, and location. To
further improve the accuracy of the demand modei, the historic demand svent
data may be correlated with other data relating to past events, such as the date,
fime of day, day of the week, month of the year, weather, zoning,

demographics, traffic, public svents, and the occurrence of holidays.

[024] One source of historic demand event data may be obtained from
computer-aided dispatch (CAD) data. CAD data is generated by dispalch
centers when a request for police assistance is received. The data may be
derived from a manual input by a call recipient andfor may be generated
automaticaily. CAD data may comprise the geographic origin of the request for
assistance, such as an address. CAD data may comprise the date and time that
the request was received. CAD data may comprise the name, phone number,
and/or other identifying information of the person(s) who submitted the request.
CAD data may include a category for the nature of the request, such as a
medical-assistance request or a burglary-assistance request. CAD data may
include the priority of the request, expressed using a taxonomy defined by the
police department. CAD data may include whether a situation complained of in
the request cccurred before the request or was ocourring during the request.
CAD data may include a summary of the conversatlion between the requesior

and the call receiver. CAD data may include how many officers and, optionally,
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which officers were dispatched to tend to the request {e.q., by name and/or call-
sign). CAD data may include the time at which each responding officer was
assigned to the call {L.e., an "escalation profile”). CAD dala may include the
manner in which the situation complained of was resclved, such as whether an
ambutance transporied the requestor {0 a hospital or a fire was put oul by the
fire depariment. Similar and/or complementary information may also be

obtained from a police department’s Record Management System (RMS).

(0251 The demand model may be further improved via leaming by
using data directly from the local police department, rather than using a single
dataset to leamn a parameterized policing model, and then alternpting to apply
that mode! generically across all departments. Predictions of demand rates for
police assistance in geographic areas may be displayed to users on an
expected-demand map along with an optimized assignment of officers to patrol
routes (.e., schedules) for the patrol officers. The demand mode! may also be
usad to provide other types of actionable information {o supervisors and patrol

officers, as will be further described helow.

[026] Methods and systems described herein combine fast approaches
for optimat resource allocation with data specific to the policing environment and
may be used o solve for coordinated patrol schedules that optimize user-
specified objectives. Mathods and systems described herein may use
adaptations of expectation-maximization clustering algorithms, assignment
algorithms, Monte Carlo simulation of likely outcomes, and gueusing-based
algorithms to allow command staff to interactively schedule patrols in real-time.

The patrol schedules and objective function valuss may be optimized using, for
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axampie, the incident event data, a predicted-demand model, strest map(s),

traffic model(s), and crime rates for the relevant iy,

{0271 Methods and systems described herein predict demand and
recommend optimal patrol assignments based on real incident data recorded by
the police department. Demand for policing resources in each region may be
forecasted for each particular interval in a day {e.g., hourly) during the day using
CAD data. By predicling demand based on real incident datg, police
departments may be proactive with regard {o future incidents and schedule

officers to be in the right place at the right time,

{028] FIG. 1is a flow diagram illustrating an exemplary method 100
consistent with certain embaodiments of the present disclosure. Method 100 may
he performed, for example, by a service system, discussed below with respect

to FIG. 8.

{0291  Instep 110, the system receives historic demand event data for
police presence and, optionally, correlative data. The historic demand event
data may be, for example, a database of previous incidents to which polics
have responded. The historic demand svent data may comprise, for example,
records which indicate the location, times, type of incident, and/or numbser of
personnel responding. The historic demand event data may be stored in the
form of CAD data stored on one or more computer-readable media, suchasin g
database. Aulomatic weighting of historic data may be used o deemphasize
oider incident data or emphasize newer data within an incident-data database.

Event categories may include, for example, those shown in FIG. 28 {disorder,

~1
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disturhances, public weifare, domestic disputes, mental health, property crime,
traffic accidents, traffic jams, threats or intimidations, juvenile activity, societal
crime, guality of life issues, crimes against persons or against residences, or

financial crime).

[030] The system may alsc receive, as inputs, correlative data, which
is additional data that may be used with the historic demand event data to
determine patterns that may be useful in predicting the need for personnel
presence. For example, the need for police presence may increase on certain
holidays on which psople celebrate in large groups, or on days when there may
be parades. Police presence may also be affected by the weather or time of day
{(i.e. whether it is light or dark outside), which fluctuates throughout the year.
Correlative data may comprise, for example, the date, time of day, day of the
week, month of the vear, location, weather, zoning, demographics, traffic, public
events, and the occurrence of holidays. In some embodiments, the correlative
data may comprise other data about the sector, such as zoning information
{2.g., commercial vs. residential), type of buildings {e.g., one-family vs. muiti-
family, one-story ve. multi-story}, and demographics of the population living in
the region {e.g., average age). In some embodiments, the historic demand
event data may be correlated with multiple types of correlative data o further

improve the reliability of the demand model.

[031]  The correlative data may be received from one or more
databases or derived from one or more databases. The traffic data, for

example, may be derived from automalic vehicle location data.
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[032] Correlative data, such as event times, a road network within a
geographic area, historic weather data, the date(s) of various holidays and
community events, the lunar phase, and various demographic information may
optionally also be provided to the system from a records management system
{RMS} database. The correlative data may allow a demand modeler that
performs demand forecasting to determine one or more statistical relationships

hetween the correlative data and requests for police assistance.

[033] The system may also receive, as an input, the current location
data which represents the current location of each patrol personnel. The system
may also receive, as an input, interruptability data associated with the patrol
personnel. interruptability data is a numerical value relating to the degree to
which a police officer may be interrupted from his or her current task and
rerouted to a new task. A police officer engaged in writing reports, for example,
may be more interruptible than a police officer on an active call involving an

emergency situation.

[034] The system may also receive, as input, probability-of-escalation
data associated with requests for personnel presence. In some embodiments,
an escalation model may be defined and simulated. The escalation model may
provide data that represents the probability that any particular ongoing incident
will escalate into a situation requiring more personnel than currently assigned.
The escalation model may rely on, for example, comparisons between day and
night data for the same typs of incidents. The escalation data may compare
data for a particular incident in different types of weather {e.g. sun vs. snow)

and compute the probability that an ongoing incident may reguire more
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personnel in the future. Similarly, the probability of de-escalation may also be

determined and incorporated.

[0358] In step 120, a predicted-demand model is generated. The
pradicted-demand model generally is a prediction of how much personnel
prasence will be requested or neaded at a given time in a given location. The
predicted-demand model may be generated based on some or all of the data

received in step 110

{036]  In certain embodiments, a predicted-demand model is generaled
as a space-time demand model. The space-time demand model describes the
occurrence of events {e.g., calls for service to the police department) over time
within a region. The space-time demand model takes into account spatial
variation of the rate at which calls for service arrive. Regraession techniques and
spatial-temporal features may be used to fit historic demand event data {o
predict future patterns. Cross-validation techniques may be used o select
regularization parameters o decide how much to smooth the sample data to
form the predicted-demand model in a manner that ensures the given sample

set is not overfit,

{0371 The cccurrence of events within some appropriately sized
geographic region may be modeled as an inhomogeneous Poisson process
with rate function p(t) specifying the instantanecus arrival rate of events at time
t (i.e., the expected number of events per second cver a very short time

interval). The probability of k events occurring over time interval (11, 12} is then:
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+
L

[039] where A(t,t,) = [ p(t)dt

[040] The expected number of events over this interval is Aty 1,) and

the standard deviation is VA(t;, i'g):

[041] The function p{t) may be learned from historic demand event
data. The rate of the arrival of calls for service Is assumed o vary periodically
over time, subject to certain fundamental frequencies governing human activity,

such as one day, one weel, one lunar month, or one year.

[042] A pericdic function with period 1 can be represented by the Fourier

series:

N . 2wkt . fiwkt
[043] po{t) = ¢y + Bty {akcos( ) + bysin 1})}

T

[C44] The parameter m specifies the number of harmonics of the
fundamental frequencies present in the signal. All possible periodic signals ars
obtained in the limit m — oo, A finite m can be imposed to limit the highest
frequency present in the signal {e.g., to the Nyquist frequency of a finitely-
sampled signal). Combining these Fourler series for multipie fundamental

frequencies, the following is obtained:

0451 plt) = ap + Sheqlngcos{anty + bsin(ay i)}

1
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[046] where w, <... <ty is the set of frequencies obtained by
combining harmonics of each fundamental frequency (e, 0 = {w} =

Udzndy/glk= 1, mf and M = T;m).

[047] Given this set of frequencies {0, based on the fundamental
frequencies {1} and respective maximum number of harmonics {my}, the
parameters 8 = (¢, a4, ..., 2y, By, .., Dy are fit to the historic demand event data.
it should be noted that this modst is linear in the parameters, as p{t) = ¢)78

with feature vector (17 = (L cos{,t), ..., cos{ont), sin{ey, 1), ... sinfwy, ).

