wo 2023/018939 A1 |0 000 KA 0 0 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property '

Organization
=

International Bureau

(43) International Publication Date
16 February 2023 (16.02.2023)

(10) International Publication Number

WO 2023/018939 Al

WIPO I PCT

(51) International Patent Classification:
G060 50/30 (2012.01) G060 10/06 (2023.01)
G06Q 10/04 (2023.01) GO8G 1/123 (2006.01)
G06Q 10/02 (2012.01)

(21) International Application Number:
PCT/US2022/040167

(22) International Filing Date:
12 August 2022 (12.08.2022)

(25) Filing Language: English

(26) Publication Language: English

(30) Priority Data:
63/232,782 13 August 2021 (13.08.2021) UsS
63/330,887 14 April 2022 (14.04.2022) UsS

(71) Applicant: UNIVERSITY OF CINCINNATI [US/US]:
2900 READING ROAD, SUITE 460, CINCINNATL, Ohio
45206 (US).

(72) Inventors: COHEN, Kelly, c/o University of Cincinnati,
2900 Reading Road, Suite 460, Cincinnati, Ohio 45206
(US). VIANA, Javier; c/o University of Cincinnati, 2900
Reading Road, Suite 460, Cincinnati, Ohio 45206 (US).

(74) Agent: FOSTER, Justin etal.; c/o Dinsmore & Shohl LLP,
255 East Fifth Street, Suite 1900, Cincinnati, Ohio 45202
(US).

(81) Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CV, CZ,DE, DJ, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IQ, IR, IS, IT, JM, JO, JP, KE,
KG, KH, KN, KP, KR, KW,KZ, LA, LC,LK,LR, LS, LU,
LY, MA, MD, ME, MG, MK, MN, MW, MX, MY, MZ, NA,
NG, NI, NO, NZ, OM, PA, PE, PG, PH, PL, PT, QA, RO,
RS, RU,RW, SA, SC, SD, SE, SG, SK, SL, ST, SV, SY, TH,
TJ, TM, TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, WS,
ZA,ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ,NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

(54) Title: SYSTEMS AND METHODS FOR PREDICTING AIRPORT PASSENGER FLOW

FILTER DATA

1400

1402

DETERMINE RELATIVE
PASSENGER ARRIVAL
TIMES

i

ETERMINE HISTOGRAMS

RANSFORM HISTOGRAMS|
TO CONTINJOUS CLRVES

DETERMINE INPUT
SIMILARITY MATRICES

APPLY SEASONALITY
SCALING

DETERMINE OUTRUT
SMILARITY MATRICES

DETERMINE WEICHTS
USING GENETIC
ALGORITHY

DETERMINE MOST
SIMILAR FLIGHTS

PREDICT PASSENGER
FLOW PROFILES

TRANSFORM PASSENGER
FLOW PROFILES TO
HISTOGRAMS

MERGE H STOGRAMS

1424

FIG. 14

(57) Abstract: A computing device includes a controller to receive passenger data based on
airport scans of boarding passes, determine time until takeoff data for passengers, determine
passenger flow histograms based on the time until takeoff data, transform the passenger flow
histograms into continuous passenger flow profile curves, determine input similarity matrices
between a first flight and past flights having scheduled departures on the same day of the week
based on input similarity scores, determine output similarity matrices between the first flight
and the past flights based on passenger flow profile curves associated with the first flight and
the past flights, determine past flights that are most similar to the first flight based on the input
similarity matrices and the output similarity matrices, and determine a predicted passenger flow
profile curve for the first flight based on the passenger flow profile curves associated with the
most similar past flights.
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SYSTEMS AND METHODS FOR PREDICTING AIRPORT PASSENGER
FLOW

CROSS-REFERENCE TO RELATED APPLICATION

[0001] This application claims priority to U.S. Provisional Application No. 63/232,782
filed on August 13,2021 and U.S. Provisional Application No. 63/330,887 filed on April 14,2022,

which are incorporated herein by reference in their entireties.

TECHNICAL FIELD

[0002] The present specification relates to systems and methods for predicting airport
passenger flow, and more particularly, to an Al process for predicting passenger flow at the

security checkpoint of an airport.

BACKGROUND

[0003] Millions of passengers pass through airports and airport security checkpoints at
thousands of airports in the United States every year. Asthese passengers move through an airport
to board their scheduled flights, airports must employ numerous resources to manage this
passenger flow. For example, airports may desire to ensure that sufficient staff are available to
process passengers at check-in, security checkpoints, boarding gates, food courts and the like. The
amount of staff and other resources needed at a particular airport at a particular time may depend
upon the number of passengers present in the airport at that time. Accordingly, it may be desirable

to predict airport passenger flow.

SUMMARY

[0004] In an embodiment, a computing device may include a controller configured to
receive passenger data associated with a plurality of passengers based on scans of boarding passes
associated with the plurality of passengers at an airport, determine time until takeoff data for the
plurality of passengers based on the passenger data, the time until takeoff data for a passenger
comprising a relative difference between a time when the passenger’s boarding pass was scanned

and a departure time of a flight associated with the passenger’s boarding pass, determine one or
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more passenger flow histograms for one or more flights based on the time until takeoff data, each
passenger flow histogram indicating a number of passengers having a time until takeoff within
each of a predetermined number of time intervals before a scheduled flight, transform the
passenger flow histograms into one or more continuous passenger flow profile curves, determine
one or more input similarity matrices between a first flight and a plurality of past flights based on
input similarity scores between the first flight and the plurality of past flights, the first flight and
the past flights having scheduled departures on the same day of the week, determine one or more
output similarity matrices between the first flight and the plurality of past flights based on
passenger flow profile curves associated with the first flight and the plurality of past flights,
determine a predetermined number of the plurality of past flights that are most similar to the first
flight based on the one or more input similarity matrices and the one or more output similarity
matrices, and determine a predicted passenger flow profile curve for the first flight based on the
passenger flow profile curves associated with the predetermined number of the plurality of past

flights.

[0005] In another embodiment, a method may include receiving passenger data associated
with a plurality of passengers based on scans of boarding passes associated with the plurality of
passengers at an airport, the passenger data comprising a flight number, a departure date and time,
a destination airport, and an airline associated with a passenger’s scheduled flight, and a time that
the passenger’s boarding pass was scanned, determining time until takeoff data for the plurality
of passengers based on the passenger data, the time until takeoff data for a passenger comprising
a relative difference between a time when the passenger’s boarding pass was scanned and a
departure time of a flight associated with the passenger’s boarding pass, determining one or more
passenger flow histograms for one or more flights based on the time until takeoff data, each
passenger flow histogram indicating a number of passengers having a time until takeoff within
each of a predetermined number of time intervals before a scheduled flight, transforming the
passenger flow histograms into one or more continuous passenger flow profile curves,
determining one or more input similarity matrices between a first flight and a plurality of past
flights based on input similarity scores between the first flight and the plurality of past flights, the
first flight and the past flights having scheduled departures on the same day of the week,
determining one or more output similarity matrices between the first flight and the plurality of
past flights based on passenger flow profile curves associated with the first flight and the plurality
of past flights, determining a predetermined number of the plurality of past flights that are most
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similar to the first flight based on the one or more input similarity matrices and the one or more
output similarity matrices, and determining a predicted passenger flow profile curve for the first
flight based on the passenger flow profile curves associated with the predetermined number of the

plurality of past flights.