(048] Events occurring over some interval of ime (0, T) {e.g., n events
ocourring at imes f satisfying 0 <1 <12 < .. <in < T} may be grouped into
fime bins of width di. Let v_k denote the number of events occurring within the
time bin ((k— Dde kdt) fork = 1, .., 1 = T/dt {assuming T is an inleger muitiple
of dty. Let vy = f(ny ). Then, the parameters 8 may be estimated se as to
minimize the foliowing weighted combination of discrepancy between the model

and the data v, and a measure of model smoothness:
[oagl " Ml — P11 + yiiLpol

{0507 Inthis example, ®;; = ¢;(idt). L is the discrete Laplacian operator
(a0, = %, — z (%04 + %ioq ). The parameter y > 0 specifies prior belief that pis a
smooth function. This is a regularized least-squares problem with a solution
obtained from the normal equation (7@ + v TLILEYE = Ty, e, 8 =

(T + yeTU L) Py, Various known iterative solvers may be used {o
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sfficiently solve this least-squares problem without explicitly computing or

inverting the matrix ®Td + @TL LG,

[051] The mode! described above may bhe modified {o {ake into account
spatial variation of the rate at which calls for service arrive. A discrete model of
space may be used, described by a region graph abstraction. The overall area
of interest R may be partitioned inte sub-regions R, such that
Ro= {5 Ryand Ry MRy = § for all { = j. All regions may be represented by 2-0
polygons. This determines a graph G = (V.E) in which the vertices V= {1,....1}
represent the regions R and edges (i, §) € E are defined for every pair of
adiacent {{ouching) regions. To impose spatial smoothness on the resulling
demand model {thereby coupling the sstimates of # across the graphs 1o
capture spatial correlations), an additional term may be added {o the objective

function as shown below.

[052] In this example, d is the {otal number of features/parameters per
region {d = 1 + 2M where M is the total number of frequencies). The variable 1 is
the number of ime bins within the training interval ({1, {2). The variable v is the
number of regions (the size of V), and 8 is the d = r matrix of Fourier
coefficients. Each column may specify the temporal demand model within one
region. ® is the I x d matrix of Fourier basis funclions. Y is the | X r matrix of

obhservation data. L is the 1 x| discrete Laplacian operator. It may be defined

1 w . ]
such that (L), = %, — Ec’x.._l +Xiiq). The L malrix may be sparse. Lgisthe rxr

AN

graph Laplacian operator, I may be defined such that

1

L)y =% = 5

Zweadicn Xy where adj{v} is the set of all vertices that are

13
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adjacenttovin G (e, {i, i} € E}. The Ls malrix may be very sparse. Al =

i Eaijiz is the Frobenius matrix norm.

(053] The parametsrs may then be optimized to minimize the following
least-squares objsctive function:
(0541 "G - @61 + yILBOIE + veliPOLa iR
{085] The parameter yg > 0 represenis prior belief that the activity level
may be spatially smooth. This problem reduces fo a least-squares problem and
may be computed by direct soiution of the normal equations. For large-scale
problems, iterative methods that employ matrix-vector multiplication operations

for the matrices @, L, and Lg, defined above, may be used, and may be more

afficient.

[058] This exemplary model may be defined entirely fram the training
data. To evaluate the demand with respect {0 & user-specified sel of regions
within a sector and tims intervals (e.g., patrol periods), there is an additional
step to re-integrate the demand model defined with respect o its native regions
and time steps {o those requested by a user. The re-integration assumes

demand is uniform within each region and time interval of the demand model.

10571 instep 120, the predicted-demand model may also be generated
using feature-aided machine leaming. From a hisloric incident database, data
may be extracted for sach incident se %, including the awdliary data. The &

features may be defined x;=#(s) for sew, =l & that provide mappings of the



WO 2017/062684 PCT/US2016/055843

raw data into a feature space that is believed to provide meaningful correlations
with the observed incident rates. Choices for ¢ include the original daia isslf
{e.q., location, time of day, day of the week, month of the year, lype of evert,
gic.}), categorizations {&.g., weskday, weekend, holiday), and measurad
gquantities {e.g., snow depth in inches or temperature in degrees Fahrenheail).
Ultimately, any combination of features that can possibly be correlated to
incident rates may be included {2.g., hours after a professional sporis {eam
loss, school vacation days, phase of the moon, pay day for a major employer,
stock indices, efc.). In this way, a feature vector x=¢(s} may be obtained for
sach sc@. Alse, by averaging over an appropriate time inlerval, an observed

incident rate, A, associated with each featurs vector x, may be computed.

[058] Given the collection of vectors [x4] for each event in @, the

following sample covariance malrix may be computed:

{060] i itis assumed that [x A} is drawn from a multivariate normal
distribution {(or sguivalently, if a least squares regression is performed), then the

conditional distribution of 1 given x may be a multivariate nommal with mean:

d

[061]  E(AN=E(A) 2 B,

[062] To produce the incident rate, 4°, at a future dale and time, 87,
associated feature veclor x*=&s"} may be assembled {e.g., using a weather

forecast}, and the maximum likelinood expected incident rate may be computed:

15
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[083]  AS=E(AXY=ECA+ 5T ET (0-E(x)).

[0684]  Accordingly, if any of the features {location, fime of day, elc.) are
well-correiated with incident rates, then these correlations may be used to
predict future rates. In practice, it may be possible to regularize the covariance

matrix to avoid over-fitling noise in the data.

[085] These algorithms may be extended so that they provide a tool for
law enforcement that scales linearly with the size of the historic incident
database and/or the number of patrols {o be assigned. The leaming algorithm
may capture and use trends, such as the number of incidents in an area
steadily increasing as the local population increases {(e.g., due to urbanization),
to inform the predicted incident rales for individual regions. In cerlain
embodiments, Gaussian process regression may be used to incorporate
pradictive models for trends in known guantities {e.g., population growth,
population density, home values, income levels, sfc.} to learm the effect of
hidden variables. Gaussian process regression may be used to defect the
influgnce of an underlying driver that affects the rate of incidents city-wide but
may not be listed as one of the feature variables. Gaussian process regression
may be used to analyze the trend behind the influence of the underlying driver.
Gaussian process regression may be used (o analyze the underlying driver’s
effect on forecasted rates of fulure events {i.e., incidents). Gaussian process
regression is a unified non-parametric machine-learming framework that may
require few assumptions on the data. A Gaussian prior probability distribution
{“prior"} over the space of all functions may be provided, and the data used to

determine the function that provides the most likely model. Thus, the

16
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combination of the prior and the data leads to the posterior distribution over
functions from which the predictions and the uncertainty in these pradictions

may be drawn.

[066] The use of Gaussian distributions may simpiify the calculations
of posterior likelihoods since they may be computed analytically. Consequently,
the learning framework may be computationally tractable. The analytical
framework for Gaussian processes may provide additional insights, such as the
uncertainty in the mapped values and the error in estimaling the average using

a small number of sample values.

(0671 Supposing that n observations [y, ¥»] at the points [y, xa] are
given, the expected observation value at a new point x, may be found. The
covariance function k{x,x') is considered, and the covariance matrix K may be

formed as foliows:

1068]

{0691 The covariance function k(x,x'} encodes the “physics” of

similarity between the observed data points x and x°. it describes the

smoothness with which similar cbservation peints may be expected {o yield
similtarly mapped points. To learn the mapped value y, resulling from the test

paint x,, the following may be computed:

N\
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[071]  In certain embodiments, it may be assumed that the mapped
data can be represented as a sample from a multi-variate Gaussian distribution,

which is the asseriion that;

1072) [;} | ~ N(G, L‘:‘ ?D

{0731 Using malrix algebra and Schur complements, it may be shown
that the conditional probability p(3.]v) may also be Gaussian with mean
¥, == KKy and variance var(y,) = K,, — K,K KT, Thus, Gaussian process
regression may provide an estimate for y, when y, is conditioned on the

observed data, as well as the unceriainty in that estimate through the variance,
var{y.). In this way, leaming and prediction of incident rates may be informed

by a long-term trend or model.

[074]  inthe context of Gaussian graphical model sefection, the
underlying relationships in the statistical model may be defined with respectio a
graph in which the nodes index a collection of jointly Gaussian random
variables, and edges represent conditional independence relations. In certain
embodiments, {o prevent over-fitting, a possible regularization is to consider
only sparse graphical models; that is, learning may be reguiarized by preferring
sparse concentration matrices (i.e., inverse covariance matrices) (o reduce the
degrees of freedom. In this setting, hidden variables can be modeled as
cortributing a low-rank compaonent to this concentration matrix. The low-rank
term provides a summary of the effect of marginalization over the hidden
variables. The sum of a sparse matrix and low-rank matrix may be teased

apart. The recovery algorithm may be cast as a convex program aliowing for
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fast solution. These principles are discussed in Chandrasekaran, V., Parrilo, P.
A, & Wilisky, A S, (2012, November 2). 1008.1290v2. pdf [PDF]. ArXiv.org
{"Latent Variable Graphical Model Selection Via Convex Optimization”), which is

hereby incorporated by reference in its entirety.

[075]  Inthe context of law enforcement, the conditional dependence of
incident rates on hidden underlying drivers that affect incident rates across
many ragions may be learned through a hidden variable approach and through
the use of the low-rank term in Gaussian graphical model selection {o identify

the influence of hidden variables on the observed variables.

i078] The hidden variable approach may be applied to provide more
accurats regularization of the covariance matrix, thus enabling more accurate

prediction of the incident rates conditionad on the observed variables.

{077 The low-rank term may be used to more properly identify the
influence of hidden variables on the observed variables and extrapolation of that
effect forward in time may be investigated to improve incident forecasis by more

accurately capturing the effect of trends in the hidden variables.

{078] In certain embodiments, the predicted-demand model generated
in step 120 may be particular {o a certain geographic area. The geographic area
may be, for example, a sector that police officers will patrol. Such a sector may
be divided into smaller geographic sections, or "regions.” In some
embodiments, every point within @ sector may be contained by some region. In
some embodiments, the model may desire to restrict one or more patrol officers

to a particular region. In some cases, it is desirabie to restrict a given patrol unit
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to only one ragion at a ime. in some embaodiments the geographic area may
be, for example, larger than the sector that police officers will patrol (e.g., the
gntire country). In some embodiments, the geographic area may be smaller
than the sector that police officers will patrol {e.g., one region within a patrol

sector).

{0791 The system may generate a map of the patrol regions with
indicators for their respective predicted demand, or ‘region-map.” These regions
may be used to generate one or more patrol schedules. The system may
balance the benefits and drawbacks of having regions of varying sizes. Small
regions may be beneficial because they allow more precise assignment of
patrols, allowing patrol officers 1o be closer {o high demand areas and to be
better dispersed than with larger regions. Having regions oo small, however,
may require patrol officers to learn and remember more information because
there wiil be more regions for them to patrol. Relatedly, having regions {oo smail
may require patrol officers {0 spend more time travelling between regionsg—
rather than focusing on patrolling~—because there will be more regions to patrol.

in certain embodiments, the regions may be, for exampie, polygonal,

(0801 In some embodiments, the system may generate a region map
after processing certain input data. The input data may be, for example, road-
network data, historical CAD data, sector boundaries, and/or boundaries of

neighborhoods.

(0811  Exemplary road-network input data may constrain how patrol

officers move throughout the patrol secior and how they may reach the origin of
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reqguests for assistance. Road network data may comprise speed limits and/or
road categories such as highways, traffic circles, etc. The road categories may
assist in the natural placement of patrol sector boundaries as a convenience for
the patrol officers {8.g., a patrol officer will have an easier fime remembering

that a region ends at a particutar highway).

[082] Exemplary historical CAD data input may comprise the location
of requests of police assistance. This data may provide a historical model for

the level of demand in different regions.

[083] Exemplary patrol sector boundary input data may comprise a
large region that multiple patrol officers may be constrained to for a period of
time. Each sector may be specified by a collection of regions. A police
department may give patrol assignmenis across one or more sectors andior

across a subset of a sector.

[084] Exemplary neighborhood boundary input data may comprise a
collection of neighborhoods. In certain embodirents, a neighborhood may be
specified by a collection of regions and may be smaller or larger than a secior,
A neighborhood may be specified in a manner that is intuitive to patrol officers

{e.g., a collection of regions that specifies a particular district within a city).

[085] In some embodiments, the system may process input data by
partitioning each sector into subregions. Subregions are the largest regions that
are spatially connected, are connected by a road network, do not cross major
roadways, and do not cross neighborhood boundaries. Subragions may be

divided into atoms. Atoms are the smallest allowed indivisible part of a

e
—
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subregion. A subregion may be divided into atoms by mapping the origin of
requests for assistance (event origins) in the historic demand event data to the
nearest point on the road network and then clustering these points on the road
network {o determine a collection of atoms {e.g., using the procedure described

in the following paragraph).

[088] Clustering of points (e.g., event ongins) on the road network may
be accomplished as follows. A sat of points, termed cenfroids, are initialized
{possibly at random). These points are then iteratively refined so as o best
partition the point set to be clustered. At each iteration, we alternatively (1)
assign each point to its nearest centrold in the road network according to the
minimum drive-time path between the point and that centroid and (2) re-assign
each centroid to the location in the road network that minimizes the lotal drive-
fime to all of the points assigned. This procedure may continue until the
centroids converge {o a fixed-point solution. This resulis in a set of centroids
and an assignment of points on the road network to those centroids, This
solution may then be used to segment the road network into a disjoint
component for each centroid, by assigning each peint on the road network {o its
nearest centroid. This solution can also be used to partition the entire region
under consideration into subregions, by assigning every point of the region to s
nearest point on the road network and then looking up which centroid that point
on the road network is assigned to. All points that map to the same centroid are

then considered to be in the same subregion.

[087] In certain embodiments, the system may generate an atom

graph using the combination of polygonal regions. In the atom graph, sach node
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of the graph may be a single atom and the graph edges may be defined for
each pair of louching atoms. Each atorm may be assigned a weight, specified by

comnbing the relative area and relative demand for each aloms (e, letw, =
(3‘”-‘-’-:3'0 : (”‘4«:3“9 where M = T, m,, 4 = %, a,, M, 18 the number of svents assigned
{o atom v, and a, is the geographic area of atom v). The parameter g € [0, 1]
specifies preference for weighting by event counts relative to weighting by
geographic area. Each edge (u, v) may be assigned a weight {,, equal to the
relative length of the boundary between the two linked atoms (i.e., the length of

the boundary divided by the total length of all boundaries in the sector).

{088] In ceriain embodiments, defining patrof regions may be
accomplished through graph partitioning the atom graph. The atom graph may
he optimally parlitioned into n subgraphs specified by the atom sets Ry, ..., Ra
Where R is a subset of atoms, wiR) = 2w, dencles the total weight of all
atoms contained within the region. £{R} = Lo viuerver Tue denotes the total
length of the boundary enclosing the region. The system may minimize the

objective:

[088]  F(R,..R,) = N, 2y

ey

[08C]  Deoing so chooses a halanced setl of compact regions with
mirimal boundary lengths. In certain embodiments, each region may be
connected in the road network so patrol officers may fravel betweesn any two
road nodes in the region without having to leave the region. In cerfain

embodiments, the ratio of the largest region weight to smallest region weight is

]
[y
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below a user-specified factor. A demand model may then learn on this set of

regions as previously described.

{0911  In certain embodiments, this algorithm may be optimized using
the spectral graph bisection method based on the graph Laplacian matrix. This
method may split a single region into two regions and is based on the second
eigenvector of the graph Laplacian matrix. The graph Laplacian matrix is formed
using edge weights given by the relative boundary length {y v between atoms
and normatized by the node weights wy. For each sector, a range of solutions
may be generated with a varying number of patrol regions n=1, . . . | N, where
N may be the user-specified maximum number of allowed regions. These
solutions may be generated by a gresdy algorithm using split, merge, and swap
procedures. The split procedure bisects a single region into two smaller regions
using the spectral bisection method, thereby increasing the number of regions
by one. The merge procedure combines two adjacent regions into a single
farger region, thereby decreasing the number of regions by one. The swap
procedure merges a pair of adiacent regions and splits the resulting region by
spectral bisection. This optimizes the boundary between two contiguous
regions, moving some atoms from one region o an adjacent region. The setf of
sciutions may be initialized by taking the entire sector to be a single region
{e.g., the union of all atoms in the sector). Split, merge, and swap procedures
may be applied to generate new solutions and/or refine the existing solution set
as long as there exists a feasible move that preserves all constraints and that
improves the objective for some value of n. The procedures may terminate once

a compilete set of solutions forn =1, . . ., N has been generated and no further
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improvement within this solutions set can be achieved by applying a single
move. in certain embodiments, this search heuristic may be improved by
maintaining the K - best sclutions for each n and iteratively applying the
procedures 1o this expanded solution set until no further improvement can be
achieved. This approach may provide the user with alternate solulions to
choose from for each n that are nearly optimal from the perspeclive of the

optimization objective.