[0006] In another embodiment, a system may include a scanning device and a computing
device. The scanning device may scan boarding passes of airport passengers. The computing
device may receive passenger data associated with a plurality of passengers from the scanning
device, determine time until takeoff data for the plurality of passengers based on the passenger
data, the time until takeoff data for a passenger comprising a relative difference between a time
when the passenger’s boarding pass was scanned and a departure time of a flight associated with
the passenger’s boarding pass, determine one or more passenger flow histograms for one or more
flights based on the time until takeoff data, each passenger flow histogram indicating a number of
passengers having a time until takeoff within each of a predetermined number of time intervals
before a scheduled flight, transform the passenger flow histograms into one or more continuous
passenger flow profile curves, determine one or more input similarity matrices between a first
flight and a plurality of past flights based on input similarity scores between the first flight and
the plurality of past flights, the first flight and the past flights having scheduled departures on the
same day of the week, determine one or more output similarity matrices between the first flight
and the plurality of past flights based on passenger flow profile curves associated with the first
flight and the plurality of past flights, determine a predetermined number of the plurality of past
flights that are most similar to the first flight based on the one or more input similarity matrices
and the one or more output similarity matrices, and determine a predicted passenger flow profile
curve for the first flight based on the passenger flow profile curves associated with the

predetermined number of the plurality of past flights.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] The embodiments set forth in the drawings are illustrative and exemplary in nature

and not intended to limit the disclosure. The following detailed description of the illustrative
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embodiments can be understood when read in conjunction with the following drawings, where

like structure is indicated with like reference numerals and in which:

[0008] FIG. 1 schematically depicts an example system for predicting airport passenger

flow, according to one or more embodiments shown and described herein,;

[0009] FIG. 2 schematically depicts the computing device of FIG. 1, according to one or

more embodiments shown and described herein;

[0010] FIG. 3A depicts example passenger scan data, according to one or more

embodiments shown and described herein;

[0011] FIG. 3B depicts an example passenger arrival histogram, according to one or more

embodiments shown and described herein;

[0012] FIG. 4 graphically depicts a method of determining a continuous passenger flow

profile curve, according to one or more embodiments shown and described herein;

[0013] FIG. 5 depicts example sinusoidal exponential membership functions that may be
used in determining a continuous passenger flow profile curve, according to one or more

embodiments shown and described herein;

[0014] FIG. 6 graphically depicts a plurality of flight similarity matrices, according to one

or more embodiments shown and described herein;

[0015] FIG. 7 depicts two example passenger flow profile curves, according to one or

more embodiments shown and described herein;

[0016] FIG. 8 shows a graphical representation of a calculation of fitness value for a

Genetic Algorithm, according to one or more embodiments shown and described herein;

[0017] FIG. 9 shows an example generic population of chromosomes that may be used by

a Genetic Algorithm, according to one or more embodiments shown and described herein,;

[0018] FIG. 10 graphically depicts an example recirculation of fittest chromosomes from

a Genetic Algorithm, according to one or more embodiments shown and described herein,;
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[0019] FIG. 11 depicts an example daily evolution of an airport’s load factor for each day

of the week, according to one or more embodiments shown and described herein;

[0020] FIG. 12 graphically depicts a transformation from a continuous passenger flow
profile curve to a passenger flow histogram, according to one or more embodiments shown and

described herein;

[0021] FIG. 13 graphically depicts a computational step in the transformation from a
continuous passenger flow profile curve to a passenger flow histogram, according to one or more

embodiments shown and described herein; and

[0022] FIG. 14 depicts a flow chart of an example method that may be performed by the

system of FIG. 1, according to one or more embodiments shown and described herein.

DETAILED DESCRIPTION

[0023] The embodiments disclosed herein describe systems and methods for predicting
airport passenger flow. Accurate predictions of passenger flow through airports can be valuable
to airlines, airports, the Transportation Safety Administration (TSA), and other stakeholders. For
example, these entities may allocate staff, arrange queues, tailor advertisements, and optimize

other functions based on the number of passengers flowing through an airport at a given time.

[0024] In embodiments disclosed herein, passenger flow at an airport may be predicted
using a genetic algorithm that determines, for an upcoming flight, past flights that have similar
passenger flow. Passenger flow data for these past flights may be used to predict passenger flow
for the upcoming flight. For example, the number of passengers expected to arrive at the airport
at different times with respect to the upcoming flight may be predicted, as disclosed herein.
Predicted passenger flows associated with multiple flights departing from the same terminal at an
airport may then be aggregated or merged to determine an overall predicted passenger flow for
that terminal, as disclosed herein. This prediction may be made a day or more in advance of one
or more scheduled flights. Then, during the day of the one or more flights, data about the actual
number of passengers arriving at the airport may be used to dynamically update the prediction, as

disclosed herein.
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[0025] Turning now to the figures, FIG. 1 shows an example system 100 that may predict
passenger flow data, according to embodiments described herein. The system 100 includes a
computing device 101 and a scanning device 120, which may be communicatively coupled to each
other. In the illustrated example of FIG. 1, the computing device 101 and the scanning device 120
are shown as two separate devices. However, in other examples, the computing device 101 and

the scanning device 120 may be part of the same physical apparatus.

[0026] The computing device 101 of FIG. 1 includes one or more processors 102, a
communication path 104, one or more memory modules 106, a data storage component 108, and

network interface hardware 110, the details of which will be set forth in the following paragraphs.

[0027] Each of the one or more processors 102 may be any device capable of executing
machine readable and executable instructions. Accordingly, each of the one or more processors
102 may be a controller, an integrated circuit, a microchip, a computer, or any other physical or
cloud-based computing device. The algorithms discussed below may be executed by the one or
more processors 102. The one or more processors 102 are coupled to a communication path 104
that provides signal interconnectivity between various modules of the computing device 101.
Accordingly, the communication path 104 may communicatively couple any number of
processors 102 with one another, and allow the modules coupled to the communication path 104
to operate in a distributed computing environment. Specifically, each of the modules may operate
as a node that may send and/or receive data. Asused herein, the term “communicatively coupled”
means that coupled components are capable of exchanging data signals with one another such as,
for example, electrical signals via conductive medium, electromagnetic signals via air, optical

signals via optical waveguides, and the like.

[0028] Accordingly, the communication path 104 may be formed from any medium that
is capable of transmitting a signal such as, for example, conductive wires, conductive traces,
optical waveguides, or the like. In some embodiments, the communication path 104 may facilitate
the transmission of wireless signals, such as WiF1, Bluetooth®, Near Field Communication (NFC)
and the like. Moreover, the communication path 104 may be formed from a combination of
mediums capable of transmitting signals. In one embodiment, the communication path 104
comprises a combination of conductive traces, conductive wires, connectors, and buses that
cooperate to permit the transmission of electrical data signals to components such as processors,

memories, sensors, input devices, output devices, and communication devices. Additionally, it is
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noted that the term "signal" means a waveform (e.g., electrical, optical, magnetic, mechanical or
electromagnetic), such as DC, AC, sinusoidal-wave, triangular-wave, square-wave, vibration, and

the like, capable of traveling through a medium.