[092] Various types of regression analysis have been described with
respect to step 120. One of skill in the art will recognize that other types of

regression analysis may be performed.

[093] In cerfain embodiments, predictions of demand rates for police
assistance in geographic areas may be displaved to users on an expected-
demand map, such as exemplary expecied-demand map 210, as illustrated in
FIG. 2A. The map may have different colors or shadings, such as shading 220
on expected-demand map 210, {o indicate the predicted demand rate al a given
geographic point. Another exemplary expected-demand map is Hlusirated in
FIG. 2B as expected-demand map 230. In expecied-demand map 230, a larger
geographic region 240, rather than a point, is shaded in a manner that indicates
the predicted demand rate (e.g., with darker shading indicaling a higher

predicted demand rate).

[084] Instep 130, the system receives information regarding patro
officers to be scheduled. The information may be provided, for example, by a

supervisor by way of manual enfry. in some embodiments, some or all of the
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information provided may be indicated by way of selecling information from
choices displayed on a screen. The information may also be provided, for
example, by receiving personnel information from a personnetl database. The
information received may include such information as the names of personnel,
rank, desired shift hours, constraints on shift schedule for a particular day or
other time period, andfor any limitations on abilities. In some embodimeants, the
patrol supervisor may indicate patrol officers for which the system should
generate patrol schedules. In some cases, the system may generate patrol
schedules for all officers, or at least all officers designated as aclive for a

particular time period.

(0851  Instep 140 the sysiem may receive patrol objectives and,
optionally, quantities of relative desire to achieve patrol objectives. The patrol
supervisor may select patrol objectives o pricritize from a list of patrol
objectives, such as minimizing backup response timse or increasing
neighborhood policing. Optionally, the patrol supervisor, upon selecting multiple
objectives, may assign a guantity of his or her relative desire to achieve gach
selected objective. These selections may be factored in when optimizing the
paersonnel assignments. The patrol supervisor may assign one or more
guantities to his relative desire 1o achieve various patrol objectives, and, in
certain embodiments, adjust these relative quantities for various patrol
cbjectives and view the manner in which the outpulted patrof schedule changes
to reflect the changes in the relative guantities of desire for achieving the patrol

objectives.
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{098]  In step 150 the system may receive geographic, temporal, andfor
other constraints on patrol officers. These parameters represent constrainis or
conditions to be factored in when optimizing the personnel assignments. One
exemplary constraint may be, for example, that a desired pairel location have at
least one patrol person at ali times. Another exemplary constraint may be that a

particular patrol person be at a desired location at a particular time.

(0871 FIG. 3is an example of screenshot of an exemplary patrol
schedule display 300. Exemplary patrol schedule display 300 may contain
various selectors for manipulation by a user. The user may assign a number
and color 1o a patrol officer using selector 320 and assign the officer to patrol
particular region at a particular time or be physically present in a particuiar
region al a particular ime using selector 330. Exemplary dispiay patrol schedule
300 may contain sliders 310a and 310b with which the user may assign one or

more guantities to his desire {o achieve various patrol objectives.

(0881 In step 160, the system generates at least one patrol schedule. A
patrol schedule comprises ong or more assignments. An assignment may
correspond o an individual patrol officer, or a team of two or more patrol
officers. A patrol schedule may be generated for a particular shift, where a shift
is a specific time biock, such as eight hours. A patrol schedule may be
generated for a shorter period of time and updated dynamically throughout 3

shift,

{0991 In general, an optimized patrol schadule is generated by solving

the problen:
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minimize H{ao)

where f; is an objective funclion, ¢is an optimal patrol assignment schedule,
and ¢ is the space of all feasible schedules. In summary, the police patrol
problem may comprise accurataly sstimating A {demand forecasting) and
finding the optimal patrol assignment schedule o by solving (1} {optimal patrol

routing).

[0100] The underlying scheduling probiem may be used (o determine the
optimal patrol schedule, o Schedule omay assign each officer ie /1o a region
neA at each time {27 In certain embodiments, a decision variable may be the
response policy, the policy that determines which officer should respond to an
incident when it oceurs. The forthcoming incorporates the standard police

practice of sending the nearsst available officer.

[0101] The variable, ¢ represents the set of police officers that are on-
duty and responsible for patrolling a set of regions, A The set, & represents
times during the upcoming shift at which officers may be reassigned {e.g.,
regular intervals in time). The system calculates an assignment schedule,
a4, of officers to regions for each time fe Fthatl is oplimal for the specified
ohisclives as described ahove with respect to step 140 The complete scheduie
for all feis denoted simply by oc3, where 35 is the space of all feasibl

schedules.

[0102] Provided is matrix O, in which slement D s the travel time

between regions Jfe.4 These fravel times may be computed using optimal

48
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routing algorithms that consider the actual road network and typical travel
speeds at the relevant time of day and day of the week along individual road
segments. In certain embodiments, a fravel-dime mods!, such as a model using
historical automatic vehicle location (AVL) data of actual police patrol, road
network data (including, for example, spesad limits and road categories), patrol
sector boundaries, region boundaries, and/or neighborhood boundaries, may be
used. AVL data may be collected from any police department or the particular
police department seeking to use the data, Models may vary based on the time
of day, day of the week, month of the year, may reflect effacts such as slow-
downs at intersections, average slow-down time af traffic lights, stop signs, or
turns. Such models may reflect asymmetrical travel times (8.g., rush-hour traffic
with congestion in one direction of fravel but not in the opposite direction).
Automatic weighting of historic data may be used lo deemphasize older data or
emphasize newer data. Exponential-weighting may be used o weight transits
that are closest to the desired time of day to apply temporal smoothing and help
guard against the sparsity of data al some times in the historical data. A sector
may be partiticned into polygonal regions and a matrix of region-to-region drive

times created. This matrix may be used to generate patrol schedules.

[0103] The selection and optimality of patrol schedule o may be guided
by various additional data. Updates o a database of incidents, @, that may
contain data comprising records may be provided regularly {e.q., daily, hourly,
or real-time) from a database or memory with data (e.g., CAD data). Each
incident se @ may be marked with pertinent information such as time, location,

incident type, incident priority, number of responding officers, and/or duration of
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the incident. Incidents are also cross-referenced with auxiffary dala such as city
zoning typs, weather data demperature, precipitation, snow depth, wind
speeds, ofc.}, census data (population demographics, density, income levels,
etc. for the incident location), traffic conditions, special event data, etc. A gosl
may be to use machina-learming techniques to correlate the awdliary data with
incident rates and use those correlations to provide accurate forecasts of fulure

demand for law enforcement servicas.

{01041 In exemplary embodiments, a patrol schedule, o, may be chosen
sa that police objectives are optimized. Various objective functions are

considered below, although any other objective may be chosen.

[0105] A first exemplary objective may be o minimize total response
time. The iotal response time is some variation of the sum of the time it takes
patrol officers (o respond o requests for assistance {i.e., incidents) during a
particular period of time. Supposing that the assignment, g, of officers o patrols
is fixed and that i is possible to predict the set, ¢ of all fulure incidents that will
cccur before the end of the current schedule horizon, along with their exact
iocation, iming, duration, and number of officers required to respond, then i
may hbe possible to deterministically compuie the cumulative response lime, R,
for the future period of interest by “playing” the sequence of events against the
given patlrol assignment. During the simulation, officers may be called upon to
respond to calls and thereby become unavailable 1o service future calls until the
incident duration expires. Whenever an incident occurs, the travel tims, 1,

required for the first available responder (0 respond for each incident ec 4, may
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be recorded. Each incident may be assigned a weight w, 1o indicate its priority.

The total weighted response time may then be computed as Rsla.  Wele.

{01061 The assignment of officers may be chosenso that R is

minimized.

[G107] The set of future incidents & may not be known a prior,
however, it may be possible to sample plausible fulure events by using the
historical database @ to predict the rates at which incidents will occur (and the
number of officers required) for each region as a function of time. The system
may modsl the cocurrence of incidents at each region {or geographical region}
jesvas an inhomogeneous Poisson process with ime-varying rate parameter

A{8. Then, the number of events, nff,, ), to cccur al region j between times {;

A

and f; may be a Poisson random variable with parameter my{l, ) = E

The role of demand forecasting may be to use the historical data to acourately

pradict 4={4(#) jet for imes { over the current scheduling horizon.