[0029] The computing device 101 includes one or more memory modules 106 coupled to
the communication path 104. The one or more memory modules 106 may comprise RAM, ROM,
flash memories, hard drives, or any device capable of storing machine readable and executable
instructions such that the machine readable and executable instructions can be accessed by the one
or more processors 102. The machine readable and executable instructions may comprise logic
or algorithm(s) written in any programming language of any generation (e.g., 1GL, 2GL, 3GL,
4GL, or 5GL) such as, for example, machine language that may be directly executed by the
processor, or assembly language, object-oriented programming (OOP), scripting languages,
microcode, etc., that may be compiled or assembled into machine readable and executable
instructions and stored on the one or more memory modules 106. Alternatively, the machine
readable and executable instructions may be written in a hardware description language (HDL),
such as logic implemented via either a field-programmable gate array (FPGA) configuration or an
application-specific integrated circuit (ASIC), or their equivalents. Accordingly, the methods
described herein may be implemented in any conventional computer programming language, as
pre-programmed hardware elements, or as a combination of hardware and software components.

The memory modules 106 are discussed in more detail below in connection with FIG. 2.

[0030] Referring still to FIG. 1, the example computing device 101 includes a data storage
component 108. The data storage component 108 may store a variety of data used by the
computing device 101, as disclosed herein. For example, the data storage component 108 may
store flight data and/or model parameters used by the computing device 101 to predict passenger

flow, as disclosed herein.

[0031] Still referring to FIG. 1, the computing device 101 comprises network interface
hardware 110 for communicatively coupling the computing device 101 to external devices such
as the scanning device 120. For example, the network interface hardware 110 may
communicatively couple the computing device 101 to the scanning device 120 such that data may
be transmitted from the scanning device 120 to the computing device 101. The network interface
hardware 110 can be communicatively coupled to the communication path 104 and can be any

device capable of transmitting and/or receiving data via a network. Accordingly, the network
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interface hardware 110 can include a communication transceiver for sending and/or receiving any
wired or wireless communication. For example, the network interface hardware 110 may include
an antenna, a modem, LAN port, Wi-Fi card, WiMax card, mobile communications hardware,
near-field communication hardware, satellite communication hardware and/or any wired or

wireless hardware for communicating with other computing devices.

[0032] Still referring to FIG. 1, the scanning device 120 may scan boarding passes or other
documents associated with airline passengers and may retrieve data associated with the passenger.
In embodiments, the scanning device 120 may be an apparatus located at a security checkpoint or
elsewhere in an airport. Passengers may be required to scan their boarding pass for security
purposes in order to pass through the security checkpoint and board a flight. When the scanning
device 120 scans a boarding pass, the scanning device 120 may access a database (e.g., by
communicating with an external server maintained by the airport or airline) and may retrieve data
associated with the passenger. For example, the scanning device 120 may receive flight
information associated with the passenger (e.g., a flight number, destination, and departure time
for a flight that the passenger is scheduled to take), the number of bags the passenger has checked
in, whether the passenger uses TSA PreCheck, and the time that the boarding pass was scanned.
The information retrieved by the scanning device 120 may be transmitted to the computing device

101 and may be utilized by the computing device 101, as disclosed in further detail below.

[0033] Referring now to FIG. 2, the one or more memory modules 106 include a data
retrieval module 200, a data preprocessing module 202, a relative arrival time determination
module 204, a histogram determination module 206, a continuous distribution determination
module 208, a flight similarity determination module 210, a genetic algorithm module 212, a
seasonality scaling module 214, a passenger flow prediction module 216, a discrete distribution
determination module 218, a flight prediction merging module 220, and a dynamic updating
module 222. Each of the data retrieval module 200, the data preprocessing module 202, the
relative arrival time determination module 204, the histogram determination module 206, the
continuous distribution determination module 208, the flight similarity determination module 210,
the genetic algorithm module 212, the seasonality scaling module 214, the passenger flow
prediction module 216, the discrete distribution determination module 218, the flight prediction
merging module 220, and the dynamic updating module 222 may be a program module in the

form of operating systems, application program modules, and other program modules stored in
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one or more memory modules 106. Such a program module may include, but is not limited to,
routines, subroutines, programs, objects, components, data structures and the like for performing

specific tasks or executing specific data types as will be described below.

[0034] The data retrieval module 200 may retrieve data from the scanning device 120
and/or from other computing devices, as disclosed herein. As discussed above, the scanning
device 120 may scan boarding passes of passengers in an airport (e.g., at a security checkpoint).
After a boarding pass is scanned by the scanning device 120, the scanning device 120 may extract
information associated with the boarding pass. This extracted information may be stored by the
scanning device 120 and/or transmitted to the computing device 101. In the illustrated example,
the scanning device 120 stores data extracted from passenger boarding passes for a plurality of
passengers during the day and transmits the extracted data to the computing device 101 at the end
of the day. However, in other examples, data may be transmitted from the scanning device 120

to the computing device 101 at other intervals.

[0035] In embodiments, the scanning device 120 may retrieve non-identifiable
information associated with a passenger’s boarding pass. By retrieving non-identifiable
information, privacy concerns may be alleviated. In some examples, the scanning device 120 may
scan a barcode and retrieve a string of characters associated with the passenger’s scheduled flight
based on the bar code. In the illustrated example, the information retrieved by the scanning device
120 and transmitted to the computing device 101 after scanning a passenger’s boarding pass may
include a flight number, a departure date and time, a destination airport, an airline, and a time that
the scan occurred. In other examples, the scanning device 120 may retrieve additional information
based on a scan of the boarding pass and may transmit this additional information to the computing

device 101.

[0036] The data retrieval module 200 may also retrieve data from other sources such as a
database associated with an airport that includes information about scheduled flights, total number
of passengers that pass through the airport every day, and average waiting time at security
checkpoints in the airport. This data may be retrieved from a database associated with the airport
or other servers or computing devices. In some examples, the data retrieval module 200 may

retrieve other data including weather forecasts, traffic reports, scheduled events around the airport,

and the like.
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[0037] The information associated with departing flight schedules retrieved by the data
retrieval module 200 may include departure times, destinations, airlines operating the flights,
flight numbers, equipment types, and a number of seats associated with each flight scheduled to
depart from an airport. The total number of passengers that pass through the airport every day
may be used to adjust for seasonality, as disclosed in further detail below. The average waiting
time at security checkpoints may be used to adjust for a time lag between when passengers arrive
at an airport and when they arrive at a departure gate. The average waiting time may be

determined by sensors or other hardware installed in an airport.

[0038] Referring still to FIG. 2, the data preprocessing module 202 may perform
preprocessing of data received by the data retrieval module 200. In the illustrated example, the
data retrieval module 200 receives one data file from the scanning device 120 every day. The
received data file may have a plurality of data entries, with each entry corresponding to a scan of
a boarding pass. The data preprocessing module 202 may filter the data in the received data file
to obtain clean data, as disclosed herein. For example, the data preprocessing module 202 may
filter out data entries having missing information, having a departure date not for the current date,
having the wrong departure airport, and the like. The data preprocessing module 202 may

maintain a record of data entries that were filtered out.

[0039] In the illustrated example, the data preprocessing module 202 may sort data entries
by flight and store data entries associated with different flights in a different file, referred to herein
as curated data files. The data preprocessing module 202 may perform this sorting based on flight
number but also other information, since flight numbers may not be unique. That is, different
airlines may utilize the same flight number for different flights. Accordingly, the data
preprocessing module 202 may consider airline, departure time, and destination, in addition to
flight number when sorting data entries by flight. The data preprocessing module 202 may also

remove duplicate data entries, which may be caused by scanning or data transmission errors.

[0040] Referring still to FIG. 2, the relative arrival time determination module 204 may
determine, for each data entry associated with a flight, a relative time that the scan occurred with
respect to the departure time of the flight. That is, the relative arrival time determination module
204 may determine how many minutes before a passenger’s scheduled flight their boarding pass
was scanned. This may indicate how early the passenger arrived at the airport with respect to the

departure time of their scheduled flight. This data may be used to predict airport passenger flow,
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as disclosed herein. As disclosed herein, the relative time between when a boarding pass is
scanned and the departure time of the associated flight may be referred to as a time until take-off

(TUTO).

[0041] Referring still to FIG. 2, the histogram determination module 206 may determine
a histogram for a flight, based on the data entries associated with that flight, indicating the TUTO
for all boarding passes that were scanned for that flight. Accordingly, the histogram determined
by the histogram determination module 206 may represent a snapshot of how early passengers

arrived for that particular flight.

[0042] FIG. 3A shows a plot indicating a TUTO for each passenger of a particular flight.
In the example of FIG. 3A, the first passenger’s boarding pass was scanned about 105 minutes
before the flight, the next passenger’s boarding pass was scanned about 100 minutes before the
flight, and the last passenger’s boarding pass was scanned about 35 minutes before the flight. The
histogram determination module 206 may group each of these data points indicating a passenger’s

boarding pass being scanned into bins based on the TUTO.

[0043] In the illustrated example, the histogram determination module 206 groups the data
points into bins of 15-minute intervals. That is, the histogram determination module 206 may
determine how many passengers arrived between 0-15 minutes before the flight, how many
passengers arrived between 15-30 minutes before the flight, how many passengers arrived
between 30-45 before the flight and so on. However, in other examples, the histogram
determination module 206 may group the data points into bins of any other interval. In the
illustrated example, the histogram determination module 206 considers a window of 4 hours (240
minutes) before a flight for grouping TUTO data. However, in other examples, any other window

of time before a scheduled flight may be considered.

[0044] FIG. 3B shows an example histogram that may be created by the histogram
determination module 206 based on the data from FIG. 3A. That is, FIG. 3B indicates the number
of passengers having a TUTO within each 15-minute interval before a scheduled flight. FIG. 3B
also shows an example continuous distribution 300 that may be generated based on the histogram

of FIG. 3B, as disclosed in further detail below.
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[0045] Referring back to FIG. 2, the continuous distribution determination module 208
may transform the histogram determined by the histogram determination module 206 into a
continuous distribution, such as the continuous distribution 300 of FIG. 3B, as disclosed herein.
While a histogram may provide an accurate indication of the number of passengers whose
boarding passes were scanned within each 15-minute interval before a flight, a discrete set of data
points that comprise a histogram may be more difficult to manipulate for the other operations of
the passenger flow prediction performed by the computing device 101 disclosed herein. Instead,
a continuous distribution based on the histogram may be easier to work with for the various
mathematical operations performed by the computing device 101. Accordingly, the continuous
distribution determination module 208 may transform a discrete histogram into a continuous
distribution. The continuous distribution may represent a passenger flow profile curve for a

particular flight, indicating passenger flow through the airport for the flight.

[0046] To perform this transformation, the continuous distribution determination module
208 utilizes two parameters. The first parameter, T, specifies a separation between every pair of
adjacent points in the time axis of the continuous output. The second parameter, w, specifies a
length of a sliding window that will traverse the discrete events, weighting the number of data

points seen. In the illustrated example, T must be less than or equal to w/2.

[0047] In the illustrated example, for each sliding window, the relative position of a scan
is weighted with respect to the center of the window using a sinusoidal distribution as the
membership function. This can be seen as a fuzzy membership function or a soft gating strategy.
FIG. 4 shows a graphical representation of the sliding window’s usage and the composition of the
continuous function using the sinusoidal membership function for the fuzzification of the discrete

events.

[0048] In the illustrated example, the sinusoidal membership function is chosen because
it satisfies the following conditions:

e tangent to the horizontal axis with a null value in both extremes;

e bounded within the window;

e with a unitary maximum value and tangent to the horizontal axis in the center;

e symmetric and smooth;
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e with two inflection points located at the first and third quarters of the range;

e with antisymmetric behavior in the change from the left corner until its first inflection

point and the change from the inflection point to the center

[0049] The Gaussian, Cauchy, or other membership functions with infinite range in the
input dimension fail to satisfy these conditions. However, the sinusoidal membership function
satisfies these conditions. In some examples, an exponent may be applied to each of the values of
the sine function to make it flatter in the center or in the extremes at will. FIG. 5 depicts the shapes
of different possibilities for the sinusoidal exponential membership function for the range of the
sliding window. In the example of FIG. 5, the curves have been generated with the parameter
ranging from O to 40 in steps of 0.6. The tangency of the extremes and the center is preserved, as

well as its symmetric nature and the values of the corners and the mid-point.

[0050] Referring back to FIG. 2, the flight similarity determination module 210
determines past flights that are similar to a particular flight being analyzed (for which a passenger
flow prediction is to be made), as disclosed herein. The past flights may be used to predict
passenger flow for the flight being analyzed. In particular, for a particular flight for which a
passenger flow prediction is to be made, the computing device 101 may determine a weighted
average of passenger flow data associated with a plurality of similar flights (e.g., flights that have
similar passenger arrival patterns). As such, the flight similarity determination module 210 may
determine which past flights have similar passenger arrival patterns to a flight being analyzed such
that an appropriate weighted average may be performed. For example, when considering a
Tuesday 8:00 AM flight to Boston, it may be useful to consider the Tuesday 8:00 A M. flight to
Boston that occurred Tuesday of previous weeks. However, it may also be useful to determine
other flights that occurred on previous Tuesday either to Boston or to other destinations. As such,
the flight similarity determination module 210 may determine which past flights have the most
similar passenger flow profiles to the flight whose passenger flow is to be predicted, such that

those flights may be used to make the prediction.

[0051] In the illustrated example, each day of the week is treated independently. That is,
for a flight scheduled to depart on a Monday, only flights for previous Mondays will be
considered. Flights for other days of the week are presumed to be less similar than flights on the

same day of the week. As such, for a flight on a particular day of the week, the flight similarity
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determination module 210 will only consider past flights that took place on the same day of the

week.

[0052] In the illustrated example, the index d refers to a particular day of the week. In the
illustrated example, the flight similarity determination module 210 considers flights from the past
Q weeks, where Q may be a user-specified parameter. The reference of the flights of the predicted
day may be denoted as f1;(0), where O is the index that identifies the week (e.g., O identifies
flights occurring the same day as the flight being analyzed). Analogously, the reference of the
flights of the same day ® weeks ago may be denoted as fl;(—w), where ® is bounded between 1
and Q. In embodiments, the flight similarity determination module 210 builds an input similarity
matrix V;(0, —w) that compares the flights of f1;(0) and fl;(—w). This matrix is referred to as
an input similarity matrix because it is based on input data associated with a flight (e.g., departure

time, flight number, airline, and the like).