101081 Another exemplary objeclive may be {o maximize neighborheod
policing. Neighborhood policing comprises maximizing the amount of time a
given patrol officer patrols in a single region, without specifving which region
this will be. Police supervisors may want 1o promote neighborhood policing {o
proactively defer crime, not just respond o if. Neighborhood policing may deter
crime hecause patrol officers become familiar faces within their assigned
regions and may more readily spot unusual changes that may indicate a need
for policing action {e.g., a broken window or unusual traffic congsstion). For this

reason, a folaf latency term, 1, that accounts for the time that has accumulated
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since a patrol officer last visited region je./may bs included for each region. In
certain embodiments, during periods when the region Jis not patrolled, latency
may accumulate over time at a rate proportional {o the expected rate of
incidents, A{;). Conversely, while an officer is assigned to actively patrol the
region, the latency may decrease over time at a rate inversely proportional {o
the region area, g, until the latency reaches zero. Minimizing total latency,
L:=Ze i {evaluated at the end of the schedule horizon), thus may promote agile
neighborhood policing to proactively deter crime. In some embodiments, the
latency counter for the region may be reset {o zero if & patrol officer spends a
minimum amount of time in the region within a preceding period of time (8.9,
during the last hour) and/or services a call in the region. in some embodiments,

until the counter is reset, its value may continue o increass.

[0108] Ancther exemplary objective may be {o maximize the time a
given patrol officer spends in a specified region or regions. This may be helpful
if police supervisors want to ensure that each officer is assigned to that officer's
preferred subset of neighborhoods and/or regions. This may foster
neighborhood policing and improve the morale of patro! officers. In some
embodiments, to maximize the time a given patrol officer spends in a specified

2}

region of regions, an assignment matrix C

in which element C; gives the cost
of assigning officer e w10 patrol region jei—is presented. In certain
embodiments, the cost may be lower {e.g., zero) if the assignment is preferred,
and positive if the assignment is to be discouraged. In certain embodiments,

pairol officers may be assigned to pairol only regions within a particular seclor.
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{0110] Another exemplary objective may be {0 minimize the distance a
patrol officer must travel betweesn patrols of different regions. This allows patrol
officers {0 be more efficient in their patrols and the police depariment {o save on
gasoline and vehicle-wear expenses. To minimize the distance a patrol officer
must travel between patrols, a cost matrix 4 in which element 4y provides any
additional cost or preference {e.q., fravel ime, specialized training, etc.} for
police officer /1o relocate {o region  may be used, and then the cost incurred by

region reassignmenis in the patrol schedule may be minimized.

[0111] Another exemplary objective may be {0 minimize the backup
response time. Patrol supervisors may want to minimize the average backup
response time for sscalating calis {e.g., calis that require additional police officer
backup while the original officer handiing the matter tends to the call). The
mode! for minimizing backup response time may be lsared from CAD data.
This model may be defined by paramesters. One exemplary parameter is the
number of officers immediately assigned to each call. This may be a non-
random constant for every call and setto 1 for all categories. Another
exemplary parameter is the mean number of additional officers o be dispatchead
{o the call. This may be an actual number modeled as a Faisson random
variable. Another exemplary parameier may be the mean time preceding each
sscalation event per additional officer assigned to pairol, where actual imes are
modeled as independent, identically distributed exponential random variables.
Another exemplary paramester may be the meaan time preceding each de-
escalation event per officer released from an assigned patrol, where actual

timas are modeled as independent, identically distributed exponsntial random
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variables. The model may be trained per category of events, such as financial
crime or burglary. This model for minimizing backup response time may be
integrated into the predicted-demand model, as described with respect to step

120.

161127 Another exaemplary ohjeclive may be to minimize assignment
volatility. Assignment volatility is the measure of how long patrol officers have to
reach and patrol an assigned region before they are assigned a new region to
patrol. Patrol supervisors may want to minimize assignment volatility in order fo
increase patrol officer’s efficiency {e.g., minimize the amount of time traveling to
a new assignment relative to actually fulfilling assignments). in certain
embodiments, this may be achisved by associaling a quantitative penalty with
gvery reassignment. The penalty for reassigning a patrolling officer, or an officer
travelling to a region, to ancther region may decreass exponentially once the
officer has patrolled a single region for a minimum amount of ime. This
minimum time may be preset and fixed or may vary throughout a shift {(e.g., with

the availability of new information).

{0113] Anocther exemplary cbjective may be {0 maximize the patrol in
apprehendable-avent regions. An apprehendable-event is ong in response to
which nearby officers may initiate a response without a call for service, such as,
for example, public crimes, including trespassing, vehicular theft, and/or
vandalism. Patrol supervisors may want to maximize the amount of time patrol
officers spend in regions with predicted apprehendable events. This may be
accomplished by associating a quantitative reward with sach assignment o a

region where the avents predicted by the predicted-demand modsl ars
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categorized as apprehendable. The quantitative reward may be proportional the

quantity of predicted apprehendable events.

[0114] Another sxemplary objective may be to take account of the
probability of patrol officers being “interruptible” from their current task when
assigning patrols to other officers. For instance, when patrol officers write
reports in their cars, their “interruptibility” may be high and the algorithm will

minimize the penalty of reassigning these officers.

[0115] Another exemplary objective may be to take account of the
expected deterrent effect of a given patrol assignment. A deterrent effect may
be present when a cerlain geographic area is more prone than others {o crime
deterrence when a patrol officer is present and/or for some time after the patrol

officer was present.

{0118] In certain embodiments, an optimal patrol assignment schedule
that optimizes multiple objectives may be generated by solving an expectation-
maximization problem. {f; : S — R,i = 1,...,5} may denote the set of s chjsctive
functions. These multiple objective functions may be combined into a single
objeclive function, £:5 — R,, by considering a weighted linear sum of these

objectives, expressed as a muitiple objective function:

01171 Flo) = T, i £0)

[0118] Police commanders can specify the weights w; in ordar to

prioritize the objectives according io their importance. In certain embodiments,
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the sum of all w; may equal to 1. The optimization problem o be solved may be
expressed as:

[0119] mi;iién;ze £(5)

{01201 In some embodiments, f may be found by starting with a random
initial guess for the patrol assignment, o. For the current choice of the patrol o,
a discrete svent simulator may be used o determine the expected actions of
the officers given that pairol assignment. Given that each officer must perform
the actions previously computed, the optimal patrol assignmeht, o, 1o achieve
those oplions may be determined. The optimal patrol is determined by solving a
two-dimensional assignment problem (e.qg., officers to regions). The use of &
discrete event simulator to determine the expected actions of the officers given
the patrol assignment ¢ and solving a two-dimensional assignment problem

may be repeated until the patrol assignment, o, converges.

{01211 Various technigues may be ussad o implement optimal patrol
routing. In certain embodiments, an exiension to expeciation-maximization
clustering methods for efficiently solving the optimal patrol scheduling problem
may be used. One such extension is the use of a Discrate Event Simulation
{(DES) to explicitly observe the officer dynamics for Monte Carlo samples over
the underlying Poisson process. The DES may be implemented using a priority
queue of incidents o which officers may be assigned and thereby become

unavailable to respond {o other calls.

[0122] At afixed time ¢, the following exemplary BES-Clustering

algorithm may be used to find the optimal assignment o of m officers to n
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ragions. Given a set .4 of regions o patrol, and a set of forecasted rates 4, A
may be used io prepare multiple sample sels £,/=1, k of fulure events, m
regions in A randomiy chosen and officers assigned to patrol these regions.
While not converged, given current assigned patrols, the DES may be applied
to the sets £ of futurs incidents {o determine py, the expected number of imes
that officer ic o will be reguired {o respond {o an incident in region jei In cerfain
embodiments, while not converged, given gy, for each officer iz ¢ the number of
responses that wers made to sach region is considered, and a new region for
officer { to patrol that minimizes the ohjsctive function f; (total response time and

assignment costs) is chosen.

[3123] in cerfain embodiments, an optimal patrol assignment schedule
that optimizes multiple objectives may be generated by speacifying a margin
parameter Af; that determines the allowed {olerance o the degradation of the
objective f; to achieve improvements in lower-priority objectives (e.g., how much
a shift supervisor is willing to compromise a higher-ranked objective if doing so
optimally improves chances of fulfilling lower-ranked objectives). In some
gmbodiments, patrol supervisors or command staff may provide a ranking of
objsctives. The multiple ranked patrol objsctives may be defined as {/; : § —»
R.i=1,..., s} A solution that falls in the setl of A-optimal solutions may be

sought. 5, may denole the set of all possible patrel plang, Fori =1, n,

(1241 S, ={o e 5l + A% forallie €5, 1

[0125] H S is the empty set, then patrols in §;_; forwhich f is a

minimum may be added to §;. A solution in the final set §,, may be an
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acceptabie pairol plan. Further optimization over this set may be accomplished
by taking the solution that minimizes the top-ranked objectives. In an
embodiment, lowsr-ranked objectives may be minimized when there are ties

until a unigue solution is obtained.