[0053] The flight similarity determination module 210 then sorts the entries of this input
similarity matrix for each of the scheduled flights, thereby obtaining a sorted matrix V; (0, —w)
for each flight in f1;(0). Finally, the flight similarity determination module 210 extracts the first
A flights of V;(0, —w) for each scheduled flight in f1;(0). The flight similarity determination
module 210 may repeat this calculation for the last Q weeks to obtain the set of flights that will
be used to predict the future passenger flow for each scheduled flight in f1;(0).

[0054] FIG. 6 graphically depicts the process performed by the flight similarity
determination module 210. In the example of FIG. 6, the columns 600, 602, 604, and 606
graphically depict input similarity matrices between flights for week -1, week -2, week —o, and
week —Q, respectively, and week 0. The similarity matrices in row 608 represent similarity
matrices V,; and the similarity matrices in row 610 represent sorted similarity matrices V;. In the
example similarity matrices of FIG. 6, each square represents a similarity score between a previous
flight and a flight being analyzed, with a darker shading representing a higher similarity, which

may be calculated as discussed below.

[0055] In embodiments, the flight similarity determination module 210 may determine an
input similarity score between two flights a and b based on input features including boarding times
of the two flights time, and time,, destinations of the two flights dest, and desty, the airline

or operating carrier of the two flights carr, and carr,, the flight number of the two flights
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flnum, and flnum,, and the number of seats of the two flights seats, and seats,. In
particular, the flight similarity determination module 210 may determine the similarity score sa b

between the two flights a and b using the following equation:

ptime dest  carr flnum __seats
in _ a,b +v a.b +v a.b +Ua b +Ua b h
sqy = - , where

Wy

Vi = - - ;
time ™ . +|timey—timep|’

_ {W3 if dest, = dest,
Vdest =1 0 if dest, # dest,

wy if carry = carr,

% = .
carr { 0if carry # carry,’

ws If flnum, = flnum,,
Vfinum = ¢ ; ; and
if flnum, # flnum,
— We
Useats = wo+|seatsg—seatsp|’
[0056] In the equation above, wi, w2, w3, w4, Ws, We, and w7 are weights that are to be

chosen, as disclosed herein. In particular, the weights may be determined such that two flights
that have a high similarity score s have similar passenger flow profiles, as determined by the
continuous distribution determination module 208 discussed above. Because an airport has a large
number of flights, each having different parameters, the flight similarity determination module
210 may determine the weights in the above equation so as to minimize the difference between
similarities for the entire set of comparisons between the flight being analyzed and past flights, as
disclosed herein. To accomplish this, an output similarity between two passenger flow profiles
output by the continuous distribution determination module 208, s2%" may be determined using

the following equation:

1+\/M M lfa ) = f()]?
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where M is the total number of points to be evaluated in the fa and fv curves representing passenger
flow profiles for flights a and b. That is, the values of the passenger flow profiles for the flights

and b are compared at each time ti, as shown in FIG. 7.

[0057] In embodiments, the genetic algorithm module 212 may determine the parameters
W1, W2, W3, W4, Ws, We, and w7 stochastically by solving this optimization problem using a Genetic
Algorithm, as disclosed herein. In order to optimize the parameters, the genetic algorithm module
212 focuses only on weeks -1 to Q. That is, the genetic algorithm module 212 excludes the week
of the flight for which the prediction is being made since passenger flow profiles are not yet
available for that week. Initially, the genetic algorithm module 212 computes all of the input
similarity matrices for day d, V;(—1, —w), w € [—2,2]. The genetic algorithm module 212 also
computes the output similarity matrices based on comparisons of the passenger flow profiles,
denoted as F;(—1, —w), w € [—2,]. The input similarity is based on the input features, which
depend on the selection of the weights, which are variable through the optimization process, while
the output similarity based on the outputs is fixed. By convention, the symbol V is used for

variable and the symbol F is used for fixed.

[0058] The genetic algorithm module 212 then determines difference matrices, Dy,
defined as Dy;(—1, —w) =V (-1, —w) — F;(—1, —w), w € [r,c]. Thatis a difference matrix
comprises a difference between an input matrix and an output matrix. The genetic algorithm
module 212 then adds the information of each entry in these matrices defining a figure of accuracy

pa(—1, —w) using the following equation:

Ncols Nrows

pa(-1-w) = D' > Dy(~1,-w)[r,c]

c=1 r=1

where n.ys and n,,,s are the dimensions of D;(—1, —w), which match with the length of

fly(—=1) and fl;(—w), respectively. Finally, the fitness function of the problem is the inverse of

the average of the accuracies pé. FIG. 8 shows a graphical representation of the calculation of the
d

fitness value for the Genetic Algorithm.

[0059] Each chromosome of the Genetic Algorithm has 7 genes that represent the weights
for the calculation of the input data-based similarity matrices. Each chromosome generates a total

of Q-1 V4 matrices that are subsequently compared to the Fa matrices. Throughout the epochs of
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the evolution process, the Fa matrices may be stored and queried rather than re-generated at every
iteration to reduce the needed computations. FIG. 9 shows an example generic population of
chromosomes, their associated matrices, and the resulting fitness values obtained after the
calculation of the Dy matrices. In the example of FIG. 9, each chromosome generates Q-1 matrices
of V4 type and Q-1 matrices of Dg type. In the end, the D4 matrices are converted into a fitness

value that is used in the optimization process of the Genetic Algorithm.

[0060] The discussion above has been with respect to a single day of the week, d. In
embodiments, the genetic algorithm module 212 may carry out the same optimization process for
each of the 7 calendar days of the week. That is, 7 Genetic Algorithms may obtain different
optimal parameters for each day of the week. This results in 49 parameters (7 weights for each of
7 days). It may be desirable to occasionally correct and update the parameters. In the illustrated
example, the parameters are re-optimized every week. However, in other examples, the
parameters may be re-optimized after any time period. In embodiments, a recirculation of some
of the fittest chromosomes from the prior Genetic Algorithm may be incorporated to reduce the

computational cost, as shown in FIG. 10.

[0061] Referring back to FIG. 2, the seasonality scaling module 214 may be used to adjust
passenger flow predictions for seasonality. As discussed above, passenger flow predictions for a
flight may be made based on flights from previous weeks having similar passenger flow profiles.
However, if a flight from a previous week occurred on a holiday, the data may not be applicable
to a flight occurring in a different that is not a holiday. Accordingly, the seasonality scaling

module 214 may account for such seasonality, as disclosed herein.

[0062] In particular, the seasonality scaling module 214 may utilize data from past years
to scale the passenger flow profile curves of the current year so that fair comparisons between
flights can be made. In embodiments, a load factor Ey(d(—w)) for a day d of a week —o for a
year y may be defined as the ratio between the total number of passengers that came into the
airport that day of the year, and the total number of seats available aggregating the seats for all

flights for that day of the year, as shown in the following equation.

Passengers for day d(—w) in year y

§y(d(-w) = Seats for day d(—w) in year y
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[0063] A load factor LF(f) for a particular flight f may be defined as the ratio between the
number of passengers that boarded the flight f and the total number of seats available for that

particular flight, as shown in the following equation.

Passengers boarded in f

LE(f) =

Seats available in f

[0064] FIG. 11 shows an example daily evolution of an airport’s load factor for each day
(bounded between 0 and 1). The horizontal axis uses the day index d(-w) to represent the o™ week

before the 0™ week for which a passenger flow prediction is being made.

[0065] The load factor for the day can be approximated as the average of the load factors
of each individual flight that same day. If fl;, (—w) represents the indices of the flights for that

given day, and [f] identifies a specific entry in the vector, then

Nflights
fy(d(—w)) & Z LF(fld,y(—w) [f])» with Nrlights = |ﬂd,y(—w)|
Nrlights =
[0066] Thus, when using the continuous passenger flow curves of a flight f1; o(—w) for

the prediction of f1;,(0) [g] (for a given g), the seasonality scaling module 214 may correct the
load factor with the transformation S(+), considering the information from the previous year to

the prediction &1, as

§_1(d(0))
LE(l - =LF(flgo(— —_—
FILF(fao)ID] = LF (Fla D s
[0067] Nevertheless, this transformation may result in a value that is bigger than 1, and all

the load factors should be bounded between 0 and 1. Thus, the seasonality scaling module 214

may apply the following correction,

LF'(flao(=)If1) = 8 [B[LF (flao(-)If])]|

1ifx>1

where 9(x) = {0 if x <0
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[0068] The corrected number of passengers P’(-) for that flight can be calculated from the

total number of seats S(-), as

P'(flao(—=a)[f1) = S(flao(=@)If]) - LF'(flao(—a)[f])

[0069] Finally, the seasonality scaling module 214 may scale the curve with the factor k,

as

 $.(d@)
(o)) O [BRF(Flan D] 7 (o) D)

 LF(flao(—w)If]) LF(flgo(—w)[f]) LF(flgo(—w)[f])

[0070] The seasonality scaling module 214 may multiple each of the segments of the
passenger profile curve by the factor k. For optimization purposes, the seasonality scaling module
214 may apply the scaling factors as the similarity matrices are being populated without storing
the scaled curves. After the most similar flights are chosen, the seasonality scaling module 214
again performs the scaling to those curves that will be used for the prediction. As such, the

seasonality scaling module 214 may account for seasonality in making passenger flow predictions.

[0071] Referring back to FIG. 2, the passenger flow prediction module 216 may predict
passenger flow for a flight, as disclosed herein. In particular, the passenger flow prediction
module 216 may predict passenger flow for a flight based on similar past flights determined by
the flight similarity determination module 210 and scaled by the seasonality scaling module 214.
In embodiments, the passenger flow prediction module 216 may determine a weighted average of
the passenger profile curves for the most similar flights determined by the flight similarity
determination module 210, as adjusted by the seasonality scaling module 214. As such, the
passenger flow prediction module 216 may determine a predicted passenger profile curve for a
flight. The passenger flow prediction module 216 may similarly predict a passenger profile curve

for any number of scheduled flights.

[0072] Referring still to FIG. 2, the discrete distribution determination module 218 may
transform the continuous passenger profile curve determined by the passenger flow prediction
module 216 into a histogram comprising a discrete distribution of TUTO data points for a flight.
Effectively, the discrete distribution determination module 218 may perform the opposite function

of the continuous distribution determination module 208. That is, while the continuous
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distribution determination module 208 transforms a passenger flow histogram into a continuous
passenger profile curve, the discrete distribution determination module 218 transforms a
continuous passenger profile curve into a passenger flow histogram. While a continuous
passenger flow curve is more appropriate for performing the operations of the passenger
prediction algorithm described herein, a histogram may be better suited for presenting the results
of the prediction algorithm. Thus, the discrete distribution determination module 218 may

determine a passenger flow histogram, as disclosed herein.

[0073] In embodiments, the width of the histogram bars is represented by the variable r.
In the illustrated example, the value of r is set at 15 minutes. However, in other examples, other
intervals may be used for the value of r. In addition, in the illustrated example, the discrete
distribution determination module 218 determines the histogram for intervals up to 3 hours before
a scheduled flight, such that passenger arriving more than 3 hours before their flight would not be
considered. However, in other examples, other lengths of time before scheduled flights may be
considered. FIG. 12 graphically depicts a transformation from a continuous passenger flow profile

curve 1200 to a passenger flow histogram 1202.

[0074] To perform the transformation, the discrete distribution determination module 218
considers the sum of segments within each bin of the histogram (as defined by the resolution r),
and divides this sum by the total sum of segments under the area, resulting a fraction, as depicted
in FIG. 13. The discrete distribution determination module 218 then adds or subtracts a fraction
of any variance of the segments enclosed within a bin if there is a peak or a valley within the bin,
respectively. The variance may also be weighted by the proximity of the peak or valley to the
center of the bin, making a zero contribution if these occur in either extreme of the bin and

maximum if in the center.

[0075] Lastly, the discrete distribution determination module 218 performs an iterative
algorithm to get integer predictions in the histogram’s bars, as the predicted number of passengers
in each time interval should be a whole number. In particular, the discrete distribution
determination module 218 divides the fractional portion of the bins so that the entire histogram

adds up to the total number of people forecasted for a particular flight.

[0076] The discrete distribution determination module 218 begins this iterative algorithm

by rounding the bar whose fractional value is closest to an integer value. The remaining fractional
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mass (negative or positive) that has been added or subtracted is shared between the two neighbor
bars equally (provided that these bars are still fractional). If there is only one neighbor bar with
fractional values, then the mass is transmitted fully to this bar. If there are no neighbor bars with
fractional values, then the mass is discarded. After applying this to one bar, the discrete
distribution determination module 218 applies the same process to all of the remaining non-integer
bars. The remaining mass with number of people to distribute along the bars is applied at each

step.

[0077] Referring back to FIG. 2, the flight prediction merging module 220 may merge
histogram data determined by the discrete distribution determination module 218 from multiple
flights. As discussed above, the discrete distribution determination module 218 outputs a
histogram representing predicted passenger flow for one particular flight. However, it may be
more useful to predict passenger flow for an entire airport terminal of an airport. As such, the
flight prediction merging module 220 may merge the histograms for all flights of a given day at
an airport terminal to generate a histogram representing predicted passenger flow for the terminal

during one day.

[0078] Referring still to FIG. 2, the dynamic updating module 222 may dynamically
update passenger flow predictions at an airport based on actual data retrieved during the day of
flights for which predictions were made. As disclosed above, the computing device 101 may
predict passenger flow for one or more flights based on previous flights that are expected to have
similar passenger flow profiles. As such, the predictions may be made a day or more ahead of
time. However, during the actual day of the flight, as actual passenger flow data is gathered, the

predictions may be updated based on this data, as disclosed herein.

[0079] In the illustrated example, the dynamic updating module 222 uses the Cluster-first
Explainable FuzzY-based Deep self-Reorganizing Algorithm (CEFYDRA) to dynamically update
passenger flow predictions. However, in other examples, other algorithms may be used.
CEFYDRA is capable of making predictions in multiple input and multiple output problems. As
such, CEFYDRA may be used to extract a linear approximation that was triggered for each of the
multiple outputs. The dynamic updating module 222 may utilize these results to dynamically

update the passenger flow predictions.
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[0080] FIG. 14 depicts a flowchart of an example method that may be performed by the
computing device 101 to predict airport passenger flow. At step 1400, the data retrieval module
200 receives data from the scanning device 120 comprising non-identifiable information about
airline passengers and flights determined by the scanning device 120 based on scans of boarding
passes. Inthe illustrated example, the data received by the data retrieval module 200 may include,
for each scan of a passenger’s boarding pass, a flight number, a departure date and time, a
destination airport, an airline, and a time that the scan occurred. The data retrieved by the data
retrieval module 200 may be stored in the data storage component 108. In the illustrated example,
the data retrieval module 200 receives data from the scanning device 120 once per day. However,
in other examples, the data retrieval module 200 may receive data from the scanning device 120

at other intervals.