[0126] In certain embodiments, an approximate solution may be
obtained through a heuristic approach. A large number of weight vectors w may
be sampled over the s-dimensional simplex. One approach may generate
uniform random samples over the simplex. Other approaches may employ low-
discrepancy sampling methods (e.q., quasi-Monte Carlo) or may seek a uniform
distribution over the Pareto frontier of the multiple objective functions. A fixed-
weight solver may be used to generate one or more solutions for each weight
vector and take S, o be the set of all solutions found in this manner for any of
the weight vectors. This reduced set of candidate solutions may be processed

as describsd above.

(01271 In some embodiments, command staff may specily the objective
function, f1:5—R, by specifying weights for each of these objectives. The
subscript A in f; emphasizes that evaluation requires the forecast of the incident

rates during the planning interval for each region. This problem may be NP-hard

because it includes the NP-hard facility-location problem as a subproblem,

{0128] The algorithm may reduce the number of ferations necessary to
achieve convergence. Analytical expressions may also be derived for the values
of py. This approach may be accomplished by sclving an implicit system of non-

linear eguations in py. The analytical approach may be accomplished with an
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assumption of independence between the py variables that may be violated.
These dependencies in the joint distribution may be captured by the DES

through direct sampling.

101281 In certain embodiments, DES-clustering algorithm may provide
optimal patrol solutions for cities on the order of 100 regions and 10 on-duty

patrol officers.

[0130] Cther techniques of algorithm acceleration may include, but are
not limited {o, 1) algorithm paralielization, 2) quasi-Monte Carlo sampling, and

3) exploitation of covariance decay.

[0131] In certain embodiments, the algorithm may be parallelizable, and
a multi-threaded version of the algorithm may accelerate it For example, Monte
Carlo simulations in the DES-clustering algorithm may sach be run
independently. Multiple solution trials for randomly chosen initial guesses {to
ensure the solver calculates across the global optimization space) may be run
independently. Law enforcement personnel may access the demand modeler
and patrol planner via, for example, a web application that connects to a service
running in the cloud. The cloud computing software platform may assist in
implementing massive paralielization regardless of the computer hardware

actually used by the end-user.

{01321 In certain embodiments, the DES-clustering algorithm may use
Monte Carlo sampling to compute the expected value of the objective function
{total response time, for example) for a given choice of palrol assignments and

accelerate the algorithm. Each Monte Carlo sample, £, may be a realization of
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an inhomogensous Paisson process—the occurrence of incidents at each

region § according to a time-varying rate A4).

[0133] Given space in which £ lives, n; dencles the number of events
{Poisson distributed) that occur at region j between times &, and §. Then, § may

specify at each region a sequence of ordered timas from the ordered simpilex:

A i il - - -
01341 A--’m{t\:i,mz‘,v)eiiqzasz‘l.<_~~~u\z 4}

[3135] The DES-clustering algorithm for optimal patrol assignment may

compute the expected value of the objective function by sampling from this
space. Acceleration in convergence of this estimate (from 0{1\/7\7) to O{1/N})

may be achieved by, for example, choosing sample sequances with low

discrepancy using quasi-Monte Carlo sampling techniques.

[0138] In some embodiments, Quasi-Monte Carlo sampling methods
may be used for faster convergence of the solver. For example, importance
sampling on Latin hypercubes may be used {o draw the number of events, n;

Holton sequences with accept-reject may be used o sampls from the simplices,

A One may also, for example, sample simplices that cast the problem as the

refaxation of an inleger quadratic program.

{01371 The sampling process was previously characlerized for certain
gmbodiments as sampling from a product of simplices——one simplex for each
region. In some embodiments, as the number of regions increases, the activities
of police officers at very disiant regions in a large network may be effectively

independant. The strength of covariance may decay with distance across the
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network. The region graph may be decomposed into subgraphs where the
interaction between subgraphs is only at the boundaries, and simulation of each
subregion may procesd on parallel processes, with communication belween the
processes required only for the shared boundary regions; that is, activities of
the officers in a shared boundary region may be communicated between the
corresponding neighboring processes, but all the aclivities of the officers within

the region may be computed locally.

[0138] In certain embodiments, covariance decay across the region
network may bear further implications for guasi-Monte Carlo sampling. The
number of required samples to achieve convergence may be reduced by, for
exampie, exploiting the fact that sampls incident times chosen for very distant
regions may be taken as exact duplicates without harming the variability across
the sample. This reduced number of samples may be constructed while

maximizing discrepancy.

[0139] Insiep 170, the system may output schedules, assignments,
and/or actionable information. Actionable information may be, for example,
information about the patrol region as a whole, persons of intersst in the region,
addresses of frequent criminal activity, or types of incidents likely to occur in the
region. In some embodiments, the actionable information displayed may be
determined based on the location of the patrol officer or the patrol officer’s
vehicle, as determined by location acquisition sysiems, such as GPS. The
schedules, assignments, and/or actionable information may be output in, for

example, printed form or electronically displayed on a display device. In some
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cases, the output may be rendered to multiple output devices, such asto a

display device and o speakers to cutpul accompanying audio.

{0140] In some embodiments, the schedule for all patrol officers for a
particular shift may be outputted in ons chart. This fype of schedule may be
useful when updates to the patrol schedule are not available. In some cases, for
example, patrol officers may not have conneclivily {o the system to beg able to

receive updates.

{01411 In some embodiments, the schedules, assignments, andfor other
actionabie information may be outputied to one or more displays. The system
may send all of the patrol assignments to a supervisor's display. Alternatively,
or in addition, the system may send individual patrol assignments io the
displays associated with particuiar officers, such as a display in a patlrol vehicle
associated with the patrol officer or to the display of the patrol officer's mobile

device,

[0142] FIG. 3is an sxampie of an optimized patrol schedule display 300
for a particular sector. Exemplary patrol schedule display 300 has an upper map
portion showing the patrol sector and the various patrol regions within the
sector. Patrol schedule display 300 aiso has a lowsr portion showing a graph of
the patrol assignments of two exemplary patrel officers. Each solid line
rapresents an assignmesnt for one officer. Each dotted line represents the
assignment for each officer prior to the various constraints represented by
sliders 310a and 310b being imposed. The x-axis reprasenis the howrs in a

shift. The y-axis represents the different regions (or beals) in a sector. Line 340,
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for example, indicates that the officer is assigned to begin his or her shift at 6.00
am. in beat 6. At 7:.00 a.m., the officer is scheduled to move {o region 7. At 8:00
a.m., the officer is schedulad to move back to beat 8. Line 350, for example,
indicaies the officer’s assignment to beat8 at 8:00 am., heat3 at 700 a.m,, and
beat4 at 8:00 a.m. prior {o the constraints represented by sliders 310a and 310b
being imposed. FIG. 3 is an exampie of the type of display that may be

displayed t0 a supervisor.

[0143] In certain embodiments, patrol assignments and their updates
may be communicated directly to the relevant patrol officers such as to displays
in the officers’ vehicles or on their personal mobile devices, FIG. 4A s an
gxample of the type of information that may be displayed to an individual police
officer vig, for example, text-to-speech systems, or a display such as exemplary
assignment display 400, as illustrated in FIG. 44, and/or exemplary assignment
display 400b, as illustrated in FIG. 48, The assignment display may indicate the
region 410 which the patrol officer should patrol using shading on a map 420
andfor with text 460; a list 430 of the types of activity or events the sysiem
pradicts is most likely 10 occur and should, therefore, be walched for by the
officer; andior an indicator 440 of where listed predicted events or activities
have ocourrad in the past with respect to the patrol officer’s current location
450, In cerlain embodiments, when an officer receives a palrol assignmsnt, a
timear 470 may be displayed o indicate how much time has passed since the
assignment was issued. The officer may be given an option to indicate to the
system, such as by pressing a bution 480, when he or she has completed

patroiling the assigned region. In certain ambodiments, when the sysiem
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receives an indication that the pairol has been completed, the sysiem may
rerun the solver {o determine the next region the officer should patrol withowt

affecting the patrol assignments of other officers.

[0144] 1 will be appreciated that the individual patrol assignments
fHlustrated in FIGS. 4A and 4B may be communicated o relevant patrol officers
aven if the system is generating a fixed schedule for an entire shift and

generating a patrol schedule as llustrated in FIG. 3.

[0145] In step 180, the system determines whether o update the patrol
schedule. Patrol schedules may need to be updated based on new information
avallable to the system. A new event, or change to svent data, for example,
may prompt the patrol schedule o be updated. i a patrol officer becomes
unavailable, or an additional patrol officer becomes available, for example, the
change in the number of available resources may trigger an updating of the

patrol schedule and reassignment of resources.