[0081] At step 1402, the data preprocessing module 202 filters the data received by the
data retrieval module 200. In the illustrated example, the data preprocessing module 202 may
remove data having missing or invalid information, remove duplicate entries, and sort data entries
by flight. In other examples, the data preprocessing module 202 may perform other types of data

preprocessing.

[0082] At step 1404, the relative arrival time determination module 204 determines
relative arrival times of passengers for one or more flights with respect to the departure times of
the flights based on the data received by the data retrieval module 200. In particular, for each scan
of a boarding pass performed by the scanning device 120 for one or more flights, the relative
arrival time determination module 204 determines how many minutes before the scheduled flight

associated with the boarding pass that the boarding pass was scanned (the TUTO).

[0083] At step 1406, the histogram determination module 206 determines histograms
comprising TUTOs of passengers for one or more flights. In the illustrated example, for each of
one or more flights, the histogram determination module 206 determines a histogram comprising
a number of passengers whose boarding pass was scanned in each 15 minute interval before the
scheduled departure time. However, in other examples, the histogram determination module 206

may determine histograms based an interval other than 15 minutes.

[0084] At step 1408, the continuous distribution determination module 208 transforms one

or more histograms determined by the histogram determination module 206 to continuous
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passenger profile curves using the techniques described above. In particular, the continuous
distribution determination module 208 determines a continuous curve that approximates the

TUTOs for the passengers of one or more flights.

[0085] At step 1410, the flight similarity determination module 210 determines one or
more input similarity matrices between a flight whose passenger flow profile is to be predicted
and a plurality of past flights using the techniques described above. In particular, the flight
similarity determination module 210 determines input similarity matrices indicating an input
similarity between the flight to be predicted and a plurality of past flights that took place on the

same day in previous weeks.

[0086] At step 1412, the seasonality scaling module 214 applies seasonality scaling to the
passenger profile curves determined by the continuous distribution determination module 208
using the techniques described above. In particular, the seasonality scaling module 214 adjusts
the passenger profile curves for flights based on passenger profile curves that occurred on the
same day in previous years. This may adjust the passenger profile curves for holidays so that they

can be properly compared to other passenger profile curves on non-holidays.

[0087] At step 1414, the flight similarity determination module 210 determines one or
more output similarity matrices between the flight whose passenger flow profile is to be predicted
and a plurality of past flights using the techniques described above. The output similarity matrices
may be determined based on a comparison of passenger flow profiles between different flights as
scaled by the seasonality scaling module 214. In particular, the flight similarity determination
module 210 determines output similarity matrices indicating an output similarity between the
flight to be predicted and the plurality of past flights for which the input similarity matrices were

determined.

[0088] At step 1416, the genetic algorithm module 212 uses a genetic algorithm to
determine the weights to be used for the parameters of the input similarity score as described
above. In particular, the genetic algorithm module 212 uses a genetic algorithm to determine the
weights to be used for the input similarity score such that the difference between the input

similarity matrices and the output similarity matrices are minimized.
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[0089] Ag step 1418, the flight similarity determination module 210 determines a
predetermined number of past flights that have the highest similarity score to the flight to be
predicted using the weights determined by the genetic algorithm module 212. At step 1420, the
passenger flow prediction module 216 predicts a passenger flow profile for the flight to be
predicted based on the flights having the highest similarity score as determined by the flight
similarity determination module 210. In particular, the passenger flow prediction module 216
determines a weighted average of the passenger flow profiles of the most similar previous flights.
As such, the passenger flow prediction module 216 determines a predicted continuous passenger
flow profile for a flight. The passenger flow prediction module 216 may similarly predict a

passenger flow profile for any number of flights.

[0090] At step 1422, the discrete distribution determination module 218 determines the
passenger flow profiles predicted by the passenger flow prediction module 216 to passenger flow
histograms using the techniques described above. In the illustrated example, for each of one or
more flights, the discrete distribution determination module 218 determines a histogram indicating
a predicted number of passengers having a TUTO within each 15 minute interval before the
scheduled flights. However, in other examples, the discrete distribution determination module
218 may determine a histogram indicating the predicted number of passengers having a TUTO

within other interval lengths.

[0091] At step 1424, the flight prediction merging module 220 merges histograms
determined by the discrete distribution determination module 218 for a plurality of flights
scheduled to depart on the same day from the same airport terminal. As such, the flight prediction
merging module 220 may generate a histogram predicting passenger flow for one day for the entire

airport terminal.

[0092] It should now be understood that embodiments described herein are directed to
systems and methods for predicting airport passenger flow. Embodiments disclosed herein solve
the technical problem of predicting the number of passengers expected to pass through an airport
at different times of the day based on past data associated with passengers arriving at an passing

through an airport.

[0093] In embodiments described herein, a scanning device may scan passenger boarding

passes and extract data associated with those passengers’ scheduled flights. A computing device
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may predict passenger flow for an upcoming flight based on data regarding passenger flow for
past flights that took place on the same day of the week. A genetic algorithm may be used to
determine past flights that are most similar to the upcoming flight and those most similar flights

may be used to predict passenger flow for the upcoming flight.

[0094] After passenger flow is predicted for an upcoming flight, this data can be shared
with airports, airlines, or the TSA, among other entities. These entities may use this data to
allocate resources for particular times during the day. For example, passenger flow prediction
data may be used to determine how many security checkpoints to open at different times, how
many staff members should be working at different times, how lines at check-in or security check

points should be arranged, when to open and how many staff to use at airport restaurants, and the

like.

[0095] It is noted that the terms "substantially" and "about" may be utilized herein to
represent the inherent degree of uncertainty that may be attributed to any quantitative comparison,
value, measurement, or other representation. These terms are also utilized herein to represent the
degree by which a quantitative representation may vary from a stated reference without resulting

in a change in the basic function of the subject matter at issue.

[0096] While particular embodiments have been illustrated and described herein, it
should be understood that various other changes and modifications may be made without
departing from the spirit and scope of the claimed subject matter. Moreover, although various
aspects of the claimed subject matter have been described herein, such aspects need not be utilized
in combination. It is therefore intended that the appended claims cover all such changes and

modifications that are within the scope of the claimed subject matter.
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CLAIMS
1. A computing device comprising a controller configured to:

receive passenger data associated with a plurality of passengers based on scans of boarding

passes associated with the plurality of passengers at an airport;

determine time until takeoff data for the plurality of passengers based on the passenger
data, the time until takeoff data for a passenger comprising a relative difference between a time
when the passenger’s boarding pass was scanned and a departure time of a flight associated with

the passenger’s boarding pass;

determine one or more passenger flow histograms for one or more flights based on the
time until takeoff data, each passenger flow histogram indicating a number of passengers having
a time until takeoff within each of a predetermined number of time intervals before a scheduled

flight;

transform the passenger flow histograms into one or more continuous passenger flow

profile curves;

determine one or more input similarity matrices between a first flight and a plurality of
past flights based on input similarity scores between the first flight and the plurality of past flights,
the first flight and the past flights having scheduled departures on the same day of the week;

determine one or more output similarity matrices between the first flight and the plurality
of past flights based on passenger flow profile curves associated with the first flight and the

plurality of past flights;

determine a predetermined number of the plurality of past flights that are most similar to
the first flight based on the one or more input similarity matrices and the one or more output

similarity matrices; and

determine a predicted passenger flow profile curve for the first flight based on the
passenger flow profile curves associated with the predetermined number of the plurality of past

flights.
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2. The computing device of claim 1, wherein the passenger data comprises a flight number,
a departure date and time, a destination airport, and an airline associated with a passenger’s

scheduled flight, and a time that the passenger’s boarding pass was scanned.

3. The computing device of claim 1, wherein the controller is further configured to remove

entries from the passenger data having missing information or duplicate entries.

4. The computing device of claim 1, wherein the controller is further configured to transform
the passenger flow histograms into the one or more continuous passenger flow profile curves using

a sinusoidal membership function.

5. The computing device of claim 1, wherein the input similarity score between the first flight
and a past flight is based on a difference in departure times between the first flight and the past
flight, a difference in a number of seats between the first flight and the past flight, whether the
first flight and the past flight have the same destination, whether the first flight and the past flight
have the same airline, whether the first flight and the past flight have the same flight number, and
a plurality of weights.

6. The computing device of claim 5, wherein the controller is further configured to:

determine one or more difference matrices between the input similarity matrices and the

output similarity matrices; and

determine values of the plurality of weights such that values of the difference matrices are

minimized.

7. The computing device of claim 6, wherein the controller is further configured to determine

the weights using a genetic algorithm.

8. The computing device of claim 1, wherein the controller is further configured to:



WO 2023/018939 PCT/US2022/040167

28

determine seasonally adjusted passenger flow profile curves based on the one or more
continuous passenger flow profile curves and data associated with flights from one or more

previous years; and

determine the one or more output similarity matrices based on the seasonally adjusted

passenger flow profile curves.

0. The computing device of claim 1, wherein the controller is further configured to determine
the predicted passenger flow profile curve for the first flight based on a weighted average of the
passenger flow profile curves associated with the predetermined number of the plurality of past

flights.

10.  The computing device of claim 1, wherein the controller is further configured to transform
the predicted passenger flow profile curve for the first flight to a predicted passenger flow

histogram associated with the first flight.

11.  The computing device of claim 10, wherein the controller is further configured to merge
the predicted passenger flow histogram associated with the first flight and one or more other
passenger flow histograms associated with one or more other flights scheduled to depart from the
same airport terminal on the same day as the first flight to generate a second passenger flow

histogram associated with a plurality of flights.

12.  The computing device of claim 10, wherein the controller is further configured to:

receive actual passenger flow data associated with the first flight on the day that the first

flight 1s scheduled to depart; and

update the predicted passenger flow histogram associated with the first flight based on the

actual passenger flow data.

13. A method comprising:
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receiving passenger data associated with a plurality of passengers based on scans of
boarding passes associated with the plurality of passengers at an airport, the passenger data
comprising a flight number, a departure date and time, a destination airport, and an airline
associated with a passenger’s scheduled flight, and a time that the passenger’s boarding pass was

scanned;

determining time until takeoff data for the plurality of passengers based on the passenger
data, the time until takeoff data for a passenger comprising a relative difference between a time
when the passenger’s boarding pass was scanned and a departure time of a flight associated with

the passenger’s boarding pass;

determining one or more passenger flow histograms for one or more flights based on the
time until takeoff data, each passenger flow histogram indicating a number of passengers having
a time until takeoff within each of a predetermined number of time intervals before a scheduled

flight;

transforming the passenger flow histograms into one or more continuous passenger flow

profile curves;

determining one or more input similarity matrices between a first flight and a plurality of
past flights based on input similarity scores between the first flight and the plurality of past flights,
the first flight and the past flights having scheduled departures on the same day of the week;

determining one or more output similarity matrices between the first flight and the plurality
of past flights based on passenger flow profile curves associated with the first flight and the

plurality of past flights;

determining a predetermined number of the plurality of past flights that are most similar
to the first flight based on the one or more input similarity matrices and the one or more output

similarity matrices; and

determining a predicted passenger flow profile curve for the first flight based on the
passenger flow profile curves associated with the predetermined number of the plurality of past

flights.
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14. The method of claim 13, further comprising transforming the passenger flow histograms
into the one or more continuous passenger flow profile curves using a sinusoidal membership

function.

15. The method of claim 13, wherein the input similarity score between the first flight and a
past flight is based on a difference in departure times between the first flight and the past flight, a
difference in a number of seats between the first flight and the past flight, whether the first flight
and the past flight have the same destination, whether the first flight and the past flight have the
same airline, whether the first flight and the past flight have the same flight number, and a plurality
of weights.

16. The method of claim 15, further comprising:

determining one or more difference matrices between the input similarity matrices and the

output similarity matrices; and

using a genetic algorithm to determine the weights such that values of the difference

matrices are minimized.

17. The method of claim 13, further comprising:

determining seasonally adjusted passenger flow profile curves based on the one or more
continuous passenger flow profile curves and data associated with flights from one or more

previous years;

determining the one or more output similarity matrices based on the seasonally adjusted

passenger flow profile curves; and

determining the predicted passenger flow profile curve for the first flight based on a
weighted average of the passenger flow profile curves associated with the predetermined number

of the plurality of past flights.
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18. The method of claim 13, further comprising transforming the predicted passenger flow
profile curve for the first flight to a predicted passenger flow histogram associated with the first

flight; and

merging the predicted passenger flow histogram associated with the first flight and one or
more other passenger flow histograms associated with one or more other flights scheduled to
depart from the same airport terminal on the same day as the first flight to generate a second

passenger flow histogram associated with a plurality of flights.

19. The method of claim 18, further comprising:

receiving actual passenger flow data associated with the first flight on the day that the first

flight 1s scheduled to depart; and

updating the predicted passenger flow histogram associated with the first flight based on

the actual passenger flow data.

20. A system comprising:
a scanning device configured to scan boarding passes of airport passengers; and
a computing device configured to:
receive passenger data associated with a plurality of passengers from the scanning device;

determine time until takeoff data for the plurality of passengers based on the passenger
data, the time until takeoff data for a passenger comprising a relative difference between a time
when the passenger’s boarding pass was scanned and a departure time of a flight associated with

the passenger’s boarding pass;

determine one or more passenger flow histograms for one or more flights based on the
time until takeoff data, each passenger flow histogram indicating a number of passengers having
a time until takeoff within each of a predetermined number of time intervals before a scheduled

flight;
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transform the passenger flow histograms into one or more continuous passenger flow

profile curves;

determine one or more input similarity matrices between a first flight and a plurality of
past flights based on input similarity scores between the first flight and the plurality of past flights,
the first flight and the past flights having scheduled departures on the same day of the week;

determine one or more output similarity matrices between the first flight and the plurality
of past flights based on passenger flow profile curves associated with the first flight and the

plurality of past flights;

determine a predetermined number of the plurality of past flights that are most similar to
the first flight based on the one or more input similarity matrices and the one or more output

similarity matrices; and

determine a predicted passenger flow profile curve for the first flight based on the
passenger flow profile curves associated with the predetermined number of the plurality of past

flights.
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