(01481 In some embodiments, an indicalion by either a patrol supervisor
or a patrol officer may trigger the generating of a new schedule. A patral
supervisor may trigger a new patrol schedule to be created, for example, (o
reroute one or more patrol officers at his or her discretion. In some
embodiments, a supervisor may trigger a new patrol schedule to be created to
respond to an escalation in a request for assistance. After a supervisor
indicates an escalation, the system may update patrol schedules {0 route more

personnel to a particular location. In some embodiments, patrol officers may be
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able to indicate an escalation from the field, which lriggers a patrol schedule

update and more resources to be sent to the indicaled location as back-up.

{01471 In some embodiments, a patrol offer can trigger creation of a
new patrol schedule by, for example, indicating that they would like a different
assignment. A patrol officer may complete an assignment and request a new
assignment and/or may request a different assignment before completing an

assignment.

(01481 In some embodiments, the system may periodically, such as
svery hour, update patrol schadules to {ake advaniage of new information
andfor a newer demand model that may have become available. In some
embodiments, the frequency and/or times when the system updates the patro

scheduies may be set by the supervisor.

(01491 In some embodiments, the updating of patrol schedules may be
triggered when the system detects a change in ceriain information avallable o
it. For example, the system may monitor the data presented to it for updates
and, optionally, reassess it according to either preset or user-specified criteria.
in at least one embodiment, if the criteria are met, the regeneration of the
scheduie is “triggered.” When the updating of patrol schedules is triggered, the

system generates new patrol schedules using the new information (step 180).

{31501 In some embodiments, when triggered, the system may receive
updated historic demand event data and/or correlative data and generate a new
predicted demand model. The new model may then be used to update the

schedules in step 160



WO 2017/062684 PCT/US2016/055843

(01517 In the foregoing, method 100 has been described with reference
to a policing scenario, where the sysiem is used to generale optimal patrol
schadules for police personnel. One of skill in the art would understand that a
same or similar method could be applied to schedule other types of personnel
to assignments, particulardy ones where personngl respond 1o events ocourring
over a geographic area, and the personnel must respond o the svents in a
timely and oplimized manner. Some examples may include, for example,
scheduling of fire personnel, ambulances and emergency response personnel,
schaduling of medical personnel nesded in an emergency o fixed medical

facilities, or scheduling of maintenance personnel working for utility companies.

{0152] Patrol supervisors and/or other users may want to measure the
efficacy of the system. In certain embodiments, a variety of efficacy metrics may
be selected by the user seeking this information, such as whether following the
generated patrol schedule increased or decreasad {otal event response time.
Given the proposed schedule of patrol assignments for an entire vear, one may
measure performance of the algorithm by simulating what would have occurred
had the schedule been folliowed. Over the course of, for exampie, a year, the
cumulative response time may be recorded. Then, using vehicle GPS data
recorded for actual officers in the field over the same period, one may
determine the actual officer locations as the evenis occur and compare their
placement with the placement of officers had they been following the proposed
optimal schedule. The optimized patrol scheduling may cut the total response
time significantly. A patrol supervisor at a police department may use a system

to generate such optimized patrol schedules. In certain embodiments, the
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system may calculate various metrics {0 help system users delermine the

system’s sfficacy.

(01531 Metrics may be used o determine the degree to which the
system was used to affect actual officer patrols, as well as what improvemeants
may be realized if the syslem was used more by, for example, having patrol
officers adhere o assigned patrols more. Such maetrics may include, but are not
limited to, a measure of patroi-officer compliance with the patrols the system
assigned. Such compliance may be measured by, for example, dividing the
amount of fime patrol officers patrolied assigned regions by the amount of ime
the patrol officers were availabie {o perform assigned patrols, Under such
calculation, compliance takes on a value befween O—indicating no
compliance—and T—indicating perfect compliance. Such melric may be
averagad over a particular pericd of time. An exemplary compliance-data
display 500, as illustrated in FIG. §, may include a graphical plot 510 of the
average time pairol officars spent patrolling in a region assigned by the system
over a selected period of time, Exemplary comphiance-data display 500 may
include a graphical plot 520 of the averagse time patrol officers were available 1o
perform a pailrol assigned by the system over a selected period of time. An
exemplary compliance-vaiue display 800, as illustrated in FIG. §, may include a

graphical plot 610 indicating the compliance value over time.

{0154] Another efficacy melric may be the difference between {i) the
aciual average distance from the origin of a request for police assistance {o the
naarest patrol officer and (il the theoretical distance from the origin of these

requests to the nearest patrol officer had all patrol officers been in the regions

47



WO 2017/062684 PCT/US2016/055843

assigned to them by the system. An exemplary proximity display 700, as
Hustrated in FIG. 7, may include a graphical plot 710 of the theoretical distance
from the origin of reguests for police assistance over time to the nearest palrol
officer had all patrol officers been in the regions assigned {0 them by the system
at that time. Exemplary proximity display 700 may include a graphical plot 720
of the actual average distance from the origin of a request for police assistance

o the nearest patrol officer over time.

[0155] Ancther efficacy metric may be a graphical representation on, for
instance, a map for every request for officer assistance (or "avent”) where the
responding patrol officer was at the time of the request; where, had the
assignments of the system been adherad o, the would-be nearest officer wouid
be; and where the would-be nearest officer actually was al the time of the
request. An exemplary event map 800, as illustrated in FIG. 8, may be
displayed with an indicator 810, indicating the distance from the responding
patrol officer to the origin of the request at the time of the requsest. Exemplary
map 800 may include an indicator 820, indicating the distance belween the
nearest officer if the assignments of system had been adhered to—the *would-
be nearest officer”—and the origin of the request at the time of the request.
Exempliary event map 800 may include an indicator 830, indicating the distance
batween the would-be nearest officer and the origin of the request at the time of

the request.

[0156] The system may monilor its status to indicate to ong or more
usars whether, for example, all patrol officers are logged inio the system,

whether all patrol officers are performing their assigned patrols, and/or whether
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therg are any anomalies in the system’s operation. The system may monitor if
there are any large fluctuations or other anomalies in the probability of cerlain
events or criminal activity. The system may notify, for example, master user 850

of these anomalies.

(015871 FIG. 8 illustratss an exemplary system for dynamically
generating and updating patrol schedules based on historic demand event data
and other information. System 900 may include a network 920 to which all
davices in the system connect; at least one service sysiem such as service
systemn 810; one or more user devices such as first user device 830A and
second user device 894047, operated by at least first user 830 and at least
second user 940, respectively; one or more master user device such as master
user device 8504, operated by at least master user 850, and one or more

databases such as first database 8680 and second database 970,

[0158] Network 520 may be, for example, a local area network (LAN), a
wireless LAN (8.g.. @ "WIiFI” nelwork), a wireless Metropolitan Area Network
(MAN) that connects multiple wireless LANs, a wide area network (WAN) {e.g.,
the intermet), and a dial-up connection {e.g., using a V.80 protocol or a V.82
protocol). In the described embodiments, the internet may include any publicly-
accessibie network or networks interconnected via one or more communication
protocols, including, but not limited to, hypertext transfer protocol (HTTP) and
fransmission control protocol/internet protocol (TCP/AP). The electronic network
may eptionally include one or more mobile device networks, such as a GSM
network or a POS network, that allow mobile devices to send and receive data

via applicabie communications protocols, including those described above,

oo
6]
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Further, the system may operate and/or interact with one or more host servers
and one or more user devices for the purpose of implementing fealures

described herein.

[0159] Service system 910 may comprise server systems, databases,
andfor computing systems configured to receive information from devices in the
natwork 920, process the information, and communicate this or gther
information to other entities in the network 820, such as first user device 930A
and second user devices 340A. The service system 910 may be configured to
receive data over a network (such as an electronic network), process and
analyze data and queries, and/or provide geographic locations o users.,
Network 820 may comprise any suitable network such as the Internet, a wide
area nstwork, or any other network that permits exchange of information
between various components of the system. The service sysiem may
communicate with smartphones or other portable devices carried by end users.
Service system may further comprise a demand modeler 810a. Demand
rodeler 910a may perform operations necessary o create one orf more
predicied-demand models from historic demand event data and/or correlative
data. Service system may further comprise a patrol planner 810b, which
includes a solver 910c. After the patrol planner 810b receives input data, such
as constraints imposed by a shift supervisor, solver 910¢ may use the input

data and the predicted-demand model to generate patrol schedules.

{01801 in an embodiment, master user 950 may be ong or more
people~such as a pairol supervisor—seeking to create a patrol schedule

based on historic demand event data and to fulfili one or more patrol objectives,
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such as maximizing neighborhood policing, wherein the time since a police
officer was last assigned {o a particular neighborhood is minimized. Master user
950 may use master user device 150A 1o access the service system 910 over
network 820 and indicate which patrol officers master user 150 would like to
create a schedule for, and, optionally, what patrol objectives (s.g.,
neighborhood policing) master user 850 would like {0 achieve. Master user 150
may indicate how much he or she is willing {0 compromise on oneg or more
patrof objectives. Master user 150 may rank the patrol objectives or assign a
guantity proportional {o his or her desire {0 achieve onsg or more objective {o the
one or more objectives. Master user 150 may indicate certain consiraints {(e.9.,
that a certain police officer shouid be In a particular geographic area or patrol a

particular region at a particular time).

101817 In certain embodiments, service system 810 delanmines the
patrol schedule by analyzing, according to the aforementioned methods, data
derived from first database 880 and/or second database 970, The patrol
schadule may then be sent over network 920 to any and all of the master user
device 8504, first user device 8304, and second user device 8404, First user
930 and second user 840 may be police officers who have been assigned a
patrol schedule based on the culpuited schedule. In certain embodiments, a
user device, such as first user device 8304, may determine s geographic
location using the Global Positioning System (GPS) and communicate its
geographic position to service system 210 over network 92C, or, in an

embodiment, o the first database 960 or second database 870, Service system
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910 may take first user's 930 position into account when determining the patrol

schedule.

[0182] In certain embodiments, master user 850 may indicate which
geographic sector the police officers will patrol and create a patrol schedule for
this sector. This sector may be subdivided into smaller geographic sections, or
‘regions.” The service system 910 may assign the various police officers {o
patrol certain regions at cerain times in order {o best fulfill master user's 950
patrol objectives. In certain embodiments, a patrol objective may be {o minimize
police officer response fimes to requesis for police assistance. To do so, in
certain embodiments, service system 910 may attempt 1o predict the likelihood
that a request for police assistance will originate from a particular region at a
particular time and attempt {o create an optimal patrol schedule such that police
officers are patroliing inside or closest {o the regions that are most likely to have
reguasts for police assistance originate in them at such time. In certain
embodiments, the response time may be just one of many pairol objectives, and
service system 910 may adjust the schedule accordingly (i.e., to properly
balance the quantified desires master user 950 indicated for achieving each
patrol objective). The predictions by service system 810 are made by analyzing
data contained within databases 860 and 970 in accordance with the
aforementioned methods. The data analyzed may include historic requests for
law enforcement service {e.g., citizen-initiated calis), CAD data describing the
number of officers who responded to sach call over time, AVL data to learn
traffic models or deterrence, records management system (RMS) data to oblain

estimated svent times (distinct from report times available from CAD data), a
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road network within a geographic area, historic weather data, the date of
various holidays and community events, the lunar phase, various demographic

information, eic.

[0163] The components of system 900, Hlustrated in FIG. 10 as
exempiary system 1100, may include any combination of an assembly of
hardware, software, andfor firmware, including a memory 1200, and a cantral
processing unit (CRUTY 1300, Memory 1200 may include any type of RAM or
ROM embodied in g physical storage medium, such as magnetic siorags
including floppy disk, hard disk, or magnstic tape; semiconductor storage such
as solid state disk (S50) or fiash memory; optical dise storage; and/or magneto-
optical disc storage. CPU 1300 may indlude one or more processors, such as
processor 1800, for processing data according o a set of programmable
instructions 1400 or sofiware stored in the memory 1200, The funclions of CPU
1300 may be provided by a single dedicated processor 1600 or by a plurality of
processors. Morgover, processors may include, without limitation, digital signal
procassor (DSP) hardware, or any other hardware capable of executing
software. System 1100 may comprise one or more user interface devices 1500,
such as a display, printer, monitor, keyboard, touch screen, stylus, speaker,

taxi-to-speach sysiem, microphone, andior mouse,

{0184] The foregoing description has been presented for purposes of
Hlustration. it is not exhaustive and is not limited to the precise forms or
embodiments disciosed. Modifications and adaptations will be apparent to those
skilied in the art from consideration of the specification and practice of the

disclosed embodiments.
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(01851 Moreover, while Hlustrative embodiments have been described
hersin, the scope of any and all embodiments include equivalent elements,
madifications, omissions, combinations (e.g., of aspects across various
embodiments), adaptations and/or alierations as would be appreciated by those
skilled in the art based on the present disclosure. The limitations in the claims
are to be interpreted broadly based on the languags employed in the claims and
not limited to examples described in the present specification or during the
prosacution of the application. The exampies are to be construed as non-
exclusive. Furthermore, the steps of the disclosed methods may be medified in
any manner, including by reordering steps andfor inserting or deleling steps. i
is intended, therefore, that the specification and examples be considered as
iHustrative only, with a frue scope and spirit being indicated by the following

claims and their full scope of equivalents.
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What is claimed is:

1. A systermn for dynamically generating and updating a patrol schedule fora
shift, the system comptising:
one or more storage mediums storing executable instructions; and
ane or more processors configured to execule the instructions,
wherain execulion of the instructions causas the system to
perform a method comprising:
receiving historic demand event data, wherein the historic
demand event data comprises information
representing at least one prior incident for which
patrol personnel were requesied, such information
representing at least one prior incident comprising,
for each at least one prior incident, a location type
and an incident typs,
generating a pradicted-demand model based on the historic
demand eveni data, wherein the predicled-demand
model forecasts when and where future incidents will
take place and how many patrol personnel may be
neaded to respond to each future incident,
receiving information associated with at least one patrol
officer assigned to the shift, wherein the information
associated with the at least one patrol officer
comprises at least one constraint on the at least one

patrol officer’s availability,

£
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generating a patrol schedule for a shift based on {i} the
historic demand avent data, (i) the predicted-
demand model, and (i} the information associated
with the at least one patrol officer assigned to the
shift, wherein the patrol schedule comprises at least
one patrol assignment for the at least one patrol
officer assigned {o the shift, and wherein the patrol
schedule is optimized based on at least one policing
objsctive, and

outputting the patrol schedule for use by the at least one
patrol officer assigned to the shift for patrolling the

sector.

2. The system of claim 1, whersin the patrol schedule is optimized based
multiple policing objectives and the multiple policing objectives are

weighted to reflect relative importance.

(o>

The system of claim 2, wherein the method further comprises updating
the patrol schedule based on a change in al least one of the at least one

consiraints.

4, The system of claim 2, wherein the method further comprises receiving
real-time location information for the at least one police officers on a shift,
and automatically updating the patrol schedule based on the realtime

iocation information.
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o

The sysiem of claim 1, wherein the predicted-demand model generated
based on the historic demand event data is specilic to a particular
geographic area and is generated based on historic dermand event data

for that particular geographic area.

The sysiem of claim 5, wherein the geographic area is partitioned into
patrol regions, the patrol regions having been determined based on road
information, the historic demand event data, and neighborhood

information.

The system of claim 8, wherein the geographic area is partitioned into
two or more patrol regions, the patrol regions determined automatically
based on road information, the historic demand event data, and
neighborhood information and such that at least one objective is
satisfied, wherein the at least one objective is chosen from the group
comprising: 1) the boundary lengths between regions are minimized, 2)
the sizes of the regions are balanced in terms of number of historical
incidents within each region; and 3} each region is road-connected such

that any point of a region can be reachsed by vehicle on roads.

The system of claim 1, wherein generating the patrol schedule for the

shift further comprises generating the patrol schedule based at lsast in

[3]
4
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part on correlative data related to the historic demand event data.

g The system of claim 1, wherein outputting the pairol schedule for use by
the at least one patrol officer comprises culputting the at least one patro
assignment for a patrol officer to a mobile display that travels with the

patrol officer while on patrol.

10.  The sysiem of claim 9, wherein the system further oulpuis aclionable
information related to the region of assigned patrol, persons of interest in
the region, addresses of frequent criminal activity, or types of incidents

fikely to cceur in the region.

11,  The system of claim 10, wherein the actionable informalion displayed is
determined based on the location of the palrol officer or the patrol
officer's vehicle, as delermined by at least one location acquisition

sysiam.

12, The sysiem of claim 1, wherein the information associated with the at
least one patrol officer assigned to the shift comprises an indication of
interruptibility, the indication representing the likslihood that the patrof

officer will be reassigned upon occurrence of a new incident.

13, The system of claim 2, wherein the method further comprises updating
the pafrol schedule based on a change in availability of one or more

patrol officers.
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4. The sysiem of claim 2, wherein the method further comprises updating
the pairol schedule when one or more patrol officers requesis a different

patrol assignment,

1%, The system of claim 2, whersin the method further comprises updating

the patrol schedule periodically.
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